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Abstract

As per World Health Organization (WHO) cardiovascular diseases (CVD) is one of the most prominent
causes of mortality rates all over the world. It is a main cause of death for 17.9 million lives each year.
CVDs encompass a variety of cardiac conditions inclusive of rheumatic heart disease, coronary heart
diseases, cardiomyopathy, arrhythmia, peripheral arterial disease and others. Many CVDs can be
prevented by addressing the risk factors like diabetes, obesity, unhealthy diet, consumption of tobacco,
harmful alcohol use.

CVDs can be treated effectively by early diagnosis. The proper diagnosis is possible by detecting the
cardiac disease. It can be detected by recording the cardiovascular signal using Electrocardiography
(ECQ), Echocardiography, Chest X-ray, Heart CT Scan, Doppler Ultrasound etc. They provided valuable
information regarding the electrical activity of heart. Cardiovascular signal represents the cardiac activity
going on inside our body. For instance, pathologic Q waves, ST elevation, negative T waves etc. indicate
acute myocardial infarction, the time interval between two consecutive R peak reveal the automatic
regulation of patient which gives information regarding severity of illness. Pulse wave analysis also used
for detection of many CVDs such as coronary artery disease, hypertension etc. Non-invasive
measurement tool like ECG is very useful for critical care of hemodynamically unstable patients.

Computerized analysis and interpretation of cardiovascular signals has been one of the focused areas of
research for electrical and electronics engineering. Analysis of cardiovascular signals has following
advantages: non-invasive, cost effective, suitable for real-time monitoring, diagnosis from remote
location and the parameters of analyzed signal are useful for clinical use. Due to its potentiality and
advantages, the improvement in methodology and application of cardiovascular signal analysis and
modeling will be promising in future. Modeling of cardiovascular signals can lead to diseases
classification, compression for effective data storage and generation of synthetic waveforms for medical
and engineering R&D applications. The proposed research aims to develop new methods for
cardiovascular signal modeling and analysis to enable automated detection and interpretation of cardiac
abnormalities. Advanced computational intelligence techniques, including deep learning, are employed to
extract highly relevant features from cardiovascular signals. These features are then used to build robust
and accurate models for cardiac assessment.
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Chapter 1

Introduction

Introduction to Biomedical Signal:

Human body consisting of different physiological system like nervous system, digestive system,
cardiovascular system, human skeleton system and many other systems [1], [2], [3]. Each system has
different function and they generates different types of biomedical or physiological signals. These
signals are used to extract clinical information for clinical analysis to understand the condition of the
subject and for proper diagnosis. Biomedical signal can be classified into seven classes on the basis of
there orgin. The biomedical signals are classified as bioelectrical, biomechanical, biochemical, bio-
optical, biomagnetic signal, bioacoustic, bio-impedance.

a)

b)

d)

f)

9)

Bioelectric Signal: These types of signals are generated by muscel cell and nervous system. The
cell membrane generate action potential under a certain condition. The bioelectric signals are
generated due to the action of many cells. Electrocardiogram (ECG), Electroencephalogram
(EEC) signals are bioelectric signal.

Biomechanical Signal: These signals are generated by the mechanical activity of physiological
system like pressure, flow, motion, displacement etc. For example, due to chest movement a
meachnical signal is generated which can be measure and analysed for diagnosis purpose.

Biochemical Signal: These types of signal can be generated from living tissue or in the pathology
at the time of sample analysis. For example, partial pressure of oxygen (O.), partial pressure of
carbon-di-oxide (CO,) etc.

Bio-optical Signal: These signals are results of optical function of physiological system. These
signals generated by fetching a light source the body part and the reflected rays are captured by
camera or detector. These signals have variety of application like pulse oximetry to measure heart
rate and oxygen saturation in red blood cell, cancer cell study etc.

Biomagnetic Signal: These are weak magnetic field produced by different organs of physiological
system like heart, brain, lungs. The magnetic field is extremly weaker than earth magnetic field
hence a strong detector is required to detect the signal. For example, Magnetocardiogram (MCG)
which is obtained by recording magnetic field of heart, Magnetoencephalogram (MEG) is
obtained from magnetic field of brain.

Bioacoustic Signal: These signals are captured from the sound of biological system like heart,
lungs, bowel etc. These signals are usually captured from animal to understand animal ecology
and to motior animal communication for analysising the effect of human noise on animal.

Bio-impedance Signal: These signal are used to measure the resistance capacity of body against a
flow of electrical current. Thus these signals are also known as bioelectrical impedance analysis
(BIA) signals. The most prominent factors which affect these type of signals are sex, weight,
height, skin type etc. They are used for measuring blood flow and composition of human body.

Different types of biomedical signal represents different type of energy which carries most important
information to understand the condition of different organs of human body. The computerized analysis
and interpretation of biomedical signals becomes a focused area of research for electrical, electronics
and computer engineering. In this work we have focused on ECG signal.
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As per World Health Organization (WHO) cardiovascular disease (CVD) is a most prominent cause of
mortality. In 2019, 17.9 million peopole died worldwide due CVDs which is 32% of global death. Out
of 17.9 million death, the main cause of 85% death was heart attack and stroke. The rate of death due
to CVDs can be decreased by constant motoring of cardiac activity and proper diagnosis. ECG signal
modeling and analysis plays a vital role for monitoring and detection of cardiac diseases.

1.2 Relation of Biomedical signal with time-series:

The biomedical signal are time—series signal [4]. It can be classified into two types depending on its
statistical properties namely stationary and non-stationary. The time series signal can be classified into
two types on basis of its behavioral properties namely, time variant and time invarient.

1.2.1. Stationary time-series:

In stationary time series the statistical charateristics of data points are independent of time. The
statistical characteristic like mean, variance, autocorrelation are remain constant over time. Staionary
time series has a great importance for forcasting of future data. Thus signal are transformed into
stationary time series for future value prediction. Random white noise are example of stationary time
series.

1.2.2. Non-stationary time-series:

In non-stationary time sries, the statistical characteristics of data points are changes over time. It is a
time dependent series where the characteristics of data points are different for each instant. Non-
stationary time-series exhibits seasonality, trend and pattern as it continuously changed with time. ECG
signal, PPG signal etc. are non-stationary time series.

1.2.3. Time invariant time-series:

In the time invarient time-series, the behavioral charcteristics like mean, spectral, variance etc. of the
data are not changed over time.

1.2.4. Time variant time series:

In time varient time-series, the data point in the sequence are changed over time. The underlying
relationship within the data like behavioural characteristics and parameters are not constant. In practical
case most of the data are time invariant. Few example of Time series data are sales data, stock pattern,
biomedical signal etc.

1.3 Mechanism of heart and its functioning

Heart is a muscular organ of cardiovascular system which pumps and circulates blood throughout the
body for delivering oxygen and neutrition to the tissue of whole body and removes carbon dioxide and
the waste products [5], [6], [7], [8]. It is located in front of chest, on the left side and in the thoratic
chamber which is anterior to the vertebral column and posterior posterior to the sternum. It is consists
of four chamber and the chambers are a) right atrium, b) left atrium, c) right ventricle and d) left
ventricle. The heart receives deoxygenated blood by the network of veins. The deoxygenated blood is
purified in cardiovascular system and the pure oxygenated blood circulates to the whole body by
arteries. Heart is most important organ of human body along with kidney and central nervous system.

Heart is protected in a enclosed sac which is known as pericardium. Pericardium is a cushioned two-
walled sac which protect the heart from mechanical damage using the outer layer known as, fibrous
pericardium. The heart is consists of three layers: epicardium, myocardium and endocardium. The blood
flow in the heart is unidirectional and it is controlled by two types of valves, viz., tricuspid and mitral
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valve. The heart is partitioned into right side and left side by a thick wall of muscle which is called as
septum.
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Fig.1.1: Blood flow through the heart [9]

The right atrium and right ventricle receives the oxygen-poor blood from whole body and returning the
blood to the lungs for purification. The left chambers of heart, combining with left atrium and left
ventricle supply the oxygenated blood to the whole body. The left and right chambers of heart contract
and expand at a same instant to recive the impure blood from the body and circulate the pure blood to
the whole body.

1.3.1. Blood circulation in the body through heart

A complete cardiac cycle means collection of impure blood from whole body and sending back pure
blood to all organs of the body. The superiour vena cava collect the impure bloods from upper organs
of body and the inferior vena cava from lower organs of the body to force fill the right atrium. After a
certain pressure of deoxygenated blood in right atrium the tricaspid valve is opened to pass the blood
to the right ventricle. Then the tricaspid valve is closed to prevent the returning back of blood to the
right atrium.

The right ventricle filled up by the blood and start contraction to pump the oxygen-poor blood to the
lungs. The pulmonary artery receives the blood through pulmonary valve and carry the blood to lungs
using two branches of it. The pulmonary valve is closed after transfering the blood to the artery to
restrict the flow back of blood to left ventricle.

In the lungs, the purification of deoxygenated blood takes place by transfering O, and expels CO,. The
pure oxygenated blood from lungs supplied to the left atrium of heart by pulmonary vein. Then the
mitral valve or biscuspid valve is opened due to the blood pressure of left atrium and the pure blood
flows through the left ventricle. After that, the mitral valve is closed to restrict back flow of pure blood.
Finally the oxygen rich blood is pumped to the whole body through aortic semilunar valve to the aorta.
The blood is supplied to the upper and lower part of the body through major arteries to feed each cell
of the body.
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1.4 Cardiovascular Disease

The heart beats to circulate blood in whole body and delivering oxygen rich blood to the each of the
body and removes waste product like CO, from the body [6]. The resting heart rate of an adult is usually
60 - 100 beats per minute. The heart rate is depending on various factors such as, age, gender, illness,
fitness, life style, medication etc. The heart rate indicates the condition of a heart. If the resting heart
rate incresed than a certain value, the risk of cardiovascular disease will be incresed.

CVDs can be classified into different type on the basis of various factors. CVDs mainly affect one or
various part of heart and blood vessels. As per WHO different types of CVDs are as follows:

a) Coronary Heart Disease: It is also known as coronary artery or ischemic heart disease. The main
reason of this type of heart disease is narrowing of coronary arteries who supplies the blood to
the heart muscle. This is occurs due to buildup of plaque in the arteries which restricts the blood
flow to the heart muscle.

b) Arrhythmia: This is irregular or abnormal heart beat due to problem in electrical conduction
system of heart.

¢) Cardiomyopathy: It is affected the muscle of heart and it becomes difficult for heart to pump the
blood.

d) Congenital Heart Disease: Defect in heart since birth which restrict the development and
functioning of heart.

e) Cerebrovascular Disease: It is also disease of blood vessels which supplies blood to the brain.

f) Peripheral Arterial Disease: Disease of blood vessels which are responsible for supplying blood
to the arms and legs.

g) Rheumatic Heart Disease: It is caused due to rheumatic fever by streptococcal bacteria which
affect the heart muscels and heart valves.

h) Deep Vein Thrombosis and Pulmonary Embolism: In deep vain thrombosis, blood clot develops
in the vein of lower extrimities of the body. Pulmonary embolism occurs when the blood clot
disldoge and travel towards the heart and lungs which may tend to life threatening.

Heart attack and stroke both are acute life risk condition which caused due to blockage of blood flow
to the heart and brain respectively. The main cause of heart attack and stroke is deposition of fatty
substance on the inner wall of blood vessels. Another reason of stroke is bleeding from blood vessels
in the brain or from any blood clots.

In our research we are focused on arrhythmia. It is a most prominent cardiovascular disease which can
cause heart attack.

15 Risk factors of CVDs:

CVD is a complex collection of disease and basically here are two types of risk factors such as
behavioral risk factors and environmental risk factors.

1.5.1. Behavioral risk factors:

Behavioral risk factors includes diabeties, obesity, high blood pressure, high LDL (Low density
lipoprotein) Cholesterol, smoking, unhealthy diet [10].

a) Diabetes: Diabetes is a chronic disease which may be caused due to insufficient production of
insulin hormone by pancreas or if the blood unable to use the insulin properly to regulate the
glucose of blood. The main source of glucose is carbohydrate from food and drinks. The glucose
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mainly supply the energy to human body. The level of glucose is controlled by insulin by helping
glucose to reach it’s final destination from the bloodstream. When the pancreas does not produce
sufficient amount of insulin hormone or blood cannot use the hormone, the glucose are bluidup in
the bloodstream which increases the sugar level in the blood. It is known as hyperglycemia or high
blood sugar. Another reason of high blood sugar is high intake of sugar from unhealthy diet. The
high blood sugar is another cause of coronary heart disease, heart attack, stroke.

b) Obesity: Obesity is accumulation of excess fat in the different part of body which has negative
impact on the body. It may be cause of differen cronic disease like heart disease, reproduction
problem, bone health issues, osteoarthritis, type 1l diabetis etc. As per WHO basic mass index
(BMI) is calculated by the ratio of weight in kg to height in Sg.m. The normal range of BMI of a
healthy person should be within 18.5 to 25 kg/m? When the range becomes more than 25 to
30kg/m?, it is considered as overweight and more than 30 kg/m? is considered as obesity. Obesity
increase the risk of heart disease like buildup of fatty substance on the arteries, high blood pressure,
heart failure, injure the heart muscels, atrial fibrillation, left ventricular hypertrophy, sudden
cardiac death etc.

¢) High Blood Pressure: High blood pressure is known as hypertension. It causes due to the high
pressure on the blood vessels. It is another risk factor of heart disease which may cause heart attack,
heart faliur when heart is unable to pump sufficient blood and oxygen to the different organ of the
body, chest pain by reducing blood flow to the heart which is known as angina, coronary artery
disease, enlarged heart, irregular heartbeat etc.

d) High LDL Cholesterol: High LDL cholesterol means increase the level of bad cholesterol. It can
deposite fatty substances on the arteries which in turn narrowing the passage of blow flow. If any
clot get blocked in the narrow passage, the chances of heart attack or stroke will be increased.

e) Unhealthy Diet: Unhealthy diet means consumption of saturated fat, excess salt and sugar. It is a
major risk factor for different types of chronic disease like obesity, diabeties, cardiovascular diease
etc.

f) Smoking: Smoking is an independent risk factor for coronary artery disease which may increase
the risk of heart attack 2-3 times more than a non-smoker patient. It damage the heart and blood
vessels and increase the probability of death due to CVDs.

1.5.2. Environmental Risk:

According to WHO, environmental risk factors increase the risk of heart disease. Air pollution is most
prominent environmental risk factor. Poor air quality increase the probability of cardiac disease, heart
attack, stroke. Environmental risk factors also includes noise pollution, season change, increase of
arsenic level in drinking water, light pollution etc.

1.6 Symptom of CVDs:

Symptoms of CVDs basically depends on type of cardiac disease but few systomps are common for
most of the CVDs. The usual symptoms of CVDs are chest pain, dizziness, shortness of breath, swelling,
palpitation, fatigue etc.

1.7 Detection of CVDs:

CVDs can be treated effectively by early diagnosis. The proper diagnosis is possible by detecting the
cardiac disease. There are various process to detect CVDs like Electrocardiography (ECG),
Echocardiography, Chest X-ray, Heart CT Scan, Doppler Ultrasound, Cardiac magnetic resonance
imaging (MRI) etc.
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1.7.1. Electrocardiography (ECG):

ECG is simple, non-invasive tool, used to record the tiny electrical signal impulse which is generated
in our heart and measure the electrical activity to detect cardiac abnormality for clinical analysis and
diagnosis purpose. It is very easy to capture the cardiac rhythm with minimal cooporation of the subject.
The recorded cardiac signal is known as Electrocardiogram signal or ECG signal. The signal is recored
and print for further analysis.

1.7.2. Echocardiography:

It is also a non-invasive method which provide images of heart and blood vessels in the closest region
of heart. It captures the images by ultrasound scan. It shows the structure of heart and heart valves to
detect cardiac disease. Though it is a painless and non-invasive method but the patient should not
consume any food for four hours prior to the test. The test takes 30 — 60 minutes and the report can be
received within few days.

1.7.3. Chest X-Ray:

It is an imaging technique which uses X-ray to capture the image of heart. It is a primary tool and
capture the image of heart, lungs and bone of chest.

1.7.4. Heart CT Scan:

It is also a non-invasive imaging method by using X-rays which provides detailed image of heart and
blood vessels for diagnosis purpose. This method is safe for adults but it is not recommended for
pregnant ladies and patient under radiation therapy. It can be two types, Coronary calcium scan which
shows buildup of calcium in the arteries of heart and CT Angiography which detect blockage or
narrowing in the arteries which are used to supply the blood to the heart.

1.7.5. Doppler Ultrasound:

This method shows the blood flow to the heart and blockage in the arteries of heart. Usually, it is used
for patient of coronary artery disease or atherosclerosis. It is also non-invasive and painless method for
cardiac disease detection.

1.7.6. Cardiac magnetic resonance imaging (MRI):

It is a non-invasive method which is used for assessment of cardiac function and heart structure. This
method is used for coronary heart disease, cardiomyopathy, congenital heart disease etc.

Among the above mentioned CVD detection method ECG is mostly used method which is recorded
cardiac rhythm for disease detection and primary diagnosis purpose.

1.8 Electrocardiography (ECG) :

ECG is a non-invasive tool for monitoring and detecting cardiac abnormality of a patient [5]. It is
captured the continuous electrical activity of heart which is originated at the upper region of right atrium
from sinoatrial (SA) node. At this node pacemaker cell sponteneously depolarize and repolarize at a
rate of 60 — 100 times/minute. The tiny electrical signal is spreaded over the atria at a speed of 4m/sec
to contract them together which produces a deflection on the ECG record, known as P-wave. Then the
electrical impulse is reached at the lower end of right atria, at atrioventricular (AV) node, through which
it can reach at the ventricles. A ring of fibrous tissue seperated the atrial myocardium and ventricles,
thus the conduction at AV node produces a pause between atrial conduction and ventricular conduction.
The pause is recorded as an equipotential segment on the ECG, known as PR segment. The electrical
impulses enter into the bundle of HIS. The bundle of HIS bifurcated into left and right bundle branches.
The contraction of ventricles starts together which shows a sharp upward and downward deflection on
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the ECG record which is called as QRS Complex. Among the bundle branches the left branch is divided
into anterior and posterior fascicle which help in conduction of left ventrical and the right bundle
branches prepare the path for conduction of right ventricle. The conduction is distributed over the
Purkinji Fibre to spread out in the left and right atria. The atria expands (repolarized) during the
ventricular contraction. Though, a feeble electrical impulse is generated but the ventricular activity
suppressed the impulse, hence the electrial activity cannot reflected on the ECG and the equipotential
segment is recorded as ST segment. Then the ventricles are repolarized together and the wave is noted
as T wave. A small deflection is recorded after T wave, known as U wave due to slow repolarization of
inter ventricular septum or ventricles. The recorded waveform for a single cycle is known as ECG beat
and ECG signal is formed by recording multiple consecutive ECG beats. The clinical pattern of a
healthy ECG beat is shown in Figure 2. and the conduction path of ECG signal is shown in Figure 3.

A complete cardiac cycle is consisting of P-wave, QRS complex and T-wave which are connected
through equipotential segments. The P wave and QRS complex are connected by PR segment and ST
segment connects the QRS segment to T wave. A small positive deflection is recorded after T wave and
before P-wave of next consecutive beat which is known as U-wave. These waves and segments are
important features of ECG beat. Each feature has range of duration and a specific morphology which
indicates the status of heart condition. Among these features R-peak is the most prominent feature of
ECG signal. Each feature of ECG has a conventional interpretation which are defined as under:

e Onset: The starting point of an electrical activity such as repolarization or depolarization
e Offset: The terminating point of an electrical activity such as repolarization or depolarization

e Interval : The onset point of one wave to onset/offset point of other wave like PR interval, ST
interval, QT interval, R-R interval.

e Segment : The equipotential area between offset of one wave to onset of next wave like PR segment
and ST segment.

e Wave duration or width: The time duration between onset and offset of same wave.

For a normal sinus rhythm or healthy cardiac rhythm the each wave, interval and segment has a certain
range of time duration. The conventional features and durations are shown in Table I.

P Wave: It is first positive deflection on the ECG recorder and the duration of this wave is 80 ms with
range of amplitude from 0.05 mV to 0.25 mV.

PR Segment: This is equipotential space between offset point of P-wave to onset point of QRS complex.
The time duration is 50 — 120 ms.

PR Interval : The interval between P-onset to onset of QRS Complex with 120-200ms duration.

QRS Complex: QRS complex is consisting of a negative deflection which is called as Q-point, then
prominent a positive deflection with amplitude 0.5mV to 3.0mV and ended with a negative deflection,
known as S point. The time duration of QRS complex is 80 — 120 ms.

J-point : J-point is Junction point between QRS Complex and ST segment i.e. end point of QRS complex
and starting point of ST segment.

ST Segment : It is a isoelectric segment between offset of S-point and onset of T-wave. The duration
of this segment is 80-120ms.

T Wave : The positive deflection after QRS complex is T-wave with 160ms duration.

ST Interval : The interval between S-offset to T-offset is ST interval which has 320 ms time duration.
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QT Interval : The interval between Q-onset to T-offset is QT interval. The time duration of this interval
is 420ms.

U Wave: The small positive deflection after T wave is known as U-wave.

R-R Interval: It is the interval between peak R-peak point of two consecutive ECG beats. It is another
most important feature with duration 0.6 — 1.2 s.

i Rr¢ SR

. R-R Interval : ,. I

|

. [

> 1t

8 o
::Q- : | T

5 PR Segment | :

I
i |
PR IntervallQ & ! QT Interval ! Q _S/I

| |

700 800 900 1000 1100 1200 1300

Sample Index
Fig.1.2.: Waves and segments of healthy ECG beat

P P Wave - QRS Complex - T Wave >|
Anterior
Fascicle

Posterior
Fascicle

Left Bundle
Branch

SA Node AV Node Bundle of HIS

Right Bundle

Branch

Fig. 1.3.: Conduction pathway of ECG Signal
1.9 Lead System for ECG Acquisition:

ECG is recording of a tiny electrical signal which is generated in heart. ECG acquisition is a non-
invasive, painless process and can be captured from a subject with a minimal cooperation. Different
lead systems were introduced over the past century and improved day by day. The lead systems are
described below.
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Table 1.1. Features & Duration of ECG beat

Feature Description Duration

P Wave First positive deflection of ECG beat 80 ms

PR Interval From the P-onset index to starting index of QRS complex 120-200 ms

PR Segment | From P-offset index to Q-onset index 50-120 ms

QRS Most prominent feature of ECG beat. Starts from downward 80-120 ms

Complex deflection of Q and end at downward S deflection including R-peak

R-R Interval | Interval between two consecutive R-peak index 06-12s

J-Point End point of QRS complex -

ST Segment | From S-offset to T-onset 80-120 ms

ST Interval From S-offset to T-offset 320 ms

T Wave The positive deflection ECG after QRS complex 160 ms

QT Interval From Q-onset index to T-offset index 420 ms
The small positive deflection after T wave and before P-wave of

U wave . -
consecutive beat

Einthoven Lead System:

In 1924, W. Einthoven first developed and standardized ECG lead for signal acquisition. According to
Einthoven postulates, human body is a perfect sphere with heart at its centre. In this method, three
electrods are placed on the skin of left arm, right arm and left leg of a subject, standing with stretched
arms. Hence a equilateral triangle is formed inside the sphere. These three leads are call Einthoven’s
bipolar leads and also known as standard leads. Lead | measures the potential between left arm (Va)
and right arm (Vra), lead Il measure the potential between right arm (Vra) and left leg (Vi) and lead
111 between left arm (Via) and leftleg (Vi) .

Lead Il

Fig. 1.4. Einthoven’s Standard Lead Position

Lead | measures the potential between left arm (Via) and rightarm (Vra), lead 11 measures the potential
between right arm (Vra) and left leg (VL) and lead 111 between left arm (Va) and left leg (VL) .

Frank Wilson Lead System:

Unipolar lead system was introduced and standardized by Frank Wilson. This method is consisting of
three limb lead (Lead VL, LR, VF) and six precordial chest leads (v1, v2, v3, v4, v5, v6). The
potentiality is measured with respect to a terminal outside the body. This terminal is called as Wilson
Chest Terminal (WCT).
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E. Goldberger Lead System

The precordial chest lead was modified by E. Goldberger. He also developed Augmented limb leads
(aVR, aVvL, aVF). The cardiac potentials were measured by precordial chest leads at specific intercostal
spaces of chest with respect to WCT. The six chest (precordial) leads represent the horizontal plane,
while leads VL, VR, VF, aVL, aVR, and aVF form six frontal plane leads. Together, they make up the
standard 12-lead ECG system, which is the most widely accepted method for recording and interpreting
cardiac electrical activity.

1.10  Significance of Modeling of ECG signal:

Modeling of ECG signal plays a crucial role to understand the functionality of heart. Modeling plays a
vital role in the analysis, interpretation, and diagnosis of cardiac problems. The main objectives of
modeling of ECG signals are as under:

e To develop newer methods of cardiovascular signal modeling and analysis for automated synthesis
and interpretation of cardiac abnormalities.

¢ Modeling of biomedical signals can lead to diseases classification, compression for effective data
storage and generation of synthetic waveforms for medical and engineering R&D applications.

e Advanced methods of computational intelligence like deep learning will be utilized for extracting
more relevant features from biomedical signals

There are several methods avaiable for modeling of ECG signal [11]. Few of them are described below:

1.10.1. Polynomial Modeling:

Each ECG segment is fitted with a polynomial function of an appropriate model order to represent the
signal efficiently and compress the signal by preserving all clinical informations [12], [13]. There are
different types of polynomial functions such as Jacobi polynomial, Laguerre polynomial, series of
orthogonal polynomial, Hermite polynomial etc. Jacobi polynomial can be classified into Legendre
polynomial and Chebyshev polynomial. Chebyshev polynomial is very popular for modeling of ECG
signal. It can be defined by recurrance relation. It has interesting properties which make it efficient for
the design of filter and for the optimal polynomials interpretation.

1.10.2. Wavelet Transform:

Wavelet transform based model are decomposed the ECG signal into time frequency components [14].
The spectral and temporal charateristics of each components are analyzed to extract features of cardiac
signal. The valuable features along with QRS complex, P wave, T wave are detected by wavelet
transform. The features are used for classification of arrhythmia and compression of ECG signal. It is
also used into denoising of ECG signal. The components are analyzed and noisy components are
eliminated from the signal to extract denoised ECG.

1.10.3. Fourier Model:

The Fourier model like, Fourier series, Fourier transform model are decomposed the complex ECG into
its constituent sinusoidal components [15],[16]. The Fourier series and Fourier transform break downs
the electrical activity of heart into frequency components which are sine wave and cosine wave. The
frequency contents are analyzed to check the characteristics of each components and used for denoising
purpose, feature extraction, class identification of arrhythmia signal.

1.10.4. Gaussian Model:

Gaussian model is a mathematical modeling method which uses Gaussian distribution to extract
complex features for class identification of data in the area of signal processing, image processing,
statistical modeling and machine learning [17]. Gaussian distribution is suitable for a bell shaped
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waveforms. The main parameters of Gaussian model are mean and standard deviation. Gaussian
mixture model (GMM) generates data by combining multiple number of Gaussian distribution. GMMs
are used for clustering of data and density estimation. GMMs are trained by expectation-maximization
algorithm.

1.10.5. Auto regressive (AR) model:

Auto regressive (AR) modeling is a statistical modeling method [18]. It predicts the future trend of a
time series based on its past values. The current values are depending on the past values. It is usually
analysed the data of time series. The model parameter is denoted by p and model with order p is known
as AR model. The model coefficients are determined the relation between past values and current
value to predict the future value.

1.10.6. Moving average (MA) model:

The Moving Average (MA) model is a statistical modeling technique [19]. It predicts future trends of a
time series based on past error terms. In this model, future values depend on previous random
disturbances rather than on past values of the series itself. MA models are commonly used to analyze
data that evolve over time. The model order is denoted by g, which represents the number of lagged
error terms included in the model. MA model is used to smooth out the irregularities in the data points
by considering the random error from previous time step.

1.10.7. Auto regressive moving average model:

Auto regressive moving average (ARMA) model combine the auto regressive model and moving
average model for modeling of a stationary time series signal [20]. In this method the AR model used
for regression of the variable on its own lagged values and the MA model smooths out irregularities in
a time series by incorporating and analyzing lagged error terms.The model order is denoted by p and g
where, p is the order for AR model and g for MA model. The ARMA model is denoted by ARMAp,q).

1.10.8. Auto regressive integrated moving average model:

The Auto-Regressive Integrated Moving Average (ARIMA) model is a statistical modeling method
primarily used for analyzing and forecasting the future trends of non-stationary time series signals [21].
It differentiates the non-stationary terms one or two times to convert the signal into stationary signal.
The AR and MA algorithms are then applied to capture the influence of previous values and past random
error terms in order to predict future values. The ARIMA model is defined by three parameters, p, d,
and g: where p represents the order of the AR component, d denotes the degree of differencing
(integrated part), and q indicates the order of the MA component. An ARIMA model can be defined as
ARIMAp.d.0).

1.11  Objective and scope

According to World Health Organization (WHQ) Cardiovasucar Disease (CVDs) are the leading cause
of mortality across the world. It can be controlled by monitoring, detection of cardiac problems and
clinical analysis of ECG signal for proper diagnosis purpose. Modeling and analysis of ECG signal
plays a vital role for proper interpretation of ECG signal, computational analysis for disease detection,
ECG classification for disease identification, compression of ECG signal for reduction of memory
allocation etc. Another aspect of modeling and simulation of ECG signal are education and training of
medical student. Hence the main objectives are as follows:

» To develop newer methods of cardiovascular signal modeling and analysis for automated
synthesis and interpretation of cardiac abnormalities.

» Advanced methods of computational intelligence like deep learning will be utilized for extracting
more relevant features from biomedical signals.
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» Modeling of biomedical signals can lead to diseases classification, compression for effective data
storage and generation of synthetic waveforms for medical and engineering R&D applications.

» Due to the high population density leading to inadequate medical infrastructure per capita in a
developing country like us, thus a self-paced cardio simulator can be used for training of medical
students and professionals.

The scope of work are as under:

» Development of cardio simulator for generation of synthetic ECG signal for training of medical
professional

» Development of new modeling method for synthesis of ECG signal and minimization of
reconstruction error

» Development of deep learning based feature extraction module for modeling, compression and
classification of ECG signal

» Development of new compression model for effective storage of ECG signal

» Development of deep learning based ECG classifier to identify disease for clinical analysis and
proper diagnosis.

1.12  Organization of the Thesis

Chapter 1: This chapter provides a comprehensive introduction of biomedical signal, class of signal,
mechanism of heart for blood circulation, different types of cardiovascular diseases (CVDs), risk factors
of CVDs, Symptoms of CVDs, detection of CVDs, brief introduction of ECG, lead system for ECG
acquisition. This chapter also covers type of time series signal as biomedical signals are time series
signal, significance of modeling for ECG signal and different modeling methods like polynomial,
Fourier, Gaussian, wavelet based method, auto regressive (AR) model, moving average (MA) model,
auto regressive moving average (ARMA) model and ARIMA model.

Chapter 2: In this chapter, a brief description of need and significance of ECG modeling and analysis.
This chapter give a review of literature for denoising and preprocessing of ECG signal, different
procedure and literature on feature extraction, modeling of ECG signal and their application like
compression and classification of ECG signal. This chapter helps to find out the research gaps from the
published work and set a research goal for this thesis.

Chapter 3: This chapter focuses on data acquisition and collection of data from Physionet database.
MIT-BIH Arrhythmia database (mitdb) is a popular database of Physionet but in this thesis we have
validated our research works using two additional databases of Physionet, namely the PTBDB and
MIMIC-III databases. This chapter describe the acquisition of ECG signal from a subject using BSL
system. The procedure of denoising and feature extraction from the raw ECG signal are given. Finally,
a 2D beat matrix was generated for modeling, analysis, compression and classficiation of ECG signal.

Chapter 4: This chapter illustrates the need and significance of cardiac simulator for training of medical
students and professionals. In this chapter the Fourier and Gaussian modeling are described in details.
We have used these methods to develop a cardiac simulator, known as Cardio-Sim. The method and
results of Cardio-Sim are given in this chapter.

Chapter 5: It presents two novel methods for synthesis of ECG signal to improve the reconstruction
error. Segment specific model and adaptive ARIMA model are described in this chapter. Segment
specfic model is a new method for ECG modeling where FM and GM are used for specific segments
and it is a dynamic error-controlled model. This chapter shows how the adaptive ARIMA model was
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developed by optimizing model hyperparameters. Particle swarm optimization (PSO) and Grid search
optimization (GSO) methods are used for optimization and which is better to develop adaptive ARIMA
model, are described in this chapter.

Chapter 6: The most useful application of modeling and analysis of ECG signal are compression and
Classification. This chapter focused into development of lossless compression model and classification
model with high accuracy using deep learning method. It describes the development and result of
compression model by Multi layer perceptron neural network (MLPNN) and 1D-deep convolution
neural network (1D-DCNN) based multiclass ECG classification model.

Chapter 7: In this chapter, the discussion and conclusion of all research works of this thesis are
presented. The main contributions of this research thesis are presented in Chapters 4 to 6, while the
discussion and conclusion are provided in this chapter. It also highlights the potential research scope
for future research to improve the telemedicine based remote diagnostic system.
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Chapter 2
Literature Review

2.1. Need and significance of ECG modeling and analysis

Modeling and analysis of ECG signal are plays a significate role for 1) monitoring cardiac activity using
wireless wearables, 2) detection of cardiac disease for proper diagnosis purpose, 3) education and
training of medical students and professionals. Digital signal processing method had a great
contribution for monitoring and analysis of ECG signal. Modeling of signal processing is followed by
denoising and preprocessing of ECG signal. There are plethora of methods are available for denoising,
preprocessing, modeling and analysis of ECG signal.

2.2. Denoising of ECG signal

ECG signal acquisition is a non-invasive method. The ECG can monitor and measure the electrical
activity of our heart surface by placing the electrode in a particular body position and with a minimal
cooperation of the subject [5], [6], [7], [8]. But at the time of signal acquisition it may be contaminated
by different type of noise such as higher frequency noise, baseline wander, power line interferance,
muscle noise etc. It becomes most difficult to extract true ECG signal from the noise. Thus, noise
removal is an essential step for clean representation of raw ECG signal for further processing. The
common sources of noise are:

a) Power Line Interference: The range of noise is 50 to 60 Hz which comes from power supply
b) Electromyography (EMG) Noise: The noise is very high frequency noise and it is above 100Hz.
c) Muscle Noise: It is caused by movement of other muscle near the heart

d) Electrode motion artifact noise: It is caused due to movement of patient at the time of ECG
signal acquisition.

e) Baseline wander noise: It is a lower frequency noise with range 0.5 to 0.6Hz.

A plenty of methods are available for denoising of ECG signal as research on ECG signal is carried out
over a decade. The noise removal methods can be classified as under : adaptive filtering, wavelet based
method, Fourier methods, statistical method, empirical mode decomposition method etc.

In Adaptive Kalman filter it removes the baseline wander (BW) noise by using a polynomial
approximation which is independent with respect to the signal characteristics. A state space model was
used alongwith the kalman filter for estimation of state variables and baseline wander approximation of
previous values of the ECG signal. The result gives better accuracy than moving average and cubic
spline methods [22],[23].

Another noise removal technique is Extended Kalman filter which is also used for compression of ECG
signal [24]. Nonlinear Bayesian filtering method also used for removal of noise from raw ECG signal.
In this approach a mathematical bayesian framework was developed and compared with the conventinal
noise removal methods like Extended Kalman Filter, Kalman smoother etc. It was mainly used to
remove noise from single channel noisy ECG signal. It is a dynamic noise reduction method which
offered a high resolution ECG [25].

Polynomial spline function decomposes the ECG signal and removes the nosiy level and reconstructs
the denoised ECG signal [26]. Piecewise linear model removes baseline wander from noisy ECG signal
in two iteration and the noise is subtracted from the noisy signal to offer denoised ECG signal [27].
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Another most popular denoising method is wavelet based method. In this method the particular effected
wavelet function are removed for denoising. This method is able to remove higher frequency noise (like
muscel artifacts, power line interference etc.) as well as lower frequency noise like baseline wander
[28],[29],[30],[31].

Empirical mode decomposition (EMD) method can able to remove the higher frequency noise and also
the lower frequency BW. EMD is based on data-driven mechanism which decomposes a signal into
sum of intrinsic mode functions (IMFs). It is suitable for nonlinear and nonstationary signal like
biomedical signals such as ECG, PPG etc.. IMF are consisting of equal number of extrema alongwith
zero crossing with its envelops and defined by all local minima and maxima. It gives better result for
noise removal as compared to the filtering methods [32],[33],[34].

Component analysis algorithm is an effective technique for denoising of ECG signal. Principal
component analysis (PCA) and independent component analysis (ICA) are used for noise reduction
from the raw ECG signal. ICA and PCA are basically statistical analysis methods which are used as
dimensionality reduction tool. With the dimension reduction of ECG signal it also eliminates the noises
with a minimal information loss [35],[36],[37].

Acrtificial neural network (ANN) based noise reduction approch also used for denoising of ECG signal.
In this algorithm the baseline drift is removed by optimizing the hidden layer and coefficient matrix.
This method was compared with the tradintional methods like WT method, adaptive filtering methods
etc. and found that ANN gives better results in terms of baseline drift removal and distortion of signal
at filter output [38].

Apart from the signal processing technique the noise can be reduced by minimizing the patient
movement which in turn reduces motion artifacts. The electrode to patient contact can be improved by
using electrode gel as it enchances the skin contact and reduces the electricals impedance.

2.3. Feature Extraction of ECG signal

R-peak is the highest peak point in the QRS complex and it is the most prominent features of ECG
signal. It is a key part of ECG signal which is very useful for detection of cardiac disease. The QRS
complex reflects the activity of heart at the time of ventricular contraction. Hence it is used for heart
rate calculation and determination of heart rate variability. The R-peak also used for detection of other
features of ECG signal like, P wave, Q-point, S-peak, T wave, ST segment etc. Different algorithms are
available for detection of R-peak index.

In derivative based R-peak detection technique second derivative of ECG signal is used with automatic
thresholding [39]. Sliding window and moving average (MA) method can be used for this pupose. In
this method the steepest windowed gradient is evaluated by using the sliding window and moving
average method [40].

The improved Tompkins differential method can detect the R-peak by applying amplitude detection
algorithm and differential threshold method. In this method the duration of QRS complex is measured
[41]. Hilbert-transform (HT) and moving average (MA\) filter are used as R-peak detector. Basically the
Shannon energy (SE) envelope is extracted by using zero-phase filter and the SE envelope is used to
find out the local maxima by detecting positive zero-crossing point (ZCP). Here Hilterbert transform
is applied to find out the positive ZCP of SE envelope. A MA filter also introduces for reduction of
positive and negative drift of ZCP. Finally the index of local maxima are used to find out the
approximate location of R-peak index [42],[43].

Wavelet based methods are another approach for R-peak detection. In this method the signal is
decomposed into multiple level and the R-peak is detected from the predefine wavelets. Discrete
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wavelet Transform (DWT) is one of the popular wavelet based R-peak detection method. In case of
DWT method a filter bank tree is introduced for decomposition and reconstruction of ECG signal
[43],[44],[45],[46].

The morphology of each ECG beat are different. Thus for clinical analysis and detection of cardiac
disease, feature extraction plays a important role. Alongwith R-peak point, other features of ECG beat
are P-wave, Q-peak, S-peak, T-wave, PR segment, ST segment. The amplitude and duration of these
peak points and segments are very important features to indentify and classify a beat whether it is a
normal rhythm or a diseased beat.

Apart from these feature many features are available in ECG beat for analysis. These features can be
extracted by different feature extraction tools. In wavelet based method like DWT based method where
the wavelet coefficients are used as features [47],[48],[49],[50].

Statistical method is based on the criterion of slope and magnitude imposed between the sample data.
In this method at first the R-peaks index are detected and on the basis of R-peak position the other
feature points are located by upsearch and downsearch method [51]. R-peak can be detected by using
double difference and RR interval processing. Here sorting and thresholding are done on the squared
double difference ECG signal to locate the approximate QRS position. Then compare the relative
magnitude of QRS region and use the RR interval for esuring the exact location of R-peak [52]. PCA
also used for extraction of R-peak by normalizing the ECG data to zero mean and unit variance
[48],[52],[53].

Neural network (NN) based models are very effective for feature extraction and learning. In NN model
each node is fully connected with another node to create a completely dense and complex network.
Autoencoder is this type of feature extraction tool. It can be trained by supervised or unsupervised
learning method [54],[55]. As each node are interconnected it can extract most important features of
ECG signal. These features are used in different type of model such as compression model,
classification model, synthesis model etc. for clinical analysis.

Analysis of ECG signal can be divided into three major categories namely synthesis of ECG signal,
ECG compression and ECG disease classification.

2.4. ECG Modeling :

ECG signal contains most important information regarding the activity of heart. Thus, modeling is very
important tool for information analysis of ECG signal. Mathematical model is very useful for
representation of cardiac activity to uderstand the behaviour of signal, thus it can improve the quality
of signal. The model parameters are used for compression of ECG signal and classification of ECG
signal. A number of methods are available for modeling of ECG signal.

ECG is a nonlinear signal it can be modelled by dynamic nonlinear model. Here masking function is
used and modulated by harmonic series. A baseline drift is introduced in this model and the ECG signal
is reconstructed by model parameter [56]. In polynomial method for ECG modeling, polynomials of
degree 3 was used which includes spline function for interpolation of ECG signal and represent the
ECG signal by second order quadratic polynomials [57]. Spectral method also similar to the high degree
polynomial. In this method, decomposition of signal is done into a set of orthogonal polynomial [57].
The polynomial spline function are used for morphological modeling using decomposition
[13],[37],[58],[59] and development of cardiac simulator [12]. Piecewise nonlinear mixed effect model
is very effective to examine the cardiac activity of patient [60].

Fourier model is an old and popular mathematical modeling technique. ECG signal is a periodic signal
which is consisting of segmented section like PR segment, QRS region, ST segment. These segments
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are represented by Fourier harmonic components [61],[62],[16],[4],[63],[15]. ECG signal consisting of
wave like P wave, QRS region, T wave and U wave.

The waveforms can be modelled by Gaussian model [64],[65],[17],[66],[67],[15]. Work also observed
where Gaussian combination model (GCM) was used for ECG modeling. In GCM model Gaussian
function was fitted around the extrema and local minimum error of ECG signal. The range of Gaussian
fittings are measured by Zero crossing and minimum bank method [68].

Recently, few statistical methods like autoregressive (AR) model, Auto regressive moving average
model (ARMA), Auto regressive integrated moving average model (ARIMA) are used for synthesis of
ECG signal. Among them ARIMA is most suited ECG modeling technique as it is suited for nonlinear
time varient signal. AR model used to extract features from ECG signal and further the features are
used for classification [69],[70],[71],[72]. Generalised ARMA model extract the features of ECG signal
and the features are used for ECG classification [20]. ARIMA model used to model approximate
component of decomposed ECG signal and ARMA model used for detail components [21]. ARIMA
model is very useful for modeling of ECG signal.

2.5. ECG Compression

ECG signal of critical patients under monitoring are very important to store. Everyday many patients
are admitted in the hospital and the data of each patients have to store for pathological analysis and
proper diagnosis. Hence a bulk memory is required for this purpose. Practically it is not possible to
create a vast memory unit. The only solution is compression of ECG signal [73]. ECG compression
also helpful for transmission of clinical information from remote location to the clinical for monitoring
and disease detection [74]. Another most important application is efficient storage of data for future
clinical study and research. There are many methods available for compression of ECG signal but the
desired model is quality-controlled method. The reconstruction quality is an important parameter to
preserve clinical information. Wavelet energy based diagnostic distortion (WEDD) localize the error in
feature space between the original and reconstructed signal [75].

A wavelet transform based method was published where Huffman coding was applied to improve the
compression ratio (CR) [76]. ECG can be compressed by linear or nonlinear method. Slantlet transform
(SLT) is a linear transform method lifting wavelet transform (LWT) is a non-linear transform method.
Both the methods are transformed coefficient based and thresholded by bisection algorithm to match
the predefined user specified percentage root mean square difference (PRD). The LWT method also
applied with normalization and found that the CR gives better result than without normalization method
[77]. A compression may be lossy or lossless [78]. Lossless ECG compression is desirable to preserved
all clinical information as in case of lossy compression technique there is probability of loss of important
information. ECG compression using non-recursive WT method is a quality-controlled compression
technique. Quality controlled means quality of reconstructed ECG signal after compession. ECG is a
non-stationary signal thus the reconstruction quality should be guaranteed for diagnostic use [79].

EMD method was applied with WT method to compress ECG signal. EMD extracts the significant
components of ECG signal and the WT coefficients were quantized by dead zone quantization. The
transform coefficients were coded by run-length encoding (RLE) method and the reconstructed ECG
signal was similar to the original signal. In tunable-Q wavelet (TQWT) method, dead zone quantization
was used for quantization of transform coefficients and converted into code by run-length encoding
method [80].

Singular value decomposition (SVD) is a efficient method for decomposition of ECG signal. It is a
lossy method with high compression ratio [81]. Discrete Anamorphic Stretch Transform (DAST) with
DWT method performed as a ECG compression technique [82]. A linear filter was used as phase
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recovery unit. But due to recovered phase and high compression ratio the reconstructed signal became
inaccurate. Hence an adder with phase recovery unit was applied to fix the problem. QRS segment
bank-based compression method is another approach for lossless ECG compression. In this method the
QRS and non-QRS region of ECG signal are separated and segment banks were developed. Both
segment banks were coded by lossless algorithm to compress the ECG signal. The main aim was lossless
but 2% loss present in this work [83].

In 1D DWT based method ECG signal is compressed on the basis of sensing metrics like, percentage
root mean squared difference (PRD), root mean square error (RMSE), signal-to-noise ratio (SNR). This
method offered better result than the conventional method [84].

2.6. ECG Classification

ECG classification is a basic application of signal processing. It is very useful for clinical analysis and
diagnosis purpose. The main objective of ECG classification is detection of different heart condition of
cardiac patient for proper treatment. In the beginning of research in this area binary classification were
performed where the normal and abnormal beats were identified [85], [86]. But the classifiers are not
suitable to identify the different categories of abnormality. But a cardiac cycle may contain different
abnormal beat along with normal sinus rhythm (NSR). Hence, multiclass classification plays a vital role
to overcome the shortcomings. Multiclass classification is a most challenging job as the classifier have
to identify different beat annotation of ECG signal. The classifiers are trained by the feature of ECG
signal, hence to achieve the satisfying accuracy, features are most important parameter [87],[88]. Many
works are reported in this area.

In a literature, share counter was used for reduction of memory allocation. This algorithm changes the
periodical parameter on the basis of morphological change in QRS region [89]. Machine learning
method takes a vital place for classification of ECG signal. Support vector machine (SVM), K-nearest
neighbor (KNN), random forest, decision tree, Gradient boosting etc. are different types of machine
learning based method. Random forest method achieve 79.76% classification accuracy [90],[91]. In
conjunction of SVM and Gradient boosting for ECG classification achieved maximum 84.82% [92].
Neural network (NN) method with back propagation yields 96.77% accuracy for binary classification
[93].

In a published work the appropriate components of ECG were extracted by independent component
analysis (ICA) method. The components were used for calculation of Daubechis wavelet to select the
proper features for training of classifier model. Three types of classifier model were trained by these
feature and models are KNN, radial basic function (RBF) and multilayer perceptron (MLP). MLP yield
the best result among these methods [94]. The most prominent feature of ECG signal is R-peak. Thus,
the features related to R-peak are QRS complex and R_R interval [95]. These two features were used
with static feature of ECG beat. The skewness and Kurtosis are static features which represent the shape
of cardiac signal. These four features were used to train the SVM and MLPNN based classifier and the
classification accuracy was 85% [96],[97].

In a multiclass classification approach WT was used with probabilistic neural network (PNN) to classify
six ECG beat type. The WT method extract 11 features from each beat of ECG signal and trained the
PNN to predict the class of unknown ECG beat. It yields very high accuracy i.e. 99.65% [98]. WT
method widely used as a feature extraction tools. It was also used with Kohonen self-organization map
to classify six classes of ECG signal [99], [100].
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Adaptive wavelet network (AWN) is consisting of two subnetwork architecture. The Morlet wavelets
were used to extract the features whereas PNN was employed to identify three classes among ectopic,
bundle branch ectopic and ventricular ectopic ECG beat [101], [102].

Multi-objective particle swarm optimization (MOPSO) is a feature extraction method which extract the
best fitted features from the signal. It was designed in to add the macro of F1 loss and the normalized
dimension. The optimization objectives were calculated as minimum of fitness function. The features
were trained different types of classifier model such as KNN, SVM, MLP, extra decision tree and
random forest [103], [104], [105],[106], [107]. Among these models, MLP was given best result in
terms of class prediction accuracy. It is suitable for single lead ECG signal [108], [109], [110].

In another approach four types of classifiers learning capacity was compared. The classifier models
were based on KNN, fuzzy logic based, deterministic analysis and neural network. This work was tested
by five types of ventricular complexity: NSR, premature ventricular contraction (PVC), left bundle
branch block (LBBB), right bundle branch block (RBBB) and paced (P) beats. They observed that the
method assessed by local learning sets achieved higher accuracy than the basic leaning set and as a
result the classification accuracy was reduced. While the global learning set was given worst result in
terms of ECG class prediction accuracy [111].

In a literature four most used methods were applied for ECG class prediction and the methods are SVM,
ANN, Reservoir computing with logistic regression model (RC) and linear discriminant model (LD).
In this approach the heart beat was divided into different segment and the features were extracted and
develop a learning algorithm for the classifiers. This method classified five types of beats, normal,
ventricular ectopic beat (VEB), supraventricular ectopic beat (SVEB), fusion beat and unknown beat
(Q) [112],[113].These five beat were classified by another method namely dynamically biased long
short term memory (DB-LSTM) and it secured 96.74% accuracy [114],[115].

EMD combined with LD for classification of five types of ECG beat and it obtained 87% accuracy
[116]. The shortcomings of machine learning algorithm are improved by deep learning method.
MLPNN is deep learning-based method and it was observed that MLPNN gives better result than
machine learning methods.

1D convolution neural network (1D-CNN) method is another important deep learning technique which
achieve best result than the prior methods. In a study 1D-CNN method was compared with other method
like MLPNN, SVM, random forest, gradient boosting and found that 1D-CNN achieve 99.43%
accuracy which is very high and acceptable for real time application [117], [118]. 1D-CNN also
effective for detection of cardiac morbidities in a ECG-PPG fused signal with 80% accuracy
[119],[120].

In our research work, we developed the programs in MATLAB and Python environment. Many books
are studied to learn the research methodology [121],[122],[123],[124] coding technique for
mathematical modeling [125],[126], time series forecasting [127], hyperparameter tuning [128],
machine learning [129], [130],[131] and deep learning [132], [133].

2.7. Objective of the Thesis:

We have done survey on the application of ECG signal processing and studied literature based on
modeling, compression and classification of ECG signal. We have focused on the research gap and find
the following scope:

1) The above researches were carried out by MIT-BIH arrhythmia database (mitdb). From a
decade the research uses same database which may raise a database biasness in the research.
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2) ECG modeling was done by various conventional method like polynomial, orthogonal
polynomial, spectral method, Gaussian model, Fourier model etc. had been used. We have
developed novel method for modeling of ECG signal with negligible reconstruction error.

3) We have developed a cardiac simulator which is very effective to generate 10 different types
of synthetic ECG signal. This device is very useful for medical professional and students for
training purpose.

4) We have developed an intelligent compression model using ARIMA model which can
compress ECG data without any loss of clinical information. In this work deep learning model
i.e. MLPNN was employed to predict the best hyperparameters of ARIMA model.

5) We have developed a fused model to classify six ECG signal of mitdb data. In this approach
PCA was used with MLPNN for ECG classification. As most of the works are validated by
mitdb signal, we have used this database to compare our proposed model with previous
published work.

6) We have developed a novel method for classification of a new database i.e. Medical
Information Mart for Intensive Care Il (MIMIC-11I) database under Physionet [134]. The
model was designed by deep auto encoder (DAE) and 1D-deep convolution neural network
model (1D-DCNN). The work also used for classification of 10 categories of mitdb data.
MIMIC-1II data along with mitdb ensures the performance of this model. As the model is
evaluated by multiple types of database, it becomes more reliable and generalize. The model is
free from data biasness. Hence it can be used for real-time application.
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Chapter 3

Data Collection/Acquisition and Preprocessing of
ECG Signal

ECG signal acquisition and fiducial point extraction are the most important steps for analysis of
cardiovascular signal. ECG is a non-invasive tool for monitoring and diagnosis of cardiac problem. It
can be captured very easily from the subject with a minimum cooporation. MITBIH arrhythmia
database under Physionet database is widely used for analysis of arrhythmia. This database is easily
available and a large variety of abnormality are present here thus it is very popular for research. Other
than this database, PTB Diagnostic ECG database (ptbdb) and Medical Information Mart for Intensive
Care I11 (MIMIC 111) database also available in Physionet. Fiducial extraction is a basic requirement for
dimensionality reduction and compaction of data for analysis of ECG signal. Fiducial points are main
features of a signal which represent the characteristics of the signal. Each fiducial point has a certain
shape and width with a specific duration and amplitude. The duration and amplitude define the range
of a healthy waveform. The position of fiducial point helps in analysis and diagnosis of cardiac problem.
Thus, fiducial point extraction is very significant for clinical analysis of ECG signal.

3.1. MIT-BIH Arrhythmia Database (mitdb):

Between 1975 and 1979, the Beth Israel Deaconess Medical Center created a database of 48 ECG
recordings for the analysis of arrhythmia. This record was developed by collecting ECG data from 47
subjects (22 women and 25 men) which was studied by BIH Arrhythmia Laboratory of aforesaid
medical center. This database contains two channels ECG recordings of 48 half excerpts. Among them
twenty three recording were collected randomly from a mixed database of 4000 24 hours ambulatory
recordings. In these 23 recoding 60% data was captured from inpatients and 40% was collected from
outpatients. The balance twenty five recordings were collected from same set but these recording
contains less common arrhythmia signal.

The sampling frequency of these signals is 360 Hz. The resolution of the signals are 11 bit with a voltage
range of 10mV. These data were annotated by two or more cardiologies. Table 3.1 shows the the
represing symbol and meaning of each ECG annotation.

Table 3.1. Symbol and meaning of each ECG annotation

Symbol Meaning of ECG annotation Symbol Meaning of ECG annotation
*or N | Normal beat ! Ventricular flutter wave
L Left bundle branch block beat ] End of ventricular flutter/fibrillation
R Right bundle branch block beat e Atrial escape beat
A Atrial premature beat ] Nodal (junctional) escape beat
a Aberrated atrial premature beat E Ventricular escape beat
J Nodal (junctional) premature beat / Paced beat
S Supraventricular premature beat f Fusion of paced and normal beat
\Y% Premature ventricular contraction X Non-conducted P-wave (blocked APB)
F Eélztion of ventricular and normal Q Unclassifiable beat
[ Start of ventricular flutter/fibrillation | Isolated QRS-like artifact
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In this database fifteen types of ECG beats are available. The most commonly used beats are Normal
beat (N), Left bundle branch block beat (L), Right bundle branch block beat (R ), Atrial premature beat
(A), Premature ventricular contraction beat (V), Paced beat (/). In our research study, we have worked
with few less common beats like Aberrated atrial premature beat (a), Nodal (junctional) premature beat
(), Fusion of ventricular and normal beat (F) and Fusion of paced and normal beat (f).

3.2. PTB Diagnostic ECG Database (ptbdb)

PTB Diagnostic ECG database (ptbdb) were collected from 12 standard leads along with Frank XYZ
leads. This database contains 549 ECG records of 16-bit resolution with 0.5 uV/LSB. The data were
collected from 290 subjects (209 men and 81 women) of age between 17 to 87 years. These signal are
16 channels signal where 14 channels are for ECG, one for respiration and one for line voltage. The
signals were collected from 12 conventional leads viz., I, Il, 1ll, aVR, aVL, aVF, V1, V2, V3, V4, V5,
V6 and three Frank leads viz., vx, vy and vz. The signals are available upto sampling rate of 10 KHz.
It contains nine types of cardiac signals from 268 database and 22 records are unidentified. The table
3.2. shows different class of ptbdb database.
Table 3.2. Class of ECG signal under ptbdb database

ECG class Num!)er of ECG class Num!ner of
subjects subjects
Myocardial infarction 148 Myocardial hypertrophy 7
Ca}rdlomyopathy/Heart 18 Valvular heart disease 6
failure
Bundle branch block 15 Myocarditis 4
Dysrhythmia 14 Miscellaneous 4
Healthy controls 52

3.3.  Medical Information Mart for Intensive Care 111 (MIMIC I11) Database

Beth Israel Deaconess Medical Center developed a new database using the unidentified health issues,
known as Medical Information Mart for Intensive Care 111 (MIMIC 111). The data were collected from
the patient admitted in the intensive care unit (ICU) of this hospital. The data were collected during
2001-2012. It contains health information of more than forty thousand patients. It is a open nature and
widely accessible database and available at PhysioNet. Due to its nature it can be used internationally
under a agreement of data use. The open nature allows the database to improve and reproduce the
clinical studies.

The data were captured during routine checkup of subjects under hospital care thus the database is not
assciated with additional burden on care givers or any interference with the workflow of care givers.
The sampling frequency of the data is 125 Hz. The database has data with high temporal resolution and
it contains electronic documentation, lab result, result associated with motoring the trend and
waveforms.

It contains data of 53,423 adult patients who were admitted in critical care during 2001 to 2012 and
7,870 data from newborns who were admitted during 2001 to 2008. It covers data of 38,597 distinct
adult patients and 49,785 data from admitted patients to the hospital. Among the database, 55.9% are
male patient, median age of patient i.e. 65.8 years (age between 52.8 — 77.8 years) and 11.5% is
inhospital mortality. It was noticed that the median length of stay in ICU is 2.1 days and median length
of stay at hospital is 6.9 days. Table 3.3. Shows the class of data available under MIMIC 111 database.

In our research study, we have considered five categories ECG signal from this database namely, normal
(NORMAL), arrhythmia (ARYTH), hypertension (HYPER), dilated cardiomyopathy (DCM) and right
bundle branch block (RBBB).
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Table 3.3. Class of ECG signal under ptbdb database

Class of data Description Class of data Description
Coded data recorded primarily
for billing and administrative
PUrposes. Inch}des Current Test result related to blood
. Procedural Terminology (CPT) . . .
Billing . . Laboratory chemistry, wurine analysis,
codes, Diagnosis-Related hematology, and microbiolo
Group (DRG) codes, and gy> gy
International Classification of
Diseases (ICD) codes.
Demographic detail, admission Administration  records  of
Descriptive | and discharge times, and dates | Medications | intravenous medications and
of death. medication orders.
Look-up tables for cross
referencing concept 1dent1.ﬁers Free text notes such as provider
Dictiona (for  example,  International Note rogress notes and hospital
Y Classification of  Diseases > gis fﬁarse Summaries p
(ICD) codes) with associated g ’
labels.
Procedures such as dialysis, Nurse—\./enﬁed vital signs,
. . . . . . approximately hourly (e.g.,
Interventions | imaging studies, and placement | Physiologic
. heart rate, blood pressure,
of lines. .
respiratory rate).
Free text reports of
Reports electrocardiogram and imaging
studies.
3.4. ECG Signal Acquisition by Biopac® Student Lab (BSL) System:

ECG signal can be acquired from patient by using Biopac® Student Lab (BSL) system. The BSL MP45
System is a simple, 2-channel biomedical data acquisition system that can be configured (acquisition
speed, ranging etc.) from the BSL software. It can acquire both ECG and PPG signal from the patient.
At a time, ECG signal can be acquired from two subjects. Fig.3.1. shows the accessories of Biopack
two-channel Student Lab.
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Fig. 3.2. : ECG signal acquisition from subject
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Fig. 3.3.: ECG signal acquired using BSL System

The BSL system includes:
1) MP45 2 channel data acquisition system (USB powered)
2) BSL 4 Software (Lessons and PRO) BSL Laboratory Manual MANBSL4
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3) Searchable PDF Manuals and Tutorials (BSL PRO, Instructor’s Guide, Answer Key, etc.)
4) 2 x Electrode Lead Sets — SS2LB

5) Disposable Electrodes, pack of 100- EL503

6) Electrode abrading pads (pack of 10)- ELPAD

7) Headphones (monaural, wide-response) — 40HP

The BSL System includes data acquisition hardware with built-in universal amplifiers to record and
condition bioelectric signals. The data acquisition system receives the signals from biomedical sensors.
BSL software then displays the numbers as waveforms on the monitor. The data acquisition system
connects to a PC running Windows via USB. The MP45 unit has two input channels. Electrodes,
transducers, and/or input/output devices connect to the MP data acquisition unit so students can record
data from their own heart signals or from other subjects. Fig. 3.2. shows the ECG signal acquisition
from the subject using BSL System and Fig. 3.3. shows the collected raw ECG signal from subject and
feed into the computer for monitoring and to save for clinical analysis and diagnosis purpose.

3.5.  Arrhythmia:

Arrhythmia also called as cardiac arrhythmia. It is occur due to irregular heart beat. It may be life
threatning or harm less [135]. The cardiac cycle may be too fast or loo slow. The healthy cardiac signal
is known as normal sinus rhythm. The heart beat of more than 100beats per minute in adult at resting
condition is known as tachycardia. For adult, the heart at resting condition with heart rate slower than
60 beats per minute is known as bradycardia. Few cardiac arrhythmias have no physiological symptoms.
The symptoms of arrhythmia are palpitations or a pause between consecutive hearbeats. In case of
serious case the common symptoms are shortness of breath, lightheadness, chest pain, passing out, lack
of conciousness. The arrhythmia without any symptoms may become complicated due to stroke or heart
failure which may cause of sudden death. The most prominent arrhythmia are as follows:

a) Atrial premature contraction beat (APC)

b) Premature ventricular contraction beat (PVC)
c) Paced beat (P)

d) Left bundle branch block beat (LBBB)

e) Right bundle branch block beat (RBBB)

f) Aberrated atrial premature beat (a)

g) Nodal (junctional) premature beat (J)

h) Fusion of ventricular and normal beat (F)

i) Fusion of paced and normal beat (f)

3.5.1. Normal sinus rhythm or Healthy ECG Signal:

A normal sinus rhythm (NSR) is a healthy and regular cardiac cycle with heart rate between 60 to 100
bpm. It consists of a P wave which preceding every QRS complex with a consistent PR interval. The
waveform of a typical NSR signal is shown in Fig. 3.4.
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Fig.3.4.: Normal Sinus Rhythm (Images taken from www.physionet.org)

3.5.2. Atrial premature beat (APC):

A atrial premature contraction beat is an extra beat which is generated in the upper chamber of heart
i.e. from atria. In that case the premature signals tells the heart to contract but due to the insufficient
blood the heart cannot pumped out the blood. It feels like skip of a heart beat. It is most commom in
people of all ages. The main cause of this type of beats are as follows:

a) Insufficient blood flow in heart

b) Injury in heart

¢) Changes in heart structure such as hypertropic cardiomyopathy, coronary artery disease etc.
d) Consumption of alcohol, tobacco etc.

e) Side effect of certain medication for mental health or cardiac problem

f) Thyroid

g) Intake of caffeine

Left
atrium

Right
atrium Left
ventricle
Right ventricle
Fig.3.5.: Premature atrial contraction of heart (Images taken from '/my.clevelandclinic.org)
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Fig.3.6. Atrial premature contraction beat (Images taken from www.physionet.org)

But basically treatment is not required for this phenomenon. The subject should contact with healthcare
provider for precaution. The symptomps of this heart conditions are palpitation, shortness of breath etc.
Fig. 3.5 shows the internal condition of heat due to atrial premature contraction and Fig 3.6. shows the
typical pattern of atrial premature contraction beat. From this figure it is observable that duration of
APC types of beats are more than normal beat. The beat becomes wider than normal.

3.5.3.  Premature ventricular contraction beat (PVC):

Premature ventricular contraction (PVC) beat is orginated from ventricle or lower chamber of heart. It
is also known as ventricle premature beat. It disrupts the normal cardiac rhythm and causes a pause in
regular heart cycle. It casuses sensation of fluttering or skipped beat. It is also a common type of
irregular heart beat.

! 1 !
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Fig.3.7. Premature ventricular contraction beat (Images taken from www.physionet.org)
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The causes of PVC are as follows:

a) Advanced age

b) Hypertension, stress and anxity

¢) High blood pressure

d) Associate with other cardiac problem
e) Intake of alcohol, caffaine, smoking
f) Side effect of certain medication

The ocassional premature ventricular beat is not harmful and not required any treatment. But the
frequent presence of this beat may underlying serious cardiac problem. It may becomes risk factor for
aged people and for cardiac patient like bundle branch block, hypokalemia, ischemic heart disease. It
can be either atrial or ventricular. Figure 3.7. shows the typical pattern of PVC types of beat where the
QRS complex becomes wider and the duration of beat larger than normal beat.

3.5.4. Paced beat (P):

Pacemaker is a arificial device that perform the task of heart’s natural pacemaker. Paced beat is the
electrical impulse originated from the pacemaker. In case of paced beat, pacemaker mediated
arrhythmia is often seen. In pacemaker mediated arrhythmia, pacemaker plays a vital role. It involves a
reentrant circuit where the pathway is formed by pacemaker. The paced beat can be of following types:

a) Atrial Paced (A Paced): In Atrial paced the beat, it is initiated in the atria and the spike of pacing
is observed before the P wave on the ECG

b) Ventricular Paced (V Paced): In ventricular paced the beat is initiated in the ventricle and the
spike of pacing is observed before the QRS complex on the ECG

c) Atrioventricular Paced (AV Paced): It intitiated by pacemaker in both atria and ventricle and
the spike of pacing are observed before P wave and QRS complex on the ECG.

Fig.3.8. shows the arrhythmia due to paced beat. The pattern is different than the normal sinus rhythm.
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Fig.3.8. Paced beat (Images taken from www.physionet.org)
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3.5.5. Left bundle branch block beat (LBBB):

Left bundle branch block (LBBB) is a cardiac disorder which affect the conduction system of heart
related to the left bundle branch. It leads to abnormal electrical impulse or delayed conduction through
ventricle. The LBBB beat displays as wider QRS complex than normal i.e. duration of QRS complex
is more than 0.12 seconds. Thus the morphology of regular beats of ECG signal is changed. It can be
improved by regimented life style. According to the seriousness of heart condition a pacemaker may be
needed or resynchronization therapy of heart is required to manage the condition. The usual symptoms
are fainting, slow heart rate etc. The LBBB may cause due to different underlying conditions such as
heart damage like heart disease such as coronary artary disease, heart attack due to myocardial
infarction, heart infection, heart failure, high blood pressure etc.

This type of cardiac abnormality cannot be cured permanently. If the underlying conditions are not
persists, medication is not required for only LBBB. The medication is required to control other issues
like heart disease, heart attack, blood pressure etc. Fig. 3.9. shows the LBBB beats. It is oberved that
QRS complex becomes wider and the T wave is distorted.

.I'V ! ! 1 L]
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Fig.3.9. Left Bundle Branch Block beat (Images taken from www.physionet.org)
3.5.6. Right bundle branch block beat (RBBB):

The right bundle branch block (RBBB) occurs due to the delay or blockage in electrical conduction by
the right bundle branch. The electrical signal is running behind the right side instead of both left and
right side. As the both ventricles are not working at a same time, irregular heart beat is generated. The
main cause of RBBB are as follows:

a) Myocarditis
b) Heart attack due to myocardial infarction
c) Catheterization at right heart or other medical procedures

d) Changes in branch structure like stretching etc.

29| Page


http://www.physionet.org/

MO A A I

atr R R R R R R R

%]

T

A
00:00:00 00:00:01 00:00:02 00:00:03 00:00:04 00:00:05

Fig.3.10. Right Bundle Branch Block beat (Images taken from www.physionet.org)

It results in change in shape of QRS and the pattern of ECG signal. The QRS region becomes wider
than the regular pattern. It is a effect of mycardial disease and can cause mortality of cardiac patient.
Fig. 3.10. shows the pattern of RBBB beats where the T waves becomes wider and the pattern is
different than the normal rhythm.

3.5.7. Aberrated atrial premature beat (a):

The aberrated atrial premature (a) beat is originated from upper chamber of heart i.e. from atria and
conducted through lower chamber i.e. ventricle of heart. The QRS complex becomes widen due to the
abnormal pathway. It is a common cardiac issue and medication is not required. If aberatted atrial
premature condition underlying with any other cardiac problem or medication issues, the patient should
consult with healthcare provider for proper diagnosis. In Fig. 3.11. the pattern of aberrated atrial beat is
shown. From this figure it is noticed that the QRS complex becomes wider.
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Fig.3.11. Aberrated atrial premature beat (Images taken from www.physionet.org)
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3.5.8. Nodal (junctional) premature beat (J):

Nodal (Junctional) premature beat is an extra beat which is originated at the junction of heart. The
junction of heart means from the atrioventricular (AV) node. The AV node is middle point between
upper chamber i.e. atria and lower chamber i.e. ventricle of heart. It is irregular heart beat and one type
of arrhythmia beat. It is found in individuals who have a history of heart failure or other cardiac
problems. Compared with other arrhythmia beat it is less common in people. The common symptoms
of nodal junctional premature beats are lightheadness and fatigue.

Usually it does not required any medication but if it associated with other heart condition then proper
treatment will be required. In Fig. 3.12. junctional pemature beat is shown along with other beats. The
premature beat is marked by a elips. Due to this heart condition a premature peak is observed.
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Fig.3.12. Nodal (Junctional) premature beat (Images taken from www.physionet.org)

3.5.9. Fusion of ventricle and normal beat (F):

Fusion of ventricle and normal beat are developed when the ventricles activates simultaneously by
supraventricle impuse such as sinus nodel impulse and a ventricle impulse like PVC, as a result a hybrid
QRS complex is recorded on ECG. The recorded beat is fusion of QRS morphology of normal sinus
rhythm and an abnormal wide QRS morphology of ventricular beat. Fig. 3.13 shows the image of Fusion
PVC beat.
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Fig.3.13. Fusion of ventricle and normal beat (Images taken from www.physionet.org)
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3.5.10. Fusion of paced and normal beat (f):

Fusion beats are formed by the combination of pacemaker and normal sino atrial node. The both source
simultaneously activate the ventricle and as a results hybrid QRS peak is generated. Actually when the
impulse generated by the pacemaker coincides with impulse generated by heart’s natural pacemaker, a
fusion beat is generated. It is sign of dissociation of AV node i.e. when both atria and ventricles are
beating independently. This heart condition arises due to malfunction of pacemaker or ventricular
tachycardia. In Fig.3.14. the pattern of fusion beats are shown. From this figure it is noticed that the
QRS complex is totally distorted and widen. Multiple peaks are observed instead of single R peak.
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Fig.3.14. Fusion of paced and normal beat (Images taken from www.physionet.org)

3.6. Preprocessing of ECG Signal:

The preprocessing of ECG signal is an essential step before analysis of ECG signal. It can be
performed in two steps, 1) denoising of ECG signal and 2) extraction of fiducial points and beat
matrix formation.

3.6.1. Denoising of ECG signal:
3.6.1.1. Denoising of mitdb and ptbdb signal

The ECG signal can be contaminated by different types of higher and lower frequency noise. The range
of higher frequency noise can be 50 Hz to more than 100 Hz and lower frequency noise is 0.5 to 0.6
Hz. In this approach, discrete wavelet transform (DWT) algorithm was used for denoising of raw ECG
signal. DWT is a signal decomposition method which decomposes the signal into various frequency
level for detail analysis in time and frequency domain. The mother wavelet is core of DWT method
which is scaled and shifted for creating a set of wavelets. Wavelets capture different frequencies at
different points in time. The signal was passed through high and low pass filters using wavelets (t)
and scaling functions ¢(t). ECG is a time-series signal and it is represented by x(n). The wavelets and
scaling functions can be derived from weighted sum of shifted and detailed version of the function itself
and can be expressed by :

$® =) hlnlg(2t - n)
PO = Tuglnlp(2e—n) (3D
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The filtered signal is discretized into x[n] where, n is sample index. The discrete signal decomposition
yields an approximation coefficient A (representing low-frequency content) and detail coefficients D
(capturing high-frequency components).
The successive decomposition of A makes a pyramidal structure, shown in fig. 3.15:
The decomposed signal x(n) can be expressed as under:
x(n) = A;(n) + D;(n)
=A;(n) + D,(n) + D1(n)
=A3(n) + D3(n) + D,(n) + D1(n)
= (3.2)

Daubechis 5 (Db5) was used as mother wavelet. The raw ECG signal was decomposed into 12 scales
using DWT method. With increase of signal decomposition level, each frequency band becomes
narrower which increases the frequency resolution. It becomes easy to identify the superimposed noise
in frequency band with higher resolution. The higher frequency noise is present in Level D1, D2 and
D3 whereas the lower frequency noises are dominated in D10, D11, D12 levels. The denoised mitdb
signals were reconstructed by level D4 to D9 and it is mathematically expressed as:

Yecg = D9 + D8 + D7 + D6 + D5 + D4 33)

gn) |—>1 | 2 E
Ay g(n) l 2 EI

h(n) l 2

h(n) l 2

gln) 12 D,

h(n) l 2

Fig. 3.15.: Signal decomposition using DWT

Figure 3.16. shows the noisy ECG signal, higher frequency noise, lower frequency noise and
reconstructed denoised ECG signal. The ECG signal is chosen from mitdb database and the data ID is
106. From this figure we can observe the impact of higher and lower frequency noise. The higher
frequency noise totally changes the distorted pattern of signal and the lower frequency noise shifts the
baseline. Thus, it is a necessary steps in pre-processing of ECG signal. It is also noticed that the
proposed method is able to preserve the important clinical pattern even after removal of those noises.

3.6.1.2. Denoising of MIMIC 111 signal:

ECG signal may be contaminated by higher or lower frequency noise at the time of signal acquisition.
Hence, denoising is the first step of ECG signal processing. DWT method is chosen as noise removal
tool. As the sampling frequency of MIMIC-I111 and mitdb databases are different, two denoising modules
had been developed for this purpose. The raw MIMIC |11 data is distorted by 0.5Hz baseline noise and
50Hz higher frequency noise. It was denoised by 12" level decomposition by DWT method. A
biorthogonal Coiflet 3.5 was used as mother wavelet. This type of wavelet can capture both lower and
higher frequency noise. It was observed that the higher frequency noise is presents in D1 and D2 level
and the lower frequency noise is present in D9 to D12 level. Thus, the denoised ECG signal was
reconstructed by combining D3 to D8 level. Fig. 3.17. shows the waveform of raw MIMIC-I1I signal,
denoised ECG signal, higher frequency noise and lower frequency noise of normal ECG signal under
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MIMIC 111 database. The reconstruction error i.e., MSE of denoised signal is in terms of 10 which is

very negligible.
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Fig.3.16.: Denoising of mitdb signal using DWT method

Pseudo code 1: Denoising of ECG signal by DWT method

Input: noisyecg_signal.txt
Output: denoisedecg_signal.txt

xij = Noisy ECG signal, where x;; represent i-th samples of j-th beat. //Load raw ECG signal

W = Discrete Wavelet Transform(‘db5’)

decompose ecg signal= (xij, ‘db5’, level =12, mode = symmetric)

Calculate detailed coefficient and approximate coefficients = D1, D2, D3, ..., D10, D11, D12 and
Al2

yij = waverec(coeffs, wavelet = ‘db5’) //coeffs = (D5, D6, D7, D8, D9); yij =Reconstruct denoised
ecg signal

yij =D5+ D6 + D7 + D8 + D9

Save y; to file: denoisedecg_signal.txt

3.6.2. Extraction of fiducial points & beat matrix formation

3.6.2.1. Fiducial points extraction of ECG signal:

ECG signal is consisting of multiple beats. The morphology of each beat varies due to respiration. The
pattern of each beat define the type of ECG. Each beat has few fiducial points. The amplitude, length
and position of point define the characteristics of the beat. The basic fiducial point of ECG beat are P-
wave, QRS-complex, PR interval, PR segment, R-peak index, R-R interval, J-point, ST-segment, ST

interval, T wave, T-interval, U-wave.

P-wave is the first positive deflection in the ECG beat. It represents the electrical depolarization of atria.
The duration of this wave is 80ms. The amplitude is maximum 2.5mV in limb node. In lead I and II it
is in positive polarity and in aVR it is in inverted direction. Widen or notched P wave indicates
abnormality in heart beat. Basically it suggest enlargement of left or right atria. Abnormal P-wave also
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help to identify ectopic atrial beat and identify the source of abnormal rhythm other than SA node. The
abnormality of P-wave can be identify from lead II, 11l and aVF.

PR interval is the interval between P-onset index to Q-onset index and it is with duration of 120-200ms.
The abnormal PR interval i.e., greater than normal duration indicates delay in conduction through AV
node. It can indicates first degree AV block.
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Fig.3.17.: Denoising of MIMIC Il Signal using DWT method

PR segment is a flat line between P-offset to Q-onset index with 50-120ms range of duration. It is a
delay of the electrical impulse in AV node before travels through the ventricles.

QRS-complex is most important feature of ECG beat. QRS-complex starts with a downward deflection
known as Q-peak, a highest poisitive peak in the beat i.e. R-peak and another downward deflection
before T-wave known as S-peak. The duration of QRS-complex is between 80-120 ms. The end point
of QRS-complex is called as J-point. The QRS complex represents ventricular contraction and
depolarization. It indicates different heart condition like, arrhythmia, myocardial infarction, electrolyte
imbalance, conduction abnormality etc.
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ST segment referred the segment between S-offset to T-onset and its duration is 80-120ms. It represents
the intermission between the ventricular depolarization and repolarization. Elevation or depression of
ST segment indicates cardiac abnormality like myocardial infarction, electrolyte imbalance etc.

ST interval is a interval between S-offset to T-offset with 320ms duration. It is isoelectrical interval
between depolarization and repolarization of ventricle. Abnormality in this interval i.e. either
depression or elevation indicates different heart condition like myocardial injury, myocardial infarction
or myocardial ischemia.

T-wave is the positive deflection in the beat after QRS-complex with 160 ms duration. Abnormalities
in the T-wave - such as prolonged, peaked, flattened, or inverted shapes—indicate various cardiac
abnormalities. It basiclly signifies the abnormality like electrolyte imbalance, myocardial infarction,
hypokalemia, ischemia, arhythmia etc.

QT-interval is a interval between depolarization and repolarization of ventricle with duration of 420ms.
It is measured between Q-onset to T-offset. Basically it measures the electrical systole of ventricle. It
is very important feature of ECG as prolonged QT interval may cause sudden cardiac arrest. It is also
cause of electrolyte imbalance, arrhythmia, ventricular fibrillation.

U-wave is the small poisitive deflection after T-wave and before P-wave of consecutive beat. It indicates
the electrical repolarization of Purkinji fiber and also the certain myocytes of ventricle.

Table 3.4.: Fiducial points of ECG beat

Fiducial Point Description Duration

P Wave First positive deflection of ECG beat 80 ms

PR Interval From the P-onset index to starting index of QRS complex 120-200 ms

PR Segment From P-offset index to Q-onset index 50-120 ms
Most prominent feature of ECG beat. Starts from downward

QRS Complex | deflection of Q and end at downward S deflection including R- 80-120 ms
peak

R-R Interval Interval between two consecutive R-peak index 06-12s

J-Point End point of QRS complex -

ST Segment From S-offset to T-onset 80-120 ms

ST Interval From S-offset to T-offset 320 ms

T Wave The positive deflection ECG after QRS complex 160 ms

QT Interval From Q-onset index to T-offset index 420 ms
The small positive deflection after T wave and before P-wave of

U wave . -
consecutive beat

Among the fiducial point R-peak is the most prominent and R-R interval is longest interval of length
0.6 — 1.2 sec. It represents the time between two consecutive R-peaks. It is most significant feature of
ECG signal as it represent the duration of ventricular cardiac cycle. It indicates the cardiac health as it
is very useful to measure heart rate, cardiac rhythm, heart rate variability etc. This interval helps in
diagnosis of various cardiac problems like arrhythmia, atrioventricular (AV) block, ventricular
tachycardia, atrial fibrillation.
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3.6.2.2. R-peak detection of ECG signal:

R-peaks are the most prominent features of ECG signal. It is a positive deflection in the QRS region. It
is used to calculate heart rate and find out the cardiac abnormalities. The morphology of R-peak
indicates the ventricular hypertrophy condition. It is very useful for cardiac arrhythmia detection. In
case of bundle branch block another upward deflection is noticed after actual R-peak. This deflection
is known as R-prime (R”). Several methods are available for detection of R-peak. In this work we had
used Pan-Tompkins algorithm and thresholding method. The pseudocode of thresholding method is
given in Pseudocode 3.2. It works on the principal of thresholding process by analyzing width of signal,
amplitude and slope of ECG signal. Figure 3.18. shows the flow diagram of R-peak detection. The ECG
signal is successively passed through band-pass filter unit for ensuring noise minimization. The
denoised signal is followed by a differentiator to understand the slope characteristics, an amplitude
squaring unit is used for amplification of QRS region and followed by a moving window integrator.
The high detection sensitivity was achieved by lower amplitude threshold and determine the R-peak
location. Search back algorithm was applied to detect missed beat.

Denoised
ECG Low-pass filter Higher-pass ﬁlterH Differentiator ]

Detected
QRS region

Moving window
integrator

Adaptive
Thresholds

Amplitude
Squaring

Fig.3.18.: Flow diagram of R-peak detection by Pan-Tompkins algorithm

Pseudo code 3.2.: Detection of QRS Index

Input: denoisedecg_signal.txt (yi)
Output: grs_index [qrsi, qrs;]

Load denoisedecg_signal = yj

THR_SIG = max(yij) * 0.05 /I Threshold signal

e = max(yij[peaks])

a = array(Yyij[peaks])

f = where(a==¢)[0]

ss = prominence|[f]

s1 = (0.75*ss)[0]

m = peaks

nl=[j-ifori,jinzip(m[: - 1], m[1:])]

nll = statistical.mean(nl)

THR_DIS =n11*0.3 /[Threshold location

peaks, properties = find_peaks(yij, height = THR_SIG, distance = THR_DIS,
prominence = sl)

qrsx = peaks

qrsy = yij(peaks)

grs_index = [grsx, qrsy]

rpeak_size = size(qrsx)
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3.6.2.3. Beat matrix formation:

Beat matrix was formed by extracting each beat of ECG signal and stored them into a 2D matrix. But
it is very significant to identify baseline index. Baseline index (BLI) lies between two consecutive R-
peak index. The samples between two consecutive baseline index form a single beat. The R-R interval
was divided into 2:1 ratio for detecting the location of TP segment. A 30 sec window was considered
as the baseline index is located with minimum slope of absolute10-point around TP. Baseline index is
the minimum amplitude between the T-offset and P-onset. A single beat is formed by the samples
between two consecutive BLI.
The morphology and length of each beat varies from other, thus a 2-D beat matrix (B) was formed and
the stored the beats in this matrix. The R-peak indices of each beat were aligned in a same row of matrix.
The k™ beat (b¥) of L samples expressed by:

bi = [Y1k-- Y1kY2kY3k = YreY(r+1)k-- YLk ---YLk]T

= by = [Yik - YrkY 41k Yike - Yik]" (3.4)

where, yjy is the j" sample and y,, is the R-peak index of k™ beat. The beats are padded on both side
to equalize the length of each beat in the matrix. There are p paddings with y; on the left side of beat
i.e. at the starting of beat (p=z-r) and g paddings with y_ at the right side of each beat i.e. at the ending
of beat (9= z-r), where, z,(z;) is longest beat at left(right) side with respect to the R-peak index for the
specific ECG signal under consideration.

Pseudo code 3.3.: Detection of Baseline Index for Beat Extraction

Input: qrs_index [grsx, qrsy]
Output: blp_index[blp_x, blp_y]

Calculate the difference between two consecutive R-peak (grs_diff)
for x in qrs_diff:

{

X =int (round (x * 0.6)))
rseg.append(x)

rseg = rseg[0:len(rseg)]

grsx = grsx [0: rpeak_size - 1]
seg = qrsx + rseg

seg_size = size(seQ)

}

for k in range(0, seg_size - 1):

{
for k1 in range((seg[K] — 20), (seg[k] + 20)):

{

slp_I = abs(yij[k1] - yij[k1 — 8])
xl.append(slp_I)

slp_r = abs(y;j[k1] - yi[k1 + 8])
xr.append(slp_r)

mu_slp = (slp_I + slp_r)/2

let mn =50

}

for k1 in range((seg[K] — 20), (seg[k] + 20)):
{

if mu_slp <= mn:

{

mn =mu_slp

baseline point : mn_ind = k1

1}

Append baseline points : blp_x.append(mn_ind)
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Append location of baseline point: blp_y. append(y;[mn_ind])

Store the baseline index in a matrix: blp_index = [blp_x, blp_y]

B=1] \\ Blank matrix
B = b \\ Store each beat into the matrix; k represents beat length and Q represents
number of beats

3.6.2.4. Fiducial point extraction for beat segmentation:

Fiducial point extraction is an essential step to extract PQ, QRS and ST segments of each beat. The beat
vector by was divided into two segments, from BLI to R-peak index and from R-peak index to next BLI
i.e. upto end of the beat. The P and T peak were labelled as the sample with maximum amplitude in
those two segments. The lowest amplitude in PR segment was marked as Q-index and lowest amplitude
in RT segment was marked as S-index. For the k™ beat (by),

(Ppeak)k = max(Y1x * Yr)
Qr = min [(Ppeak)k  Vrkl
Sk = min (Yyx: Yix)
(Tpear)r = max [Sy * Ykl (3.5)

The max(min) operator was used to extract the samples with highest(lowest) amplitude from the
respective array.

Pseudo code 3.4.: Fiducial Point Extraction of Beat

Input: k™ Beat
Output: Ppj, Qj, Sj, Tpj

B = bnx /I B = beat matrix
F= b Il j= j" beat of beat matrix
xx=length(F)

TH_loc=xx*0.5

THR_SIG2 = max(F)*0.5
Detect R_peak = [Rpeaks,Rpeaklocs]

/[Divide the beat into two segments

e=length(F (1 : Rpeaklocs)) //Left side sample of R-peak
f=length(F (Rpeaklocs : end)) /IRight side samples of R-peak
Ppi = max(e (1 : Rpeaklocs)) /I P wave detection

Qj = min(e(Py; : Rpeaklocs) /I Q wave detection

Sj = min(f(Rpeaklocs : end) /I'S wave Detection

Tpi= max(f(S;j : end)) /I 'T wave Detection

Pseudocode 3.3. shows the fiducial point extraction process. The algorithm was implemented on lead
Il data, thus the P wave and T wave are positive. Each beat can be divided in three segments viz., PQ
wave, QRS wave and ST wave. For each beat three matrices were formed using the samples of PQ,
QRS and ST segment. In these matrices, the respective prominent fiducial pointsi.e., P, R and T were
aligned in a same row of the respective matrix. Each matrix was padded by last samples.
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Chapter 4
Development of Cardiac Simulator

4.1. Need and Significance of Cardiac Simulator:

Cardiac simulator is a computer based model which generates synthetic Electro Cardiogram rhythm. In
our medical care system the first aim is patient safety and it can be achieved by reducing the medical
error. Emerging of simulation software in the training of medical students offers a risk less and quality
training. Thus the simulation software is developed to train the medical students and professionals like
medical technicians. It can halp medical student and professionals to learn and identify common cardiac
rhythms. Cardiac simulator can generates cardiac rhythm with different abnormality which can train
student to check variety of cardiac conditions and disease. Emergency medical technicians can learn
and sharpen their skills through the simulator. In the rural area, for the remote patient the trainned
medical technicians can read and understand the ECG records and identify the cardiac problem for
primary analysis. Hence, it becomes an essentical tool for cardiology teaching. The cardiologists are
embraced the simulation to understand the complex techniques in interventional cardiac problem,
unusual cardiac condition and to build up a medical teamwork. The simulator not only replicates the
complex cardiac problem but also used for simple exercise like placing the intervenous lines to complex
procedures like cardiac catheterization.

4.2. Significance of ECG Modeling:

ECG modeling plays vital role to understand cardiac function, for diagnosis of cardiac diseases, to
develope dignosis tools, for early detection and treatment of various cardiac problem like myocardial
infarction, arrhythmia etc. Mathematical model is useful to understand the electrical activity of heart
and relation between the model and ECG signal. Researcher can gain knowledge regarding the
physiological process of heart like depolarization and repolarization. Mathematical modeling can be
used to develope cardiac simulator by the modeling of ECG signal. The simulation technology is of
great importance for education and training in medical fields. It can evolve as simulated
electrocardiogram (ECG), even as simulated human patients and tutors with detailed simulated
animations. The most popular modeling methods are Gaussian modeling, Fourier modeling, Gaussian
combination modeling (GCM), Autoregressive modeling, Auto regressive integrated moving average
modeling (ARIMA) etc.

4.3. Working principle of Fourier and Gauissian Modeling:
4.3.1. Fourier Model

Fourier analysis decomposed the signal into sum of sinusoidal function with a specific frequency and
amplitude. It transforms a time domain data into frequency domian. Fourier model can be
mathematically expressed by:

n
Zpq(t) = ag + z a, Sin(nwyt)+b, Cos(nwyt)

n=1

2 T
a, = T,f e(t) Sin(nwyt)dt
0

by =2 [, e(t) Cos(nw, t)dt 4.1)
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where, ag represents the average value of zone potential signal, wo represents angular frequency of
fundamental component 27t/T, and T represents time period of zone potential wave and n represents
total number of data points.

By assuming, 4,, = C,Cos@,, and B,, = C,Sin6,,, Equation (4.1) may be expressed in the following
form:

n
Zpg(t) = ag + z Cp, Sin(nwyt+6,)
n=1

C, = /a,zl + b2
6, = tan~! bn (4.2)

an
In Fourier modeling method, the model parameters are considered as w, ay, and 9,,.
4.3.2. Gaussian Model

The Gaussian model is a normal distribution model or bell curved model. Mathematically it represents
the probability distribution of data points which are clustered around the mean value and spread the
data determined by standard deviation (SD). It is a continuous distribution method which spread the
data symmetrically around the mean value. The key parameters of Gaussian model are mean (u) and
standard deviation (o).

Mean (u): It is the centre value of Gaussian distribution.
Standard Deviation (o): It measures the dispersion or spread of data points around the mean value.
Gaussian model can be Gaussian Mixture model and Gaussian process model.

Gaussian Mixture Model: It is a soft clustering method and a probabilistic model. It is used in
unsupervised learning to determine probability of a given data point around a cluster. Multiple
Gaussians are used to assume the data points belongs to a cluster.

Gaussian mixture model mathematically expressed by:

(}’ecg—ﬂi)z

GC(yecg) = Z?]:l aie_ 29i (4-3)
where, wi: mean and o; : standard deviation of i"" component of Gaussian mixture (combination).

Gaussian Process Model: It is a non-parametric supervised learning model. It is a stochastic process
where each finite collection of random variables are distributed. The distribution is a joint distribution
of all random variables over continuous time or space domain. It is used for application of regression
and probabilistic based classification problem.

4.4. Development of PC based cardiac simulator

Cardiosim is a PC based cardiac simulator which is developed to generate systhetic ECG signal for
training of medical student and technitians. It is a user specific module and can generate ten types of
ECG annotations. The schematic diagram of Cardiosim is shown in Fig.1. The simulator is developed
in two module 1) Database generation module and 2) Synthetic ECG waveform generation module. The
raw ECG signal were choosen from MIT-BIH arrhythmia (mitdb) database under Physionet to develop
a database. Then a user friendly graphical user interface (GUI) was developed to simulate ECG signal.
The ECG waveform is generated in real time and realized by a universal serial interface (USB) which
is connected to a data acquisition card (DAC).
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4.4.1. Development of ECG database module:

The database was developed using 30 records from mitdb data under Physionet database. The database
had been formed to generate 10 types of ECG beats. The ECG morphology are a) normal sinus rhythm
or Healthy ECG signal (H), b) ECG signal containing right bundle branch block (R), c) left bundle
branch block (L), d) paced beat (P), e) ECG fusion signal consisting of healthy and atrial premature
(APC) beat (H-A), f) healthy with premature ventricular contraction (PVC) beat (H-V), g) Left bundle
branch block with atrial premature beat (L-A), h) Left bundle branch block with premature ventricular
contraction beat (L-V), i) Right bundle branch block with atrial premature beat (R-A), j) Right bundle
branch block with premature ventricular contraction beat (R-V). The database generation module
formed in two stages, a) preprocessing of raw ECG signal and b) reference dataset generation and
database creation.

4.4.1.1. Preprocessing of ECG signal:

The raw ECG signal was denoised by DWT method and the denoised signal was followed by Pan-
Tompkins algorithm to detect the R-peak of each beat. A single beat is lies between two consecutive
BLI, thus the next step is detection of BLI. The BLI was detected using window method and search
back method. Then each beat was extracted and stored into a 2-D matrix to form a beat matrix. After
that, the fiducial points (P-peak, Q-peak, S-peak and T-peak) of each beat were extracted by
thresholding method to divide the beat into three segments, namely PR, QRS and ST segments. In such
way, six types of ECG beats are chosen randomly and preprocessed.

4.4.1.2. Reference dataset generation and database creation:

In this work different age group was considered to collect the data. Three reference segments, PQ,
QRS and ST were generated from database of different age group within the respective cluster matrices
PQ, QRS and ST. Mathematically the segments can be represented by :

(Zseg)k = %Z Yk (4.9)

where, (zseq)y : kth sample of reference segment, seg : PQ, QRS and ST segments; y;.: kth sample of
y number of beats and m: number of samples. Each of the reference segments were modelled separately
by Gaussian and Fourier series expansion. The algorithm is based on dynamically error control
mechanism i.e., each segment modelled separately by best suited model order on the basis of user
defined RMSE for minimization of reconstruction error. The pattern of each segment for each type of
ECG beat is different thus the best suited model order also varies. As the model is based on error-
controlled mechanism the reconstruction accuracy assured and the chances of overfitting and
underfitting possibilities of each segment are decreased.

The database was developed using model order upto 8" level. The coefficient (¢ ,,)} is mathematically
represented by:

ap1 @41 by O o .. .. 0 w n

a a b a b e 0 w, r

v _ Qo2 12 12 22 22 2 2
(k)i = (4.10)

Aog Q13 big azg byg .. agg bgg wg T3

where, k : the coefficient number; n : the model order; t : 6 types of ECG annotation, like H,
A, V,P, L, R;v:ECG segment, like PQ, QRS and ST and r : RMSE for different orders of the
model. 18 such database were formed to represent three segments of 6 ECG annotation.
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Fig.4.1. Flowchart for development of ECG generating model database




4.4.2. Synthetic ECG waveform generation module:

The segment specific database was formed to develop the cardiac simulator for generation of synthetic
ECG signal. It is a user defined ECG simulator which produce ECG signal based on the requirement of
user. A GUI was developed with following parameters: age, number of beats to visualize, type of ECG
beat, number of abnormal beats in the data, heart rate variability (HRV), RMSE and sampling

frequency. The flow diagram of synthetic ECG generation is shown by Fig. 4.2.

After getting the input, the nearest RMSE matched within the coefficient matrix (cj,)f to search

respective three reference segments (PQ, QRS and ST). The synthetic beats are generated according to
the sampling frequency. The raw samples of three segments for normal and abnormal rhythms are
expressed by: (Xgg)n, (Xgrs)n, aNd (x5)n, Where niis the type with length of (155, (Lg7s)n, and (Is)n.

The user can add HRV to the individual segments. Hence, the kth modified length of PQ, QRS and ST

will be:

User
Interface
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(lﬁr)n = (lsAt)n + (lﬁr)n X HRV%
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Fig.4.2. Flow diagram of synthetic ECG generation module



In case of (l@)i‘l > (lgg)n, half point symmetrical extension was used to add extra samples by
extrapolation method. It is given by:
Let, X = [x1x5%3]

Xnew = [X2X1X1X2X3X3X;] (4.12)
where, X is an array, containing 3 elements and it is extrapolated by 2 samples on both side. X;,.,,
is the new extrapolated array. In practical case the amplitude of each beat is unique due the effect of
respiration. The amplitude variation was done by:

Apew = Ay T a, X span (4.13)

where, a,, : amplitude of a beat; a,,.,, : new amplitude; n: type and span is between 3 to 10 %. Otherwise,
(lpAq),’i < (l5g)n. the extra samples are truncated from the end to fit in the modified length. The modified
complete k™ beat is formed by concatenating the reference segments:(x@)i‘l: (xq?s)fl: (xs)k.

For H, L, R and P type ECG annotation the pattern of each beat is same with variable length and
amplitude. A sequencer unit was introduced to generate the synthetic signal by combining healthy and
diseased beats. The synthetic signals were generated in following manner:

Let, nap represents the number of abnormal beats, ny represents the number of healthy beats or
paced beats; n; represents the total number of beats = nay+ ni; N represents the L numbers of H or L or
R type beat; ni; represents one H or L or R type beat; seq= sequence array of beats;

If nap = 1;
Ifn=odd, "8 = ny;

seq = [NgNapniL]s

-2
If n; = even ; (""2 ) =
seq = [Ny NapMirNk1)]s
If nap = 2;

If ni= odd, (nk2_3) = Ngy;

seq = [Ny Nap1MiLNab2Mk1 1

Ny—2
If n = even ; ¢ - ) =

seq = [Ny Nap1MikL-1Nab2Mk1 1
If nab = 3,

Ifn=odd, P2 =y ;

seq = [Ny Nap1Mkr-1Mab2Mk1Mab3 1

—4
If ne = even ; &%

= Ngp,

seq = [Ny Nap1MirNab2Mk1Mab3 15

The cardiac simulator can generate 10 types of ECG signal by combining the normal and basic four
types of abnormalities: (a) H, (b) L, (¢) R, (d) P, (e) H-A, (f) H-V, (g) L-A, (h) L-V, (g9) R-A, (h) R-V.
For realization of synthetic ECG signal a DAQ is interfaced. In the present work, the sequential array
(seq) was delivered to a USB6009 (make:National Instruments) using the analog IO library function of
MATLAB®.From the DAQ analog output channel the generated ECG signals are within 0-5V. Fig. 4.3
shows the hardware set-up and generation of synthetic ECG in digital as well as analog mode.
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45, Results:

A cardiac simulator had been developed, named as CardioSim. It is PC-based Cardiac signal simulator
which can generate user defined ECG signal with arrhythmia disease in real time, through a GUI in a
personal computer. The salient features of this simulator are : 1) PQ, QRS and ST segments are
modelled separately to achieve high performance quality, 2) adaptive error-controlled mechanism
through user defined parameters, 3) it is able to generate 10 types of cardiac rhythm including nine
types of arrhythmia rhythm, 4) different types of user defined parameters such as age, HRV, RMSE,
sampling frequency, disease type etc. make the model dynamic in nature. In addition to that, the GUI
can be utilized to generate real-time ECG pattern upto 40 continuous cardiac cycles.

User interface
for synthetic
ECG
generation

DAQ NI6009

V A&

Synthetic ECG plot |
in real- time

Fig.4.3.: Layout of CardioSim with Ul in computer

The model was validated by 30 records from mitdb and few records from ptbdb database under
Physionet. The noise reduction was done by DWT method and the value of mother wavelet was selected
by trial-and-error method. The denoising performance of different mother wavelet were observed and
db5 had been chosen to perform the task of denoising. It was observed from fig.4.4, db4 was unable to
discard the baseline wander noise and on the other hand db6 and db7 remove few clinical information
along with the noises. The db5 was able to remove both higher and lower frequency noises without
losing any clinical information and also preserve the actual pattern of ECG signal.

The ECG signal was decomposed by DWT and reconstructed using different level to achieve denoise
ECG signal. Fig. 4.5. shows the decomposed and reconstructed ECG signal at different scale. The 12"
level decomposed signal shows better denoising performance after reconstruction using D4 to D9 levels
as due to higher level of decomposition each frequency band becomes narrower which increase the
resolution. Figure 4.6.(a)-(e) shows the removal of higher frequency and lower frequency noise through
different levels of DWT using mitdb 203 data record using 3600 samples. The detected R-peaks and
baseline points of denoised ECG signal are shown in Figure 4.6.(f) using mitdb data ID 106.
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Table 4.1.: Reconstruction Performance using Fourier model and Gaussian model

Patient ID record No. Without Segmentation With Segmentation

with lead and Fourier Model Gaussian Model Fourier Model Gaussian Model

abnormality
mitdb SNR | VOE | SNR | MOE | SNR | MOS | SNR | T
H
100 8.63 0.97 20.66 0.29 87.53 3.26 75.88 1.3
101 14.14 0.75 17.83 0.52 87.77 7.95 73.27 1.71
103 9.72 3.81 25.67 0.77 84.40 0.26 56.9 0.57
106 14.06 3.29 26.89 0.91 88.61 0.23 73.27 1.71
112 18.00 0.58 39.09 0.07 95.13 2.29 62.34 0.06
113 17.34 2.44 12.61 3.92 88.30 0.24 52.15 0.75
115 6.59 4,11 23.72 0.74 87.23 0.18 55.10 0.22
116 18.30 4.29 22.10 2.94 93.34 0.40 60.60 0.77
117 13.22 1.34 7.11 2.73 88.79 0.11 54,53 0.25
121 27.82 0.31 19.45 0.72 89.64 8.19 73.00 2.85
122 36.57 0.26 20.43 1.33 96.45 7.39 71.71 2.95
123 7.24 4.20 26.44 0.61 85.90 0.23 50.15 0.69
124 16.18 2.63 27.07 0.88 84.61 0.44 63.28 0.23
201 25.65 0.26 53.52 0.01 94.17 2.74 61.34 0.13
202 19.46 0.80 23.64 0.52 89.20 0.10 60.22 0.15
205 29.23 0.14 29.31 0.14 85.42 5.32 56.44 0.12
A
118 27.97 0.71 29.87 0.59 86.45 0.23 74.03 9.77
209 17.56 0.84 17.51 0.85 86.18 8.75 46.03 0.97
\Y/
105 33.09 0.32 38.11 0.20 99.66 3.30 76.90 6.74
114 20.11 1.29 21.66 1.10 83.80 0.30 72.33 0.09
119 31.20 0.25 25.15 0.31 84.78 0.25 52.11 0.63
200 18.41 0.61 20.42 0.55 88.93 9.87 50.80 0.53
203 40.59 0.28 14.80 3.89 87.80 0.26 71.43 0.23
208 13,51 1.83 36.55 0.18 91.09 7.85 60.71 0.97
210 34.76 0.16 17.27 0.91 82.51 0.13 62.80 9.82
L
109 60.10 0.021 8.51 3.69 99.68 5.54 89.30 77.5
111 21.81 0.38 16.09 0.69 82.25 0.15 50.00 0.22
207 18.61 1.16 5.25 4.40 74.13 0.13 47.57 0.26
212-R 24.19 0.93 20.94 1.28 83.30 0.25 52.95 0.78
107-P 30.23 0.38 35.58 0.24 97.22 0.43 76.89 0.33
ptbdb
Healthy(H-I1)
P116 s0302Ire 4.44 0.55 26.89 0.05 83.94 2.60 26.60 3.8
P117 s0292Ire 8.33 1.06 17.83 0.41 85.80 3.20 57.19 3.4
P121 s0311lre 10.41 0.35 29.58 0.05 90.60 5.15 42.12 5.5
AMI
P044 s0142Ire(v3) 18.97 0.76 15.33 1.10 65.12 0.89 21.50 0.6
P044 s0143Ire(v3) 20.83 0.72 17.06 1.05 72.63 0.46 23.42 50.8
P044 s0159Ire(vl1) 11.12 0.53 14.57 0.37 56.69 0.40 11.34 38.1
P0163 s0034 re(v3) 2417 0.47 17.43 0.92 92.88 6.10 53.68 3.01
IMI
P012 s0043lre(Il) 10.96 0.07 30.77 0.01 66.51 0.16 45.02 0.17
P012 s0050Ire(1l) 10.45 0.11 17.75 0.05 74.65 9.26 32.94 6.37
P021 s0065Ire(l11) 11.85 0.16 23.85 0.04 50.41 10.02 45.68 1.21
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Each beat was synthesised by Gaussian and Fourier model. We have modelled the beat in two ways to
understand the reconstruction performance. In first approach the whole beat was modelled using same
model order and in other approach each segment of a beat modelled separately using best suited model
order. It was observed that segment specific model gives better reconstruction performance than the
beat specific model. Also noticed that Fourier model gives higher reconstruction efficiency than
Gaussian model. A Gaussian model is appropriate for bell-shaped waveforms, while a Fourier model is
better suited for equipotential or periodic waveforms. Table 4.1. shows the Gaussian and Fourier model
performance for beat without segment and with segment. The performance of each approach was
measured by signal-to-noise ratio (SNR) and mean square error (MSE), defined as:

f=1lx (k) = x, (k)]
N

_ Yr— 1 [x () =X (K)]?
SNR = 10log S~ o=, o2

Where, x: original ECG signal and x; : reconstructed ECG signal.

MSE =

(4.14)

The average MSE and SNR for 30 mitdb data records and 10 ptbdb data records were computed and
given in Table 4.1. The abnormalities are indicated by respective record ID. In most of the cases, Fourier
model achieved better performance. The mean SNR for different beat morphology is 89.2(H), 88.37(V),
86.32(A), 85.35(L), 97.22(P) and 83.3(R) and mean MSE is 2.45x10°(H), 3.14x10°(V), 8.98x10°(A),
5.82x10°(L), 0.43x105(P) and 0.25x10°(R). The table indicates that beat segments modeled with the
Fourier approach yield superior results relative to the other methods.

For pthdb data, healthy (H), myocardial infarction anterior (AMI) and MI inferior (IMI) data were
chosen for evaluation. Fourier model shows better performance for ptbdb data also. The average SNR
and MSE using Fourier model for different categories are : 86.78 and 3.65x10°(H), 71.83 and 1.96x
10°(AMI), 63.85 and 6.48x10°(IMI) respectively. Thus, the reference segments were modelled by
Fourier model.
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Fig. 4.8.: Segment wise RMSE of six beat morphology: (a) H; (b) APC; (c) PVC; (d) P; (e) LBBB and (f) RBBB
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In Fig. 4.7. reconstruction performance of Fourier model for six ECG beat types under mitdb data are
shown. In each panel, the original, reconstructed and sample to sample error are shown to understand
how close the reconstructed signal follows to the original signal. It indicates high reconstruction
efficiency with negligible error.
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Fig. 4.9.: Layout of graphical user interface of CardioSim
Table 4.2: Comparison of model performance between published research and CardioSim
Dataset and RMSE x MSE Computational
Work Method Abnormality 103 x 105 | SNR time
mitdb -
NSR 25.69
Billah et.al. Gaussian APC 28.46 i )
[136] PVC 59.16
LBBB 20.02
RBBB 31.69
Kundu et.al. Gaussian ptbdb ) ) 20.71 -
[137] Fourier 22.16
”,‘\'I?g 18 032 | 8753 22.22
APC 6.6 43.7 80.46 19.66
Fourier PVC 1.8 0.33 99.65 21.05
LBBB 2.7 0.75 93.54 17.41
RBBB 4.7 2.20 86.45 18.71
CardioSim Paced 6.6 4.39 97.22 19.27
(proposed) NSR 3.6 130 | 75.87 30.22
APC 9.8 9.77 74.03 29.58
Gaussian PVC 8.2 6.74 76.90 34.63
LBBB 215 46.0 57.46 27.14
RBBB 18.2 19.7 62.92 30.01
Paced 14.0 33.0 76.89 33.59
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(i) (1)

Fig.4.10.: Layout of ECG hardware simulator with Ul in computer (a) Normal sinus rhythm (H); (b) LBBB (L);
(c) RBBB (R); (d) Paced (P); (e) L and APC (L-A); (f) L and PVC (L-V); (g) R and APC (R-A); (h) R and
PVC (R-V); (i) H and APC (H-A); (j) H and PVC (H-V)

The Fig.4.8 shows the variation of RMSE for each segment of ECG (PQ,QRS and ST) for various beat
morphology. For each type of morphology, the RMSE sharply falls to the low value upto 3™ model
order and after that it becomes flat upto 6™ order. Hence, the modeling was performed upto 8" order.
The layout of GUI for synthetic ECG signal generation is shown in fig. 4.9. The user can define their
required RMSE, sampling frequency, age, HRV, number of beats etc. through the top panel and mix
the number and type of abnormalities through the left-hand panel.
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Table 4.3: Comparison between published and proposed work on modeling

Work Model Order Comparison
1) Modelled by 8" order thus the computational time is very high.
2) Memory allocation is high to store huge number of model coefficient.
Billah 8th Order 3) Higher computational complexity
Gaussian 4) For many mitdb data better reconstruction performance may achieve in lower
et.al. [18] - . AR
Model order thus unnecessary increase of computational complexity, time and
memory usage
5) Modeling done on whole beat of ECG hence reconstruction performance is
poor
3rd and 4th
order 1) ECG beat was divided into three segment and modelled separately using 3rd or
Gaussian 4th order. Reconstruction performance better than Ref.18 but poor than
Kundu model proposed work
et.al. [26] 2) High MSE so the rate of clinical information loss is high
4th order 3) Less complex and lower computational time
Fourier model |4) Lower memory requirement
1) Reference model parameter database was developed using Fourier method.
Each beat divided into three segments and modelled separately using dynamic
A . order, thus minimal reconstruction error (order of 10) and high SNR
CardioSim Dynamic - . A
2) Number of segment is three consequently the computational time is lesser than
(proposed) model order Ref. 26
3) Computational complexity is lower than Ref. 26.
4) Smaller memory required to store model coefficients than Ref. 26

Table 4.4: Comparison between CardioSim and other ECG Simulator

Author Comparison
Name Dataset used
J.C.Edelmann Healthy o Generates healthy data and distortion can be added to the ECG template
etal. [12] « The adjustable parameters are heart rate and amplitude of ECG
waveform

Manju. B.R Hypokalemia and | e Synthetic waveform generates on the basis of theoretical constant
et.al.[16] Hyperkalemia « Generates three types of arrhythmia waveform
Dextrocardia
Angina Pectoris
CardioSim mitdb o Reference ECG beat generates from mitdb patient database of PhysioNet
(proposed) o It generates ten types of waveform (NSR and nine abnormal rhythms)
o Flexible as it generates synthetic ECG on the basis of user defined data
such as type, age, number of beats etc.
o Real-time realization using DAQ and DSO
o User friendly

The CardioSim can generate ten types of synthetic ECG signal using Healthy and five types of
arrhythmia disease. These such combinations were verified by qualified cardiologist for clinical
validation. The waveforms were resembled by actual ECG of patients with such abnormalities. Fig.
4.11. shows the ten types of synthetic ECG generated by CardioSim.
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Fig. 4.11.: Synthetic ECG signal generated by CardioSim using different beat morphology
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The performance of CardioSim is depends on the modeling method. Thus, the selection of model and
the model order is very important to generate synthetic ECG signal. In Table 4.2. and Table 4.3. the
model performance was compared with previously published work on modeling where the error
parameters are mentioned explicitly. A few works used modeling for compression of ECG data and
computed the percentage root mean square difference (PRD), percentage root mean squared difference
normalized (PRDN) etc., and thus excluded from comparison. In terms of SNR, which has been cited
as common performance index, the proposed work outperforms the published research on ECG
modeling. The comparison between published work and proposed work on modeling is shown in Table
4.3. Higher the RMSE and lower SNR means higher reconstruction error. The reconstruction error can
be decreased by decreasing RMSE. From the table, it can be observed that the whole ECG beat modelled
by Gaussian model which gives higher reconstruction error as compared to Fourier Model. The SNR
also very low. The model performance can be improved by dividing the ECG beat into segments. An
ECG beat is consisting of different types of waves and equipotential segment. In the proposed work the
ECG beat is divided into three segments viz. PQ, QRS and ST and modelled separately by suitable
model parameter. For each segment the model order varies according to their shape. Thus, the average
reconstruction error becomes negligible. Another advantage of segmented modeling is decreasing of
computational time. In case of modeling of a whole beat, the model order may be high as 8" order to
achieve lower reconstruction error. It increases the computational time. Whereas in segmental modeling
as the accuracy is achieved within 3 to 6™ order the computational time decreases.

Table 4.4. shows the comparison between the published cardiac simulator and CardioSim. A cardiac
simulator can generate only the healthy data and only two parameters, HRV and amplitude are
associated with the simulator . In another work, the signal are generated on the basis of theoretical
constant and can generate only three types of arrhythmia data. On the other hand, in our proposed work
the synthetic ECG data are generated from mitdb patient database. It can generate ten types of synthetic
signal including healthy signal and nine diseased signals. It is a flexible simulator as it generates ECG
signal on the basis of user defined parameters like, age, HRV, RMSE, number of beats, type of
abnormality etc. Thus, it becomes a user-friendly simulator. The synthetic signal also realized in real
time through DAC and Digital Storage Oscilloscope (DSO).

The cardiac simulator delivers the following:

e e-resource based learning in medical education/Alternative to classroom teaching/medical
Internship, which will be vacillated by this development.

e Due to wide variability of the clinical features in ECG with age, gender and other demographic
factors, it becomes difficult sometimes to clinically classify a record by visual inspection.
Experienced practitioners can only comprehend the records. The simulator thus developed may
find itself suitable to help the medical practitioners to a certain degree in complementing their
clinical knowledge and judgments.

e Inacountry like India, where health service and medical amenities/infrastructure is inadequate
in view of the total population to be catered, this sort of development is well-timed and a
necessary stepping.

4.6. Summary:

CardioSim is a PC-based cardiac simulator which provides dual facility of an interface-based
visualization and real hardware-based interface for generation of synthetic waveform by user defined
parameters. CardioSim was validated and tested using ten types of cardiac rhythm adopted from 30
numbers of data records from mitdb database. To develop a flexible simulator, a GUI based front panel
was introduced so that user can generate ECG signal as per their requirement. It can generate healthy
rhythm as well as nine types of diseased rhythm. Moreover, the synthetic signal can be visualized in
real-time using a DAQ and DSO. The mean SNR for the modelled beat of six morphologies are: 89.2
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(H), 88.37 (V), 86.32 (A), 85.35 (L) and 97.22 (P), and 83.3 (R). CardioSim shows the improved result
than the other research work in this area.

The limitation of this cardiac simulator are: it is limited to generate clean ECG of ten types of cardiac
morphologies. For realistic ECG appearance, a slow variation of 3-10% was introduced to the reference
R-peak. The dynamicity nature of the model can be extended by including more flexibility like user
defined muscle noise, respiration effort, baseline wander to the subject. The scope and flexibility of
CardioSim was restricted due to the limited variation of data like gender choice, age group etc. The
model can be improved by introducing more parameters by collecting good number of ECG records
with high variability.
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Chapter 5

Segment Specific Modeling and Optimization of
ARIMA model Hyperparameters for Improved
Reconstruction Error

5.1. Introduction:

Over the past decade, ECG modeling has emerged as a prominent research area, driven by the growing
integration of computational techniques in ECG interpretation. Modeling of ECG signal refers to the
mathematical representation of cardiac cycle. Modeling of ECG signal is very useful for detection of
cardiac abnormality and compression of ECG signal. The retaining of clinical information using
minimum number of model coefficient is a challenging job. The main objective of ECG modeling is
reduction of reconstruction error. In the cardiac simulator segmental modeling was applied where each
segment was modelled separately by Fourier model. The segmental model gives more reconstruction
accuracy than the modeling of a whole ECG signal. ECG signal is consisting of different equipotential
segments and waveforms with different duration and amplitude. Thus, the model order for each segment
should not be same. The segment specific modeling not only improve the reconstruction error but also
decreases the memory consumption. Thus, the raw ECG signal are not required for storage of ECG
data. The segmented ECG beat is shown in Fig 5.1.
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Fig.5.1. A typical lead Il ECG cycle showing waves and segments

Fig.5.1. shows the segments of ECG beat. In this figure bell shaped segments are P-wave, QRS Complex
and T wave and the segments in isoelectric level are: starting index of beat to P-onset index, PQ
segment, ST segments and T-offset index to index of end of the beat. From this figure it can be observed
that the characteristics of each segment are different hence the model parameter should be different
otherwise the problem of overfitting and underfitting shall be observed and as a result the reconstruction
error shall be increased. Over the last decade, the increased use of computers has greatly influenced
ECG interpretation. ECG modeling refers to the mathematical representation of an ECG morphological
cycle, which means, the raw ECG samples are no more required for storage of ECG data. In one hand,
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this provides better structured representation of the signal for cardiac abnormality interpretation. On the
other hand, modeling provides a data reduction approach for bulk storage. Thus, the main objective of
segmental modeling is minimization of reconstruction error to obtain more accurate model of ECG beat.

5.2. Development of Segment Specific Model for ECG signal

The raw ECG signal was denoised by DWT method and the R-peaks were detected by Pan-Tompkins
algorithm. After that the BLI of the ECG signal were detected to extract each beat of ECG signal and
the beats were stored into a cell array. User would select the beat of interest for segmentation. The
methodology of segment specific modeling of ECG signal is described in the below section. Fig.5.2
shows the flow diagram of segment specific model.

Public Denoising of raw
Database for ECG signal
ECG

R-peak detection

Baseline Index
Detection and beat
extraction

Morphological segmentation of
User defined user defined beat
parameters (Beat (Divide each beat into seven
no., RMSE) segments)

Modeling of each segment based
on user defined RMSE

Model coefficients

Fig.5.2. Flow diagram of segment specific model

5.2.1. Preprocessing of ECG signal:

The ECG signal was denoised by discrete wavelet transform (DWT) method using Daubechis 5 (Db5)
as mother wavelet at 12 level signal decomposition. The higher frequency noise was discarded by
eliminating level D1, D2, D3 and D4. The lower frequency noise, i.e., baseline wander was removed
by eliminating D10, D11 and D12 level. The denoised ECG signal was formed as given below:

Yecg = D5+ D6 + D7 + D8 + D9 (5.1)

In the next stage the R-peaks were detected from the denoised ECG signal. The QRS band was selected
from the array of (D5 + D6)2 of DWT. The distance between two consecutive QRS region was
calculated from the array and also find out the prominence, amplitude and width of the QRS region.
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The R-peak was detected using thresholding method based on the parameters such as prominence,
amplitude, width and distance between two consecutive QRS complex. Here a window of 10 second
was considered for checking the presence of R-peak by considering the thresholding parameters. Each
Beat was extracted from the ECG signal by dividing the consecutive R-R interval into 2:1 ratio and the
intersecting index is baseline index (BLI). The samples between two consecutive BLI were formed a
single beat. Stored the beats into cell array. User would select the beat of interest for segmentation.

5.2.2. Segmentation of ECG beat:

ECG beat was divided into seven segments, namely, a) from the first BLI to P-onset index, b) P-onset
to P-offset index (P-wave), ¢) P-offset index to Q-index, d) QRS-complex, €) S index to T-onset index,
f) T-onset to T-offset index (T-wave) and g) T-offset index to next BLI. The user can choose any beat
of interest from the cell array. Let consider for k™ beat (bx) the fiducia points were detected as follows:
(Ppeak)k = max(ylk : yrk)

Qx = min [(Ppeak)k : yrk]

S = min (Vre: Yie)

(Tpeak)k = max [Sk * ypk]

(Ponset)k = min(ylk : (Ppeak)k)

(Poffset)k = min((Ppeak)k : Qk)

(Tonset)k = min(Sk : (Tpeak)k)

(Toffset)k = min((Tpeak)k : yLk)

where, y,: first sample of beat; y,, : the sample at R-peak position; y, .: the last sample of the
selected beat and the max (min) operator extracts the highest (lowest) amplitude sample from the
respective array. Fig.5.3. indicate the detected fiducial points.
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Fig. 5.3.: Detected fiducial points of a beat
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5.2.3. Segment specific Modeling of ECG beat:

Gaussian model and Fourier model were used to develop the segment specific model. The modeling
method were chosen according to the shape of each segment. Gaussian model is suitable for bell shape
in unipolar direction. Thus, the ECG beat was shifted into positive level before segmentation. In ECG
beat, P wave, QRS complex and T wave are bell shaped waves. Therefore, Gaussian model was applied
in these three segments. Remaining four equipotential segments are modelled by Fourier model. The
amplitude and shape of each segment is different. Thus, each segment was modelled by specific
modeling method using best suited model order. The model order was adjusted dynamically on the basis
of user defined model order.

A graphical user interface was developed to give the input parameter to choose beat randomly from the

beat matrix and to define the RMSE. The layout of GUI is shown in Fig.5.4. The GUI layout is
consisting of three stages. The Stage 1 is for denoising and beat extraction to form the beat matrix;
Stage 2 is for selection of beat and segmentation and Stage 3 is synthesis of specific ECG beat using
segment specific model on the basis of user defined RMSE. Fig.5.4.(a) shows the denoising and
preprocessing of ECG signal, Fig.5.4.(b) shows the fiducial point extraction and segmentation of user
defined beat from the beat matrix and Fig.5.4.(c) shows synthesis of ECG beat on the basis of user
defined RMSE. In Fig.5.4.(c) the beat can be modelled by three modeling method viz. Fourier model,
Gaussian model and mixed model i.e. segment specific model. Among these three modeling techniques
user can choose any method for modeling and also can compare the results using the performance
parameter. Here SNR and MSE were used as performance metrics.

Figure 5.4(c) shows the panel that can synthesize ECG signals using three different modeling methods.
This feature makes the GUI more flexible, allowing users to compare the results across methods. Fig.
5.5 shows the comparison between these three modeling methods for synthesis of ECG signal. The
Fourier model gives SNR:86.7 and MSE: 5.79x10®; Gaussian model gives SNR: 66.02 and MSE:
6.8x10°° and segment specific model gives SNR: 90.58 and MSE: 3.69x10°. Hence, among these three
models, segment specific model achieved more accuracy in terms of reconstruction efficiency.
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Fig.5.4.(a): Stage 1- Denoising and detection of R-peak index and BLP index of ECG Signal
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Fig. 5.4.(c): Synthesis of user defined ECG beat by Segment specific model

5.3. Results:

The segment specific model or mixed model was validated by ptbdb and mitdb database under
Physionet. Thirty data ID was randomly chosen from mitdb database and the data ID are as follows:
100, 103, 106, 109, 111, 112, 113, 114, 116, 118, 123, 124, 200, 202, 203, 205, 207, 208, 209, 212,
214,220, 221, 222, 223, 228, 231, 232, 233 and 234. We have considered five types of ECG annotations
and among them one type is healthy and four different types of arrhythmia from mitdb and the beat
types are: 1) normal sinus rhythm (NSR); 2) atrial premature contraction (APC); 3)premature
ventricular contraction (PVC); 4) left bundle branch block (LBBB) and 5) right bundle branch block
(RBBB) beat. The mitdb NSR, APC, PVC were obtained from lead MLII and LBBB, RBBB were
obtained from lead MLII and V1.

This model was also validated using three types of the ptbdb database including normal sinus rhythm
(NSR); anterior myocardial infarction (AMI) and inferior myocardial infarction (IMI). The healthy data
were chosen from ptbdb data ID: p104/s0306lre, p117/s0291lre, p116/s0302lre, p121/ s0311lre,
p155/s0301lre, p169/s0329Ire, p174/s03241Ire, p237/s0465re, p245/s0480re, p265/s050Ire. The AMI
data were randomly selected from data ID: data ID p010/s0036lre, p026/s0095lre,
p044/s0046_re,p044/s0142lre,  p044/s0143Ire, p044/s0146lre, p044/s0159Ire,p0163/s0034 re,
p081/s02661re, p081/s0346lre. The IMI beats were chosen from data 1D: p012/s0043lre, p012/s0050lre,
p021/s0065lre, p021/s0073Ire, p021/s0097Ire, pl00/s0399Ire, pl100/s0401llre, pl00/s0407Ire,
p139/s0223re, p291/s0554re. The NSR beats were obtained from ECG lead no. | and Il. The AMI was
taken from ECG lead no. V1, V2, V3 and V4. The IMI beats were taken from ECG lead no. Il, 11l and
aVF.
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Fig.5.5.Reconstruction of ECG MI Anterior (V3) beat using (a) Fourier model; (b) Gaussian model and

The spegment specific model is a error controlled dynamic model and RMSE was selected to control
the error. The model order of each segment depends on the user-defined RMSE and model order for
each segment was chosen automatically. The performance of model was evaluated by signal to noise
ratio (SNR) and mean square error (MSE). The performance metrics are mathematically expressed as

under:
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2
legzl [Yecgr(k) ~ Yecyg (k)]
N
Emax = max [yecg (k) — yecgr(k)]
Zg:l[)’ecg (k) - yecgr(k)]z

N
Zg:1 [Vecg (k) —Yecg (*))?

Z’,é’zl [Vecg (k) —Yecgr(k)]z

RMSE =

MSE =

SNR = 10log

(5.5)



where, En,q, represents maximum reconstruction error; y,., representsoriginal ECG; Yecg,, Fepresents
reconstructed ECG; Yecg ,,'éPresents mean of original data; and N is the total number of samples. Table
5.1 shows reconstruction performance of proposed model with few arbitrarily selected data under each

category from ptbdb and mitdb database. The average performance metrics i.e., SNR and MSE are
given in the table 5.1

The reconstruction performance of mixed model was validated by ptbdb and mitdb data. To evaluate
the model performance fifty beats are chosen randomly from each data ID. The average performance
metrics are observed and few of them are listed in the Table 5.1. From ptbdb database the average SNR
and MSE for NSR is 86.33 and 4.4x10°® respectively, for AMI is 96.18 and 3.7x10°® respectively and
for IMI is 80.86 and 1.36x10° respectively. Hence, it is observed than the SNR for AMI is higher than
other two types of beats and the average MSE is in terms of 10 which is negligible.

Table 5.1. Reconstruction performance of Segment Specific Model using ptbdb and mitdb database

Data ID (Category and lead No.) SNR (dB) MSEx10
p169/s0329Ire (NSR-I) 88.33 4.03
p174/s03241ire (NSR-I) 86.85 5.27
p237/s0465re (NSR-II) 84.57 4.22
p265/s050Ire (NSR-I1) 85.52 4.12

Average (NSR) 86.33 441

p010/s0036lre (AMI-V1) 99.84 0.12
p081/s0266Ire (AMI-V3) 97.83 7.41
p081/s0346lre (AMI-V2) 96.45 3.61
p044/s01591re (AMI-V1) 90.58 3.69
Average (AMI) 96.18 3.70

p012/50043lre (IMI-11) 70.14 1.76
p012/s0050Ire (IMI-11) 80.87 0.98
p021/s0065Ire (IMI-111) 85.54 0.96
p021/s0073Ire (IMI-111) 86.9 1.76
Average (IM1I) 80.86 1.36
100 (mitdb NSR-MLII) 97.95 0.468
103 (mitdb NSR-MLII) 91.16 7.58
112 (mitdb NSR-MLII) 83.48 1.96
123 (mitdb NSR-MLII) 91.15 4.01
Average (mitdb NSR) 90.94 3.50

202 (APC-MLII) 84.54 4.32
209 (APC-MLII) 91.15 4.01
222 (APC-MLII) 91.58 0.59
232 (APC-MLII) 90.44 0.45
Average (APC) 89.42 2.34

106 (PVC-MLII) 84.09 4,57
208 (PVC-MLII) 92.58 2.17
223 (PVC-MLII) 99.67 3.23
228 (PVC-MLII) 96.81 2.27
Average (PVC) 93.28 3.06

109 (LBBB-V1) 94.11 1.4
111 (LBBB-V1) 97.2 1.23
207 (LBBB-V1) 94.37 6.05
214 (LBBB-V1) 89.4 2.27
Average (LBBB) 93.77 2.74

118 (RBBB-V1) 95.87 1.93
124 (RBBB-MLII) 98.75 5.58
212 (RBBB-V1) 88.35 2.54
231 (RBBB-V1) 88.33 4.03
Average (RBBB) 92.83 3.52

68| Page



The performance metrics for mitdb data are as follows: for NSR average SNR and MSE is 90.94 and
3.5x10° respectively, for APC is 89.42 and 2.34x10°® respectively, for PVC is 93.28 and 3.06x10®
respectively, for LBBB is 93.77 and 2.27x10°® respectively and for RBBB is 92.83 and 3.52x10°®
respectively. It is observed that the SNR of mitdb data is higher than ptbdb data. As the model is
dynamic and error-controlled the reconstruction accuracy becomes high and suitable for both mitdb and
ptbdb database.

Fig. 5.6. and 5.7. shows the reconstruction performance of different categories of beats arbitrarily
selected from ptbdb data and mitdb data respectively. The original and reconstructed data are
superimposed for easy visual comparison, along with the sample-to-sample error plotted. It is observed
that the reconstructed plot using model parameters match closely with the corresponding original data
plot, and error is negligible.
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Fig.5.6. Reconstruction of ECG signal from pthdb database (a) NSR; (b) AMI and (c) IMI
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Table 5.2. Comparison of reconstruction performance of Segment specific model with published research work

Work Method Database and SNR MSE x10% | RMSE %1073
category
Kundu [15] Gaussian ptbdb (NSR 20.71 - -
Fourier and AMI) 22.16 - -
Bilah [136] Gaussian mitdb:
NSR 25.69
APC 28.46
PVC - - 59.16
LBBB 20.02
RBBB 31.69
Proposed method | Segment Specific ptbdb :
modeling NSR 86.33 441 2.10
AMI 96.18 3.70 1.72
IMI 80.86 1.36 1.15
mitdb:
NSR 90.94 3.50 1.70
APC 89.42 2.34 1.38
PVC 93.28 3.06 1.73
LBBB 93.77 2.74 1.56
RBBB 92.83 3.52 1.83

The performance of segment specific model is compared with the work reported in [15] and [136] where
the result is given explicitly. The comparison result is given in Table 5.2. The main objective of ECG
modeling is enhancing the reconstruction efficiency by minimizing reconstruction error. The higher
SNR value with minimal MSE and RMSE indicates the model accuracy. The high signal-to-noise ratio
and low MSE decrease the chance of clinical information loss. It was observed from the previous model
methods are not based on error control and dynamic model order, thus the signal was reconstructed by
pre-specified model order. As the higher model order may cause overfitting and lower model order may
cause under fitting, thus model order selection is very important. In few other works the model
performance was evaluated by computing percentage root mean square difference (PRD), PRD
normalization etc. These works are excluded to compare with the proposed work. In few works, the
model efficiency was evaluated by SNR, MSE, RMSE but the results are not published. From the table
5.2. it can be concluded that mixed model i.e., segment specific model achieves very high reconstruction
accuracy as compared with conventional Gaussian and Fourier model.

5.4. Significance of ARIMA model for synthesis of ECG signal:

ECG signal is a time-series signal. The statistical characteristics of ECG is change with time thus it is
a non-stationary signal and the behavioral charactictics also change in every instant, hence ECG also a
time-variant signal. There are four types of statistical modeling methods available for modeling of time-
series signal viz., AR model, MA model, ARMA model and ARIMA model. ARMA model combine
the working principal of AR model and MA model. ARMA model is suitable for stationary signal but
ECG is a non-stationary signal. Hence ARIMA model is introduced for modeling of ECG signal. Each
method is discussed briefly in the below section:

5.4.1. Auto Regressive (AR) Model:

Auto regressive(AR) model is a statistical modeling method which is used to predict future values of a
time series signal using the past value. In this method past trend of signal influences the present values
to forecast the future trend. The current value is expressed by the linear combination of past trend with
arandom noise. If, we consider y; as predicted value and past values are .1, Yi2, Y3 etc. The AR model
is expressed by:

Ve = (Vem1sVee2:Vee3s wen oo ) (5.6)
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where, ¢, is the random error.

If the model order is p, the AR(p) model is mathematically expressed by:

Ve =€+ B1Yi-1+ BYi—2t+ -+ BpYi—p + &) (5.7)
where, ¢ is constant, S is the model parameter and p is the order of model.

5.4.2. Moving Average (MA) Model:

Moving average model is a statistical model, used to analyze time series signal. It forecast the future
trend by understading the pattern of time series. In this model the present value is depends on the past
random error associated with white noise of the time series. The MA model can be expressed by:

Ve = f(&t-1, -2, Et-3, ) (5.8)
where, &,_; are the past random error and i =1,2,3....q.
MA model depends on q of its past error terms, it is called MA(q) model, is represented by:
Ve =W+ e+0181+026 5+ +055_4) (5.9

where, 1 : mean of the series, 8 : model parameter and g : model order.

5.4.3. Auto Regressive Moving Average (ARMA) Model:

Auto regressive moving average (ARMA) model is best suited for stationary time-series. It works by
combining the AR model and MA model for analysis and prediction of time series data. It recognizes
the past data and the past random error to forecast the future trend of time-series data. It develops a
linear equation by combining past values and error terms to predict future values. The ARMA model
has two model parameters (p,q). The model with order p,q defined as ARMAp,qy model ARMA model
can be expressed mathematically as under:

Ve =PBot &+ B1Yi—1+ BoYi—2 + ot BpYi—p + 0161 + 02605 + .+ 0464 (5.10)

5.4.4. Auto Regressive Integrated Moving Average (ARIMA) Model:

Auto regressive integrated moving average (ARIMA) model is a statistical model which predict future
trend of a time series from the past observations. The AR model and MA model are suitable for
stationary time series signal. In stationary time series the trend of signal does not changes over time but
in case of non-stationary signal the trend of signal is changed over time. The non-stationary signal are
time variant and it is very difficult to predict future trend as it is not constant over time. ARIMA model
is the most widely used approach for non-stationary time variant time series. It combines the auto
regressive, moving average and integrated approaches. The integrated part convert the non-stationary
signal into a stationary signal and then modeling of signal is done by AR and MA approach. ARIMA
model mathematically expressed by:

Ye=u+E+P1Ye-1+BoVe2 + o FBpYVep + 0161+ 0262 + . F 054 (5.11)

The value of hyperparameters are most crucial as it controls the performance of ARIMA model and are
defined as follows:

p: The number of lag observations included in the model, known as lag order.

d: The number of times that the raw observations are differenced, known as degree of differencing.

g: The size of the moving average window, known as the order of moving average.
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Basically ARIMA model subtracts the past observations from the precedeing one. The values of
hyperparametersare p > 0,q = 0,d > 0. In case of non-stationary time series, this model differenced
the signal two times to convert into a stationary signal. Hence, for most of the cases d=2. The values of
each parameter is very significant to evaluate model efficiency.

5.5. Significance of optimization of ARIMA model hyperparameters:

Optimization of ARIMA model hyperparameter is very crucial for reduction of model complexity
without interrupting the model accuracy. It is very significant to improve computational efficiency of
model, to control designs by simplifying the data analysis. It is vital as it finds out the right way to
establish a balance among model accuracy and computational cost. The morphology of each ECG beat
is different from other. Thus optimization of ARIMA model hyperparameter is important to chose the
best suited model order for ECG beats. There are several optimization methods, among them two
methods are chosen for ARIMA model hyperparameters viz., grid search method and particle swarm
optimization method. The range of hyperparameters are as follows: for p and g, the ranege is 0 to 9 and
for d, the range is 0 to 2. The best suited hyperparameters are chosen from the aforesaid range. The
performance of the optimizer was validated using the ptbdb and mitdb database.

5.6. Optimization of ARIMA Model Hyperparameters for synthesis of ECG signal:

In Fig. 5.7. the signal processing flow diagram of ARIMA Model hyperparameter optimization is
shown. Each beat of preprocessed ECG signal were stored into a beat matrix. From the beat matrix
fifteen data 1D were selected from mitdb database and thirty numbers of beats are chosen randomly
from the data records to develope a database. The ARIMA model hyperparameters were optimized
using the grid search and particle swarm optimization methods. The beat specific optimized paramerters
are used for synthsis of those beats by ARIMA model. Model performance was evaluated to identify
the most effective optimization method.

5.6.1. Working Principal of Grid Search Optimization (GSO) method:

Grid search optimization (GSO) is a popular method for tunning of model hyperparameter. It is an
exhaustive technique which explore all possible combination of hyperparameters within a certain range.
In simple word it follows trial-and-error technique to find out the best combination until the desired
accuracy is achieved. A model with N numbers of hyperparameters, having grid dimension of N and
the number of trial solution proportinal to LN where N represents the number of trial solution along each
dimension of grid. The limit of search grid is defined by the trial solution which are lying in a specific
range of values. A three-dimensional grid search is performed as under:

p=rp+ @, —p) x[0:L1-1]"/(L1-1)

d=d+ (@, —d) x[0:L2 —1]" /(L2 — 1)

q=q+(qu— q) x[0:L3 —=1]"/(L3 - 1) (5.12)
The error at each grid point is computed by:

e = zeros (L1,L2,L3)

fori=[0: L1]
forj=1[0: L2]
for k = [0: L3]

m°Pt = [p(D),d(), q(k)]
dpPre = Gmopt
e = dobs — gpre (5.13)
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The minimum value of error is computed by:
€temp = Min (e)

If, min (etemp) < €min

Then, e;in = €temp

p°Pt = p(i)
4Pt = p())
q°Pt = p(k)

Where, L1, L2 and L3 are number of trial solutions for model hyperparameters p, d and q respectively
for each dimension of grid. The grid of possible values of model parameters are defined by i, j and k.
Here, the lower bound (p;, d; and q;) as 0 and the upper bound (p,,, d,, and q,,) as 9, 2, 9 for p, d and
g respectively were considered. Thus, the value of L1, L2 and L3 and 9, 2 and 9 respectively. Here,
mOPtis the optimized model hyperparameters, d°?s is observed data, dP"® is predicted data and e is the
matrix of total error for every point on the grid that is, for every combination of p, d and g. From the
matrix e, searches the minimum value e,,;, to determine the corresponding best optimized model
hyperparameters, p°Pt, d°Pt and q°P*. The function min(e) returns a row vector, e;e,;,, Which contains
the minimum value of e. Now, compare the value of e,,;, and ey If €remy IS less than or equal to
emin, then the value of e, is stored as e,,;,, and the corresponding combination of hyperparameters

[p(0), d(j), q(k)] are the best-optimized model hyperparameters [p°Pt, d°P¢, q°Pt].
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5.6.2. Working principle of Particle Swarm Optimization (PSO) Method:

Particle swarm optimization (PSO) is another popular meta-heuristic method for optimization of model
hyperparamers. This method working on the principle of interative improvement of the quality of
potential solution on the basis of a certain measured value. In this work, PSO was developed to minimize
the value of RMSE within 9% which is acceptable for clinical evaluation. The objective function of
PSO can be defined as under:

minpey|re — rin|l where, h = z(t;,) (5.14)
where, h contains the values of p, d and ¢ in the global search space U; tx is the optimized values of k™
iteration; ry is the RMSE value calculated in k™ iteration using the p, d and g and r' is the threshold
RMSE.
The velocity and position of particles was updated depending on the two best values, pbest (personal
best or local best) and gbest (global best) and it can be mathematically represented as,

Pi+1 = Pi t Vi1
Viyq1 = v; + cl.rand. (pbest — p;) + c2.rand. (gbest — p;) (5.15)

Where, p and v represent position and velocity respectively of a particle, and i indicates the current step.
Here, lower bound is 0 and upper bounds for p, d and g are of 9, 2, 9 respectively were considered, with
100 numbers of particle in the swarm, 100 numbers of iterations, 0.5 as particle velocity scaling factor,
scaling factor 0.5 to search away from the particle’s best-known position and 10 is considered as
minimum step size of swarm’s best position before the search terminates.

5.7. Results :

The work was validated by mitdb and ptbdb database under PhysioNet. Six classes of ECG beats were
chosen from mitdb and the ECG classes are: 1) Normal sinus rhythm (NSR), 2) atrial premature beat,
3) premature ventricular contraction beat, 4) paced beat (P), 5) left bundle brunch block (LBBB), 6)
right bundle brunch block (RBBB). The following fifteen data records from mitdb were selected: 100,
101, 102, 103, 106, 109, 111, 114, 115, 118, 124, 205, 207, 212 and 231. The mitdb database were
obtained from ECG lead V1, V2, V$ and V5.

Seven classes of ECG beats were selected from pthdb database and the the ECG classes are as follows:
normal sinus rhythm (NSR), anterior myocardial infarction (AMI), Ml antero-lateral, MI antero-septal,
inferior myocardial infarction (IMI), Ml infero lateral, Ml infero posterior. From ptbdb database
following fifteen data records were selected: pl104/s0306lre, p116/s0302Ire, pl117/s0292Ire,
p131/s0273lre, p180/s0561re, p002/s0015lre, p005/s0025Ire, pP010/s0036Ire, p0020/s0069Ire,
p081/s02661re, p008/s0037lre, p011/s0044lre, p011/s0067Ire, p022/s0074Ire and p066/s0225Ire. The
normal sinus rhythm of ptbdb was obtained from lead Il. The AMI, Ml antero-lateral and MI antero-
septal data were obtained from lead V1, V2 and V3. The IMI, Ml infero-lateral, MI infero-posterior
data were obtained from lead Il, 11l and aVF. The GSO and PSO optimized hyperparameters were used
for modeling of ECG signal by ARIMA model. The reconstruction performance were evaluated by
maximum reconstruction error (MAX), mean square error (MSE) and mean absolute error (MAE). The
MAX and MAE are defined as under:

MAX = max [yecg (k) — yecgr(k)]

1
MAE = N yecg(k) - yecgr(k)| (5.16)
where, y.4 denotes original ECG; yecgrdenotes reconstructed ECG; and N denotes total number of
samples.
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Fig.5.9. Reconstruction of different classes of ECG beat from mitdb database by ARIMA model using
optimized hyperparameters; (a) NSR, (b)APC; (c) Paced; (d)LBBB; (¢) RBBB
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Fig.5.10. Reconstruction of different classes of ECG beat from ptbdb database by ARIMA model using
optimized hyperparameters; (a) NSR, (b)AMI; (c) IMI

Fig.5.9. and 5.10. shows original, reconstructed beat and corresponding error signal plot of each type
of arrhythmia data as well as pathological beat from mitdb and ptbdb dataset. The corresponding values
of MSE, RMSE using the both types of optimization techniques are also indicated in the figure and
from this we can observed that both method performs good but PSO achieves better acccuracy in terms
of reconstruction performance. The reconstruction error for ARIMA model using PSO optimized
hyperparameters are lesser than GSO optimized hyperparameters. It is observed that the reconstructed
plot closely follows the original beat and the sample-to-sample error plot is lower using PSO technique.
The performance of both methods are compared and tabulated in Table 5.3. for better understading.
The table shows the summary of reconstruction performance of ARIMA model using PSO and GSO
optimized hyperparameters for different classes of cardiac abnormalities. Table 5.4. shows mean
reconstruction performance of the model using ptbdb and mitdb database. From the both table it can be
concluded that PSQO is better optimization technique for hyperparameter optimization of ARIMA model.
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Table.5.3. Comparison of reconstruction performance of ARIMA using PSO and GSO method

Particle warm optimization
(PSO)

MAX MAE MSE | RMSE | MAX MAE MSE | RMSE

(x10%) | (x107%) | (x10¥) | (x107%) |(x107) | (x107%) | (x10%) |(x109)

Grid search (GS)

Database

mitdb Database
Normal sinus rhythm (NSR) 13.07 1.09 | 11.31 | 3.36 5.89 0.46 1.44 1.20

Paced beat (P) 17.71 1.33 4.37 2.09 | 13.12 | 0.60 1.43 1.19
Left bundle branch Block

(LBBB) 16.37 | 293 | 44.85 | 6.69 6.46 0.58 1.53 1.23
Right bundle branch Block

(RBBB) 17.52 147 | 12.29 | 351 8.19 0.48 1.16 1.07

Premature ventricular
contraction (V)

Atrial premature beat (A) 17.22 | 0.80 2.89 1.70 6.87 0.16 0.27 0.51
ptbdb Database

Normal sinus rhythm (NSR) 17.14 | 0.06 0.04 0.20 1.58 0.04 | 0.01 0.10
Anterior myocardial infarction
(AMI)
Inferior myocardial infarction
(IMI)

16.19 | 1.75 8.51 291 8.75 0.50 1.20 1.09

11.49 | 0.58 1.14 1.06 6.50 0.45 0.20 0.45

3.43 0.24 0.20 0.45 2.07 0.08 0.03 0.17

Table 5.4. Mean Reconstruction performance of ARIMA Model using GSO and GSO optimized

hyperparameters
Grid search (GS) Particle Wa(lrargoog)timization
Database MAX MAE MSE RMSE MAX MAE MSE [RMSE
(x10?) [(x10?) | (x107) [(x10?) | (x10%) |(x10%) |(x10) |(x10?)
mitdb Database 16.35 1.56 14.04 3.38 8.21 0.46 1.17 1.05
ptbdb Database 10.69 0.29 0.46 0.57 3.38 0.19 0.08 | 0.24

5.8. Summary

The characteristics of each ECG beats are unique. The ECG beat of a single cardiac cycle are different
from other. Thus hyperparameters are plays a vital function for modeling of ECG signal. In this
approach two methods are described, 1) segment specific model and 2) ARIMA model.

In segment specific model Fourier and Gaussian model were used for synthesis of ECG beat. A single
beat was divided into seven segment according to their shape and the modeling methods for each
segment were chosen accordingly. The bell shaped waveforms were modelled by Gaussian method and
the equipotential segments were modelled by Fourier signal. The model parameters were different for
each segment and it was based on user defined RMSE. According to the RMSE value the model
parameters were chasen for each segment and modelled seperately by suitable modeling method. As a
result the performance of error-controlled and dynamic model was increased by minimizing the
reconstruction error . The achieved reconstruction error is in terms of 10°® which is negligible and
acceptable for clinical application.

But as the ECG signal is a non-stationary time-series, for realtime application ARIMA model performs
more suitably than other published model. But the selection of ARIMA model hyperparameters is a
challenging job. ARIMA model has three hyperparameters (p,d and q) and values of each parameter
are important to achieve higher model performance. Hence two different types of optimization methods
were used to optimize the hyperparameters and compare their performance to chose the best method for
hyperparameter tunning. The performance of this work was validated by mitdb and ptbdb database and
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observed that reconstruction performance of ARIMA model using PSO optimized hyperparameters
offers better result than GSO.

The shortcoming of this model is consumption of higher computational time. The PSO model gives
better result than GSO but PSO consume more time than GSO. The average computational time of PSO
is 13:28:32 minutes where GSO consumes 5:18:28 minutes. GSO consumes lesser time than PSO but
both method are not suitable for realtime application. It can be overcome by development of a
hyperparameter prediction model.
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Chapter 6

Compression and Classification of ECG signal using
Deep Learning based Method

6.1. Introduction

As per the survey of World Health Organization (WHO), Cardiovascular diseases (CVDs) become the
most prominent cause of mortality. These can be prevented by early detection and proper diagnosis.
CVDs can be detected by constant monitoring an electrocardiogram (ECG). ECG is a non-invasive and
economical tool for cardiac signal acquisition. There are various types of heart disease, such as
arrhythmia, heart attack, coronary heart disease, and cardiomyopathy. ECGs are also used to investigate
cardiac problems, such as chest pain, shortness of breath, and dizziness. From this perspective, ECG
modeling becomes very important for clinical analysis, classification, compression and data
transmission.

In recent years, telemedicine has become very popular for monitoring and diagnosing cardiac patients
in remote locations. A continuous cardiac waveform consumes enormous memory. The compression
performs the task of reduction of the link burden and memory utilization of the source device during
transmission. The compressed information are decompressed at receiver end for clinical analysis and
proper diagnosis. Classification is an important step to identify different heart conditions, interpretation
of cardiac rhythm, and disease identification. Automatic ECG classification is very useful for
identification of unknown ECG class and saves the valuable time of doctors. Early detection of cardiac
disease and proper diagnosis is very helpful to assure survival rate of cardiac patients. It is also useful
for research related to CVDs.

Features plays a vital role for lossless compression and effective classification. In compression the
features can be stored instead of a whole signal and in classification the complex features carries the
clinical trait of each type of heart condition. Thus, before compression and classification feature
extraction is a necessary step for denoised and preprocessed ECG signal.

In these work ECG compression and classification were done by deep learning method. The main
objectives are lossless ECG compression based on deep-learning method via an adaptive autoregressive
integrated moving average(ARIMA) model and 1D-Deep convolution neural network based multiclass
ECG classification.

6.2. Development of deep learning based lossless ECG compression model:

The lossless ECG compression model was developed and validated by mitdb data from PhysioNet
database. The raw ECG signal was denoised by DWT method. The R-peak detection and baseline index
(BLI) detection was done by DWT method. The beats were extracted and stored into a cell for
generation of beat cell. The deep learning-based feature extraction module was used to develop a
compression module for minimization of compression loss.

A deep autoencoder (DAE) was involved for dimensionality reduction and feature extraction to form a
feature matrix (FM). PSO optimizes the ARIMA model hyperparameters of each beat in the beat cell
to generate a target matrix (TM). A multilayer perceptron neural network (MLPNN) based automatic
hyperparameter prediction model (HPM) was developed and trained/tested by FM and TM. The
complex features of each beat were passing through the HPM to predict the best suited ARIMA model
hyperparameters for the respective beat. The predicted parameters were used for modeling of beat by
ARIMA model and the model coefficients are stored as compressed data. The data are transmitted to
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the pathology within a data packet from remote location. At the receiver end the data packets are stored
for future use or reconstructed via ARIMA model for pathological analysis.

The compression performance measured by compression ratio (CR) and PRD%. The reconstruction
efficiency was evaluated in terms of MSE, MAE and ME. Fig. 6.1. shows a schematic diagram of the
lossless compression model, and each block of the diagram is described in sections 6.1.1 to 6.1.6.

The proposed model was developed and evaluated on the basis of ten classes of ECG data from mitdb:
1) normal sinus rhythm (H), 2) atrial premature (A), 3) premature ventricular contraction (V), 4) left
bundle branch block (L), 5) right bundle branch block (R), 6) paced (P), 7) aberrated atrial premature
(a), 8) nodal (junctional) premature (J), 9) fusion paced (f) and 10) fusion PVC (F) beat. This work was
developed in the Python environment using PyCharm, version 3.8, 64 bits.
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Fig. 6.1. Schematic diagram of the lossless ECG compression model by the adaptive ARIMA model

6.2.1. Feature Matrix Generation via DAE:

The DAE is a nonlinear dimensionality reduction tool based on deep-learning model. It has three layers:
one input layer, multiple hidden layers and one output layer. The DAE works in two sections: i) The
encoder part encodes data into lower dimensions, and the decoder part decodes the data to its original
length. The hidden layer with lower dimensions is the bottleneck layer.

The encoded input layer to the hidden layer is defined as follows:

H=gg,(X) = c(W;;X + ¢1) (6.1)

The hidden layer decoded to the reconstruction layer is defined as follows:

X'=go(H) = oWy H + ¢3) (6.2)

where, the input data vector X = (x3, xz, ..., x,) and (X € R,,), the output data vector X’ = (X7, x%,...,
x’»)and (X’ € R™), n is the dimension of the input/output vector, H € R,,, (m = the number of hidden
units), and H is the reduced dimension from the hidden layer. W;; € Ry, x , defines the weight matrix
between the input and hidden layers. W, € Ry,  , defines the weight matrix between the hidden and
output layers. The input and output biased vectors are denoted by ¢, and ¢, respectively. The
activation functions for the neurons of the hidden and output layers are represented by gg; and gg,,
respectively. The rectified linear unit (ReLU) is a piecewise linear activation function, that was used
here to resolve the vanishing gradient problem and improve model efficiency by fast learning. The
adaptive moment estimation (Adam) optimizer optimized the adaptive learning rate to train the DAE.
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We observed, that the maximum beat length was 450 samples. Considering the beat length, the DAE
was developed using seven hidden layers for feature extraction. The first three hidden layers in the
encoder reduce the beat length to achieve 100 features from the latent view layer or bottleneck layer.
After the bottleneck, the ECG beat was reconstructed in the decoder part by another four layers. In this
manner, the DAE generates a feature matrix (F,«,), where F is the feature matrix with z numbers of
features (z=100) for n numbers of beats (n=1500).

Pseudo code 1: Data Reduction & Feature Matrix Generation by DAE

Input : ECG Beat cell (X,,xm), Sampling Frequency (fs =360Hz),
Output : F,,», = Feature Matrix

fs =360Hz /I Sampling frequency
X =X\ xm // Beat cell
Ni =len(Xpxm) /I'N = length of beat, n = beat number
=1500

Xpartitioned = SPlit Xy, m iNto Train and Test /Isplit database for training and testing
Wiist= o

Initializer = |

Regularizer =R

# Create DAE Architecture
Kirain = (X1, X2, ... Xn) /Mnput vector, Xirain € R™™ (training dataset with n beats with m samples)
e is the number of epochs to be iterated
b is the number of batches
| is the learning rate

# Encoding Architecture
dense_layer =@
Activation function = ReLU
n = shape(Xpxm)
IL = Input (shape = n) /I EL,= Encoded Layer where n = layer number
EL; = (@(N - 50), ReLU)(IL)
N;=N - 50
EL, = (J(N1 — 80), ReLU)(EL1)
N2:N1 -80
M:Nz — 100
ELs; = (@(N2 — M), ReLU)(EL>)

# Feature Extraction

Fuain = Latent_view = @ dense_layer(100, activation = Sigmoid)(ELs3) Il Furain=Features set
of training dataset
# Decoding Architecture /I DL,= Decoded Layer where n = layer number
DL; = (Q(Ftrain + M), RELU)(Ftrain)
N2 = Firain + M
DL, = (J(N2 + 80), ReLU)(DL4)
N; =N, + 80
DL3 = (J(N: + 50), ReLU)(DL>)
N=N; +50

# Output Layer for reconstruction:
OL = @(n)(DLy) // OL = DAE model output layer for reconstruction

# Create AE Model
AE Model = f(IL, OL)
F = f(IL, Fiain)
Compile model, Loss_function = MSE
Train AE model = f(e,b,1)
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#Test Phase
test_encode = predict(X,,¢esexmeest) Il Xptestxmtest = Test dataset
Fiest = Feature_predict(X,esexmeest)
test_decode = predict(X,,sesexmeest)
Reconstruction_Error = X,;esescmtest - t€St_decode
if MSE < 0.0005
save model
else again train DAE model

#Feature Prediction Phase
FTLXZ = predICt(anm)
IIF ., = Extracted Features for n numbers beat with z samples, here n=1500 & z = 100

6.2.2. Training/Target Optimized Hyperparameter Matrix Generation via PSO:

PSO is a popular computational method for solving optimization problems. It iteratively improves the
quality of the potential solution on the basis of a certain measured value. Here, PSO is used to develop
the training dataset for the HPM by optimizing the hyperparameters of the ARIMA model. For clinical
evaluation, the RMSE of the reconstructed ECG should be less than 9%. Fig.6.2. shows the flowchart
of PSO algorithm. The objective function of PSO is defined as follows:

minpey | — rin| where, h = z(t;,) (6.3)

where h: observation status, which comprises the value of three hyperparameters (p,d,q) in the global
search space U, z(t,): observation matrix; t,: optimized values for the k™ iteration; r,: calculated
RMSE in the k™ iteration using (p,d,q); and r'™: threshold value of RMSE.
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Fig.6.2.: Flowchart of PSO algorithm
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The ranges of (p,d,q) were considered to be (0:9), (0:2), and (0:9), respectively. Here, we consider 100
particles in the swarm, with 100 iterations, a particle velocity scaling factor = 0.5, and a scaling factor
= 0.5 to determine the particle’s best-known position. The minimum step size is 1® to search for the
swarm’s best position before termination.

The PSOs optimized (p,d,q) for each beat-cell were stored in a matrix to train the HPM, called the
optimized hyperparameter matrixX (p zx» dzxn 01xs), Where p, d and g are single row matrices for n=1500
beats of beat-cell.

Pseudo code 2: Target Matrix generation by PSO optimized ARIMA model hyperparameters

Input: X, = denoised beat cell
Output : (P1xn> dixn, G1xn) = Target Matrix

X.xm = Read input beat cell
(p,d,q) = Initialize hyperparameters
Initialize population

sw =100 /l sw = Number of swarm particle

I =100 /I'l = number of iteration
v=05 /I'v =particle velocity scaling factor
step=1% /I step = minimum step size
while (the measured value: RMSE is not met)

{

for (i=0 to number of particles N)

{

if the fitness of X} > than fitness of p; pes:
then update p; pes:= X¥
if the fitness of X} > than fitness of g; pes:
then update g; pes:= X
update velocity vector v,
Vip1 = v; + cl.rand. (pbest — p;) + c2.rand. (gbest — p;)
update particle position p;
Pi+1 = Di T Vi -
evaluate_arima_model(X,,x,, Optimized hyperparameters)

if
{RMSEcal < RMSEmeaS // RMSEcal = Calculated RMSE & RMSEmeaS = Measured RMSE
break
update value of hyperparameters (p,d,q)
else
continue
3
Next iteration
}
# store value of (p,d,q) for each beat in a matrix
fori=n
™ = append (pi,di,qi) = (plxnv d1><n! qlxn)
end

6.2.3. Development of the Hyperparameter Prediction Model (HPM):

In this work, the MLPNN was used for the development of a multioutput hyperparameter prediction
model (HPM). It is basically a feedforward deep neural network (DNN) model. It consists of three fully
connected layers of nodes namely, one input, one or multiple hidden and one output layer. Except input
nodes, each node is known as neuron and uses a nonlinear activation function. The network is trained
by supervised learning with backpropagation except the output layer. It learns a function f(-): R™ —
R, where m: represents the input dimensions and o: the output dimensions. Each node of the layers are
interconnected with a certain weight (wij). The i numbers input transfer the information to the next

84|Page



layer. Here three hidden layers were used with ReLU. In these layers, the input information is processed
to generate the required values at the output nodes.

The HPM model was trained/tested with a DAE-driven feature matrix (F,«,) and a PSO-driven target
matrix (Pzxn dzxn Qzxn). The Adam was used as optimizer and MAE was considered as loss function.
During training of the MLPNN-based HPM, the hyperparameters (P;xn, d1xn, G1xn) are predicted for
each beat-cell, where p, d and q are predicted hyperparameters.

Pseudo code 3 : ARIMA model hyperparameter Prediction by MLPNN

Input : F,, = Feature MatriX, (pzxn, dixn, q1xn) = Target matrix, PSO optimized hyperparameters for beat cell
Output : (Pyxm d1xn, G1xn) = Predicted ARIMA model hyperparameter by MLPNN

IM = Fpy,
TM = (p1><n: len: qun)

n_input = 1M
n_output = TM;

# Define IM and TM to train Regression model
IM, TM = make_regression(data_length=len(IM;), features=len(1M;), target_length = len(TM;))
/I'i = row of matrix and j = column of matrix
Ir =0.001
activation_function = ReLU
I = Initializer
R = Regularizer

# Create Dense layer
DL= f(ReLU, 1,R)

# Define MLPNN Regression Model(len(IM;), len(TM;))
M = Sequential()

model.add(DL(40, input_dim = len(IM;), I, ReLU)
model.add(DL(30, I)

model.add(DL(20, 1)

model.add(DL(10, I)

model.add(Dense(len(TM;), I)

compile model(loss = ‘MAE’, Optimizer = adam)

X = len(1Vy)
Y =len(TM;)

# Evaluate Model by Repeated k-fold cross-validation
CV = (k =10, repeats = 3)

CV.split (X,Y)

X = Xirain + Xtest

Y = Yirain + Yieest

# Define Regression Model
MLPNN_model = f(X,Y)

# Fit model
MLPNN_Model.fit(Xtain, Yirain, € = 100)

# Evaluate model on test set
MAE = evaluate. MLPNN_model(Xest, Ytest, € = 100)

# Store result

Result.append(MAE)

Predict_hyperparameter = model_predict(X)
(Pixns ixns G1xn) = MLPNN_model_predict(Xest)
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# Modeling of test_data by ARIMA model using predicted hyperparameter
ARIMA_Model = ARIMA (Xtest(B1xn Q15> G1xcn))
Coefficient = model_fit.parameters
Kreconstruct = reconstruct. ARIMA(Xiest)
MSE = mean_square_error(Xest, Xreconstruct)
If MSE <<0.005
fix DAE_MLPNN_model
else train model

6.2.4. ECG compression by the Adaptive ARIMA Model:

In the Chapter 5, the significance of ARIMA model for modeling of ECG signal is already described.
ARIMA model is most suitable method for modeling of non-linear, non-stationary and time variant
ECG signal. It has three key parameters (p,d,q), which are referred to in the order of autoregressive,
integrated and moving average parts of the model, respectively. The values of the hyperparameters are
p=0,q=0,d = 0. In most cases, the signal is differenced two times to convert nonstationary data
into stationary data. Thus, the range of d =2. The value of each parameter plays a significant role to
achieve model efficiency i.e. synthesis of the signal without any information loss. If the values are
greater than the required value, the model can be overfitted; otherwise, it can be underfitted with a lower
value. Hence, hyperparameter tuning is very important for the ARIMA model. Here, we focused on
lossless ECG compression via the adaptive ARIMA model,. Model performance depends on
hyperparameter values. It is a great challenge to develop a beat-specific compression model with an
adaptive ARIMA model. The HPM predicts the best-suited combination of hyperparameter
(P1xn> A1xns G1xn) fOr modeling of each beat separately. The model coefficients are stored as
compressed data in a packet for future use or transmitted to the clinic for pathological analysis by
reconstructing the signal by the model coefficient and model parameter value.

Pseudo code 4: ECG Compression by ARIMA Model

Input : Xnew=new ECG beat, (P1xn, d1xn> G1xn)new = MLPNN predicted hyperparameters
Output : L = ARIMA model coefficients, X, ,..,, = Compressed Data

Xnew = Read new ECG beat as input
(P1scns A1xcrr G1xcn)mew = MLPNN predicted hyperparameters for new input beat
AR|MA_MOdE| = ARIMA(XHEW(ﬁlxn' &1xn' q\lxn)new)
L. = ARIMA_Coefficient
X new = Packet(L)
Calculate CR value
Calculate PRD%

6.2.5. Generation of a header structure for encoding of compressed ECG data:

The original file and compressed file size is calculated on the basis of memory allocation size. In python
4byte is required to store a floating point. The first bit i.e., MSB bit define the sign of floating number
by Boolean number where positive sign represented by 0 and negative sign represented by 1. After that
next 8 hit stores exponential part and 23 bits used to store significant part of floating number.
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Fig.6.3.: Structure of Encoded Data Packet of Compressed ECG Data

Table 6.1.: Header information of compressed data packet

Header Structure of compressed data packet
e Total No. of bytes in a packet 8 bits
e Total No. of ARIMA Model coefficient 4 bits
e ECG beat Annotation type 4 bits
e ECG lead type 4 bits
e Number of samples in original data 12 bits

The original ECG beat size is calculated as : [4 bytes to store value of each sample in a beat = (4 x No.
of samples in a beat) bytes] and compressed data size is calculated as : [4 x 3 bytes to store value of p,
d and g + 4 bytes x No. of coefficients]. The header information of compressed data packet is given in
Table 6.1. Fig.6.3. shows the structure of encoded data packet of compressed ECG data shows the
header information of compressed ECG data for generation of encoded data packets. The compressed
ECG data was encoded using 4 header bytes. The first header byte (DO to D7) contains the overall
length of a data packet. In the second header byte, first 4 bits i.e., DO to D3 contains total number of
ARIMA model coefficients and last 4 bits i.e., D4 to D7 contains ECG annotation type. The third header
byte stores ECG lead type in the first 4bit (DO to D3) and the last 4bit of fourth header byte along with
8 bits of fourth header byte contains the number of samples in original data. After the four header bytes
the compressed bytes were stored. In a data packet compressed data were stored after the header bytes.

6.3. Results:

In this work, a novel method for lossless ECG data compression using intelligent ARIMA model was
developed. This model is developed and validated using ten classes of cardiac rhythm from mitdb under
PhysioNet database and the ECG classes are as follows: 1) normal sinus rhythm (H), 2) atrial premature
beat (A), 3) premature ventricular contraction beat (V), 4) left bundle branch block beat (L), 5) right
bundle branch block beat (R), 6) paced beat (P), 7) aberrated atrial premature beat (a), 8) Nodal
(junctional) premature beat (J) and fusion PVC beat (F). In this work, the hyperparameters prediction
has been done for cardiac cycles with 1 minute duration. The compression model performance is
evaluated by MSE, MAE, maximum error (ME), PRD and CR Value. The ME mathematically
expressed as under:

ME = max[y, — y;] (6.5)
where, y; denotes the true value; ¥, denotes the predicted value of the hyperparameter and n denotes
the number of observations.

The compression performance metrics are defined as follows:

Length of original data

CR = (6.6.2)
Length of compressed data packet
T (Xi = Yi)?
PRD % =100 » [SP (6.6.b)
. CR Value
Quality Score(QS) = SR (6.6.c)

where X;: original ECG beat; Y;: reconstructed ECG beat; and N: number of beat data samples.
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DWT based noise removal method was used for denoising of raw ECG signal. In this method, db5 was
used as mother wavelet and 12" level decomposition was done to obtain denoised ECG signal with all
clinical information. Then the R-peak point and base line index were detected using DWT method to
extract each beat from the signal and stored into a beat cell for further process. Then beat delineation
has been done and extract each beat of an ECG signal. For each type of ECG signal beats are stored
into separate beat matrix for further processing.

The ECG data compression model was developed and validated using 46 mitdb record and the record
ID are: 100, 101, 102, 103, 104, 106, 107, 108, 109, 111, 112, 113, 114, 115, 116, 117, 118, 119, 121,
122, 123, 124, 200, 202, 203, 205, 207, 208, 209, 210, 212, 213, 214, 215, 217, 219, 220, 221, 222,
223, 228, 230, 231, 232, 233 and 234. A database of 1500 data was created using ten types of mitdb
data beat. The length of each ECG beat is different thus DAE and PCA were used as dimensionality
reduction and feature selection tools. The beat length was reduced into 100 using deep auto encoder
and the size of DAE and PCA derived input feature matrix is 1500x100 i.e., the length of each beat is
100 and the number of beats in the matrix is 1500.

The K-fold cross validation model was used to validate the train/test dataset. The dataset was
partitioned and prediction model efficiency was evaluated by considering 10-fold and 3-repeats to
construct a generalized prediction model. The MAE was chosen as the loss function. Finally, error-
controlled beat-specific compression was performed via the adaptive ARIMA model. In this method
each beat of a cycle was modelled by the best predicted hyperparameters for compression of the ECG
signal.

6.3.1. Ablation Study:

We have developed another three model to understand the performance of deep learning-based
compression model. Three parallel models are as follows: 1) DAE-SVR model where DAE was
performed as feature extraction tool and SVR as HPM to predict ARIMA model parameters; and 2)
PCA-MLPNN model where PCA was used as a dimensionality reduction tool and MLPNN as HPM
model, 3) PCA-SVR model where SVR predict hyperparameters using PCA driven features.

Table 6.2. shows performance for four types of HPM model using 46 mitdb data with different
annotation. From this table it can be observed that a single record can contain different classes of ECG
beats. Each beat is different in characteristic from other in a same cardiac cycle. Thus, the ARIMA
model hyperparameters combination should be unique for each beat. Table 6.2. shows the maximum
and minimum value of each parameter for each data record to understand the difference in values of the
parameters predicted by different HPM algorithm. In this table the average number of coefficients
required to model ECG beat are given. The table shows DAE-MLPNN based model predicts lowest
number of coefficients (8 numbers) for ECG modeling whereas PCA-MLPNN model offered maximum
number of coefficients. The coefficients are most significant for compression of ECG beat as it carries
the clinical information of the beat. As DAE-MLPNN based HPM model required lowest numbers of
coefficient for synthesis of ECG beat, thus it consume lesser time for prediction i.e., only24 seconds for
26 consecutive ECG beats. This model consumes less than one second time to predict the suitable
combination of hyperparameters. The aim of this work is lossless ECG compression which was
compared with other three model on the basis of compression quality and reconstruction efficiency.
Another most important outcome from DAE-MLPNN based ARIMA model is high reconstruction
efficiency after decompression.

Once the model is trained it can predict suitable hyperparameters for new ECG data and compress by
ARIMA model. The model coefficients were stored in a data packet with header information for future
application. The compressed beats were decompressed to validate the reconstruction efficiency of
model. Table 6.3. shows the compression and reconstruction performance of adaptive ARIMA model
using different types of HPM and Table 6.4. shows the computation time of each model. The
compression and reconstruction performance of four models for each class are shown in Table 6.5 and
Table 6.6. A high compression quality can be achieved by increasing the CR with decreasing PRD%.
CR is the ratio of original file size to compressed file size. The characteristics of lossless model is high
compression quality with PRD less than 0.5%.
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Table 6.2: Range of Predicted ARIMA Model Hyperparameters by Different Prediction Model

DAE-MLPNN Model PCA-MLPNN Model DAE-SVR Model PCA-SVR Model
mitdb |Annotation Predicted (p,d,q) No. of Predicted (p,d,q) No. of Predicted No. of Predicted No. of
Data ID Type Lead no. Value Coefficient Value Coefficient | (p,d,q) Value Coefficient (pdyq) Value Coefficient

Max Min | Max | Min Max Min |Max | Min | Max| Min |Max | Min | Max Min Max [Min

100 H MLII |(3,1.3) | (3,1.,2)| 7 6 (8,1,6) [(2,1,1)] 15 4 (51,7 3,1,2)] 13 6 |[(8,1,8)](20,1)] 17 3
101 H MLII [(3,1.2) | (2.1.D) ]| 6 4 (8,1.8) [(2.1.1)] 17 4 [6,1.7y(2,1.2)| 14 5 181D @211 16 4
102 H.Pf VS 1214 12.1.2)] 7 5 (7,2,7) [(2,0,1)] 16 3 (4.1.3)X(3,1.2)] 8 6 1(51.3) (41,2 9 7
103 H MLII [(4,1.2)|(3,1.1)| 7 5 (13,16) {(1.1,1)] 20 3 (7.1.6) (2,1.1)| 14 4 |(413)](2,1,2)] 8 5
104 H P f Vs 1(413)1(3,1,2)| 8 6 (1,1,11) ) (3,1,1) | 23 S 6,15y (1,1.1)] 12 3 [5,14)1(3.1,2)] 10 6
105 H,V MLII |[(2,1,3) | (2,1,L2)| 6 5 (10,1,9) | (3,1,4)| 20 8 (7,1,7y (3,1.4)| 15 8 |(6,1,6) [(2,1,3)] 13 6
106 H,V MLII [(3,1.4) | (2,1,.2)| 8 5 (11,1,7) 1 (2,0,1) [ 19 3 4153, L1N)] 10 5 [(4,1,3) 1(2,1,3) 7 6
107 V. P MLII [(4,1.4)](3.1.2)| 9 6 (7,1,6) [(3.1,2)] 14 6 (8,130 (5,0,1)] 12 6 141421 9 4
108 H MLII [(4,1.3)](2,1.2)| 4 5 9.1,6) [(2.1,2)] 16 5 (4.14)X(3.1.3)] 9 7 1(5.1.4) [(3.1,3)] 10 7
109 V,.L V1 4,1.3)  3.1.1)| 8 5 (7,1,7) [(1,0.1)] 15 2 [8,1.6)(4,1.3)] 15 8 1(7.2.8) [(20,1)]| 17 3
111 L V1 GG 7 6 (10,2,7) [ (1,1,2)] 19 4 (4,133 (2,1.1)] 8 4 |(51,8)](3,1,2)] 14 6
112 H MLII | (5,1,3) | (2,1,1)| 9 4 (9,1,7) | (2,1,1)[| 17 4 (5,1,7)(3,1,2)] 13 6 |(6,1,6)[(2,1,3)] 13 6
113 H,a MLII [(41,3)[(2,1.2)[ 8 5 (8,2,10) | (2.1.4) | 20 7 (6,150 (3,1,1)] 12 5 (711313 15 7
114 H.F MLII [(5,1.2) | (4.1.1)| 8 6 (8,1,7) [(3.1,2)] 16 6 (818 (2,1.1)] 17 4 (8,19 ](2.1,2)] 18 5
115 H MLII [ (3,1.3) | (2,1.) | 7 4 (10,1.8) {(1.,1,2)] 19 4 (7.16)(3,1,2)]| 14 6 [(7,1.6)1(20,1)] 14 3
116 H, V MLII | (4,1,2) | (2,1,2)| 7 5 (7,1,9) [3.14)] 17 8 (71,7} (2,1,3)] 6 6 [(8,1,9 | (2.1,2)| 18 5
117 H MLII [(3,1,2) | (2,1,L1)| 6 4 (9,1,8) [(3,1,3)] I8 7 8,1,6)(3,1,3)] 7 7 [(8,1,8)](2,1,3)] 17 6
118 R, A M\r]'—l“, (3,1,3)1(2,1,2) | 7 5 (8,1,6) [(2,1,2)| 15 S (82,7)(2,1,3)| 17 6 |[(7,1,5)](3,1,2)| I3 3
119 H,V MLII [(2,1,3)|(3,1.3)| 6 7 (8,1,9) [(4,1,5)] 18 10 (7,18 (3,1,1)] 16 5 1(9,1,8) [(3,1,3)] 18 7
121 H MLII | (4,14 ](2,1,2)| 9 5 (9,.2,8) [(1,1,2)] 19 4 (6,1.7Y(3,1.3)| 14 7 1(8,1,8) [(2,1,2)] 17 5
122 H MLII | (4,1,5) [ (3,1.1)[ 10 5 (8,1,9) [(2,1,2)] 18 S 412 3,1,2)] 7 6 |(6,1,5 [(3,1,3)] 12 7
123 H MLII | (3,1,2) | (2,1L)[ 6 4 (7,1,11) | (3,1,2) [ 19 6 [6,1,4y(2,1.2)| 11 5 1(6,1,6) [(2,1,1)] 13 4
124 R, F V4 [(3,1,6) [ 3,1.2)[ 10 6 (10,2,6) 1(2,1,3) | 18 6 (8,1,9)(2,1,3)| 18 6 (7,19 [(2,1,2)| 17 5
200 H,V,A,j| MLII [(41,2)| (1,1, | 7 3 9,1,10) [(3.1,4)] 20 8 [6,1,50(2,1,3)] 12 6 (8,19 [(3,14)] 18 8
201 H,V,A,a| MLII [(8,1,8)](2,1,1)[17 4 (8,1,7) [(3,1,5)] 16 9 [4,1,5)(3,1,2)| 10 6 (91,8 [(2,1,2)] 18 5
202 H,A,a | MLII |(3,1.4) (2,1,1)] 8 4 (8,1,8) [(3.1.4)] 17 8 13.,1.4)(2,1.2)] 8 5 (71D [@3.1,2)] 15 3
203 H V MLII [(5,1,3) | (2,1.1) | 9 4 (10,2,7) {(2,1,2)] 19 5 (6,150 (3,1.1)] 12 5 (8,15 [(2,1,1)] 14 4
205 H,V,F | MLII |(7,LL5)|@3,1,1)| 8 5 (8,2,7) [(1,02)| 17 3 (7.1,5y(2,1.1)| 13 4 |(6,1,8) | (1,1,1)| 15 3
207 [LRVA|MIM G @y |6 | a1 (0| 17 | 5 @iy ain| 2 | s |ele || 16 |4
208 V. F MLII | (6,1,5)](2,0,1)[ 12 3 (8,1,8) [(2,1,4)] 17 7 (518 (3,1,1)] 14 5 |(8,1,8) [(2,1,3)] 17 6
209 A MLIL [ (5,1.3) [ (L,LLLD| 9 3 (8,1,10) [(3.1,5)] 19 9 (8,193,101 18 S [(7,1.8) 1 (3.1,2) | 16 6
210 |H,V,a, F| MLII [(4,1.4)|(2,1.3)| 9 6 (8,1,8) [(2.1,4)] 17 7 (5,194(2,1.2)| 15 5 [(9,1,8) | (3.1,3)| I8 7
212 R V1 (5,1,2) | (4,1.1) ]| 8 6 (10,1,7) [ (1,0,3)| 18 4 (7LD 15 3 [(6,1,5)1(3,1,3)] 12 7
213 V,A,F | MLII [(6,1,.4) | (1,1,2) [ 11 4 (6,1,8) [(3,1,3)] IS5 7 (51,50 (2,1,2) ] 11 5 1(7,1,6) [(3,1,2)] 14 6
214 L,V V1 (4,1,3) 1 (1,0,1)] 8 2 (7,1,8) [(3,1,2)] 16 6 (8, 1SN(1,1,1)] 14 3 1B, [(21,2)] 16 5
215 H,V MLII | (3,1,5) | (3.1.L1)| 9 5 9,2,8) [(4,1,3)] 19 8 |5,1,6)(3,1,1)] 12 5 19,19 [(3,14)] 19 8
217 H V,P.f| MLII [(4,14)](2,1.2)[ 9 5 (9,1,10) [(1,1,5)] 20 7 (518 (1,1,1)] 14 3 (91,9 1(2.1,3) | 19 6
219 HV MLII [ 3,04 [ (LD 8 3 (9,1,8) [(3,1.4)] 18 8 (9,1.8)(4,1.3)] 18 8 [(8,1.,8)|(3.1,3)] 17 7
220 H, A MLII [ (5,14 | (3.1.2)[ 10 6 (7,29 [(3.14)] 18 8 41321 h| 4 4 (18 |(2.1.2)] 16 5
221 H.V MLII [(3,1.3) | (1,1.D) | 7 3 (8,1,9) [(4.14)] 18 9 [514)(3.,1.2)] 10 6 (8,19 [(3.1,2)] 18 6
222 H,A,j MLII | (3,1,3) | 2,1,1) | 7 4 (10,2,7) | (4,1,5)| 19 10 (761)'1 3,1,4)| 18 8 [(7,1,6) |(3,1,2) | 14 6
223 |H,V,A,F| MLII |(3,1,5 [ (1,1,2)| 9 4 (7,1,6) [(3,1,3)] 14 7 413G,y 8 5 (LD @11 15 4
228 H.V MLII | (3,1,2) [ (I,LIL)| 6 3 (10,29) 1(4.1,3) | 21 8 51,7y (@(3,1.3)| 13 7 [(7,1.8)1(3,1,2)] 16 6
230 H MLII [(4,1,3)](3,1,2)| 8 6 (7,1,9) [(3,1,2)] 17 6 (51.4)(3,1,2)] 10 6 1(7,1,6) [(3,1,3)] 14 7
231 R V1 (5.1.4) | (1,1,1) | 10 3 9.2,6) [(2.03)] 17 5 (6,1.4)(2,1.1)] 11 4 1(6,1.5) [(2.1,2)] 12 5
232 AR V1 (4,1.3) 1 (1,1.2) ]| 8 4 (8,29) [(2,1,2)] 19 5 (1,17 (2,1.2)| 15 5 1(6,2.8) [(3.1,3)] 16 7
233 H,V,F | MLII [(5,14)](2,1.2)|10 5 9,1,6) [(3,1,3)] 16 7 (714 (2,1.1)] 12 4 |(7,19) |(2,1,3) ] 17 6
234 H MLIL [(6,1.4) | (2,1,1) [ 11 4 (7,1,9) [(2,1,3)] 17 6 (7.L8)(1,1.L1)| 16 3 [(9,1.8) | (3.1,2) | I8 6
Average 8 5 18 6 12 5 15 6

Here 34 mitdb records for H-type beat, 12 records for A-type beat, 22 numbers of mitdb records for V-
type beat, 4 mitdb records for L, P, and a type beat, 6 mitdb records for R-type beat, 2 mitdb records
for j-type beat, 9 mitdb records for F-type beat and 3 mitdb records for f-type ECG beat were used.
Among them 100 records were chosen randomly for evaluation of model performance.
Table 6.5 shows the average compression performance of each model and Fig.6.4. shows the
comparison chart of the CR value and PRD% for 10 classes of ECG data. The average compression
results obtained from adaptive ARIMA model using the DAE-MLPNN, PCA-MLPNN, DAE-SVR and
PCA-SVR prediction models are as follows: CR=43.97 and PRD% = 0.222; CR=33.78 and PRD% =
0.417; and CR=27.64 and PRD% = 0.487 CR=23.50 and PRD% = 0.362, respectively. It can be
observed that in Fig.4 the CR value of the DAE-MLPNN model is higher than other models, and the
PRD% is negligible.
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As the main objective is lossless compression, minimization of reconstruction error is another desirable
aspect. Here, ARIMA model was used for the reconstruction of ECG beats, and reconstruction
performance was evaluated in terms of MSE, MAE and ME. Table.6.6 presents the average
reconstruction performance of ARIMA model using predicted hyperparameters and the results are as
follows: for DAE-MLPNN model, MSE=5.26x10-4, MAE=12.54x10-3 and ME=9.96x10-2; for the
PCA-MLPNN model MSE=32.66x10-4, MAE=25.82x10-3 and ME=16.74%x10-2, for the DAE-SVR
model MSE=40.35x10-4, MAE=33.00x10-3 and ME=20.20x10-2 and for the PCA-SVR model
MSE=18.23x10-4, MAE=17.32x10-3 and ME=14.67x10-2. Table 6.6 shows that the MSE are in terms
of 10-4, the MAEs are in terms of 10-3 and the ME are in terms of 10-2. Hence, the reconstruction error
for adaptive ARIMA model is very nominal when the predicted parameters are used. Table 6.5 and 6.6
show that the DAE-MLPNN predicted ARIMA model yields best results for compression and
reconstruction. Fig. 6.5 shows a graphical comparison of the compression and reconstruction
performance of the four types of compression models. In this figure, the proposed model is represented
in blue. Here, the MSE, MAE, ME and PRD% are lower than those of the other three compression
models, whereas the CR value is above 40, which is higher than those of the other models. Thus, the
proposed model compresses each beat of an ECG cycle without losing clinical information, as the
average PRD% is negligible.

Fig.6.6 shows compression of ten classes of ECG beats by adaptive ARIMA model via the DAE-
MLPNN-predicted hyperparameters. Table 6.2 shows that a mitdb record may consist of different types
of ECG beats. Although the beats belong to the same records the model parameters vary according to
their clinical traits. From this figure, we can observe that mitdb 207 record is consisting of three classes
of abnormalities, viz., V, L and R; mitdb 201 contains a and j type beats and mitdb 102 contains P and
f type abnormalities, but they are modelled separately by a unique set of hyperparameters according to
their morphology.

Thus, the novel contributions of the proposed work are as follows: 1) ECG compression based on a
quality-controlled intelligent ARIMA model, 2) development of four error-controlled hyperparameter
prediction models, 3) beat-by-beat ECG data compression using adaptive hyperparameters, and 4)
compression of ten types of ECG beats in the mitdb database using 46 mitdb records

6.3.2. Comparison of ECG compression by the adaptive ARIMA model with published research
work:
ECG compression is very important for remote patient monitoring, patient data storage for analysis and

diagnosis purposes. Hence numerous algorithms have been published in this area and the main objective
is reduction of information loss by improving the compression quality. Table.6.7. shows the comparison
of compression performance of the present research with published works where mitdb database was
used for validation. ECG compression methods can be classified into a) Direct Data Compression
(DDC) methods, b)Transformation domain based (TD) methods and c¢) Parameter Extraction (PE)
methods. AZTEC, turning point, CORTES, and differential pulse code modulation (DPCM) based
compression are based on the DDC method.

The DPCM-based method is suitable for real-time telemonitoring but due to fixed thresholding
approach, it is unable to provide high compression efficiency [138]. It was validated with mitdb and
ptbdb data. The CR values for ptbdb and mitdb data are 6.42, with PRD of 9.77% and 5.92 with PRD
of 8.19%, respectively. As the QS is very poor this method cannot be used for ECG compression.

The TD method improves the QS. The WT, Discrete Cosine Transform (DCT), and DAST methods are
different algorithms of TD method [139]. In the WT method the ECG signal is transformed from time
domain to frequency domain and the transformed coefficient is used to compress the signal. This
approach yields average CR, PRD% and QS of 10.63, 4.71 and 2.26 respectively for mitdb data.
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Table 6.3.: Compression and reconstruction performance of the adaptive ARIMA model using hyperparameters

predicted by different deep learning-based prediction models for 10 types of ECG beats

Disease

Metric

ECG Compression by Adaptive ARIMA model

DAE- PCA-
MLPNN mrpnn | PAESVR PCA-SVR
Healthy (H) MSE 8.49x10° 2.74x<107* 3.07x107 4.54x107
mitdb 100 MAE 4.80x10°7 8.09x107? 3.24x1072 3.32x107
ME 4.13x1072 8.17x10% 2.12x10" 2.45%10"
CR Value 35.36 13.86 12.2 11.29
PRDY% 0.13 0.428 0.8 0.54
QS 272.00 32.38 15.25 20.91
Atrial Premature Contraction (A) MSE 1.31x10% 4.1x10* 6.91x10" 6.2x10°
mitdb 201 MAE 5.74x107 1.04x072 1.31x107 2.78%107
ME 9.13x1072 1.36x10"! 1.82x10"! 8.26x107
CR Value 34.94 29.42 26.62 20.7
PRDY% 0.17 0.5 0.56 0.38
QS 205.53 58.84 47.54 54.47
Premature Ventricular Contraction (V) MSE 4.82x10* 2.75%1073 2.28%1072 3.09%10-4
mitdb 106 MAE 1.63x1072 3.86x102 3.36x10-2 1.31x10-2
ME 6.88x10-2 1.67x10-! 1.09x10-! 6.12x10-2
CR Value 40.37 24.3 23.14 21.13
PRD% 0.25 0.47 0.36 0.34
QS 161.48 51.70 64.28 62.15
Left Bundle Branch Block (L) MSE 2.01x10* 1.46x1073 4.92x10* 6.8x10*
mitdb 109 MAE 8.99x107 2.27x1072 1.25%1072 1.64x102
ME 5.46x102 1.15%10"! 7.07<102 8.54x1072
CR Value 22.56 15 13.57 11.87
PRD% 0.22 0.39 0.59 0.2
QS 102.55 38.46 23.00 59.35
Right Bundle Branch Block (R) MSE 4.88x10* 2.16x10* 7.33%107 4.99x1075
mitdb 118 MAE 1.78x102 1.10x102 6.62x1072 5.39xx10>
ME 8.78x107 6.80%107 2.83x10"! 3.86%107
CR Value 38.35 24.3 40.5 18
PRD% 0.17 0.43 0.36 0.34
QS 225.59 56.51 112.50 52.94
Paced (P) MSE 1.51x10* 2.1x1072 8.89x107 4.44x107
mitdb 205 MAE 2.47x107 9.37x107 6.12x107 9.62x107
ME 1.68x102 4.11x10" 2.54x%10" 2.06x10"
CR Value 29.28 16.94 12.04 11.48
PRDY% 0.19 0.45 0.35 0.26
QS 154.11 37.64 34.40 44.15
Aberrated Atrial Premature Beat (a) MSE 9.45%107 1.21c10™* 1.13x10°? 5.26x10"
mitdb 210 MAE 5.08<107 5.55%107 1.69x102 1.20%10%2
ME 8.8x1072 9.48x102 2.75%10" 1.66x10"!
CR Value 41.66 36.76 34.72 32.89
PRDY% 0.24 0.31 0.56 0.42
QS 173.58 118.58 62.00 78.31
Nodal (Junctional) Premature Beat (j) MSE 7.22x107° 1.5%10% 2,13 1.03x10*
mitdb 222 MAE 4.07x107 5.8x1073 6.68x107 4.20x107
ME 7.34x102 9.9x102 1.10x10"! 8.34x1072
CR Value 38.93 36.5 26.54 24.33
PRD% 0.23 0.32 0.34 0.25
QS 169.26 114.06 78.06 97.32
PVC Fusion (F) MSE 3.68%10% 1.47x1073 2.65%107 10.38x10
mitdb 208 MAE 1.25x102 2.12x102 3.02x1072 5.52x1072
ME 1.01x10"! 1.87x10"! 2.07x10" 3.37x10°!
CR Value 25.46 10.85 10.33 9.03
PRD% 0.24 0.35 0.36 0.47
QS 106.08 31.00 28.69 19.21
Pacemaker Fusion (f) MSE 1.83x1073 4.81x1073 1.36x1072 1.14x1073
mitdb 217 MAE 2.54x10°2 4.12x10°2 5.72x102 2.13x107
ME 2.22x10" 3.14x10" 3.17x10" 1.62x10"
CR Value 36.62 23.66 22.42 22.42
PRD% 0.38 0.49 0.56 0.42
QS 96.37 48.29 40.04 53.38
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Table 6.4.: Comparison of computational time between PSO and different methods
Hyperparameter Prediction Models

. No. of beat Execution Time (minute)
mitdb Data .

D "';i‘;f]‘if DAE-MLPNN | PCA-MLPNN | DAE-SVR PCA-SVR PSO
100 25 00:22:12 00:38:10 00:35:22 00:40:18 09:42:29
102 24 00:29:00 00:35:00 00:37:18 00:39:20 12:02:23
106 21 00:18:06 00:22:09 00:20:12 00:39:20 14:33:05
109 32 00:32:05 00:29:28 00:37:21 00:58:03 11:35:42
118 24 00:24:11 00:46:17 00:43:12 00:26:14 23:01:12
201 28 00:27:08 00:48:02 00:32:00 00:39:06 09:18:08
205 29 00:20:22 00:34:28 00:34:28 00:33:29 15:11:28
208 32 00:19:07 00:40:00 00:26:46 00:45:25 17:20:16
210 30 00:29:10 00:52:16 00:33:25 00:31:50 05:38:09
217 24 00:24:28 00:39:13 00:25:40 00:28:17 14:12:09
222 24 00:21:15 00:23:50 00:20:08 00:28:22 16:24:00

Average 26 00:24:17 00:37:10 00:31:27 00:37:15 13:32:38

Table 6.5.: Compression performance of the lossless ECG compression model with the adaptive ARIMA model

using different hyperparameter prediction algorithms

Compression model performance using predicted hyperparameters
ECG No. of DAE- PCA- DAE- PCA-
Annotation | Data MIPNN | vrpny | DAESVR | PCASSVR | ol | n oo | DAE-SVR | PCA-SVR
type Records
CR Value PRD%
H 34 33.88 19.06 16.05 14.52 0.22 042 0.85 0.54
A 12 55.9 43 37.26 26.62 0.25 0.56 0.56 0.23
\Y 22 48.6 3471 324 28.58 0.28 048 0.42 0.29
L 4 31.66 21.92 19 15.83 0.23 0.39 0.56 0.24
R 6 48.6 3471 30.375 23.14 0.21 0.45 0.31 0.38
P 4 31.88 23.92 17.94 15.11 0.19 0.42 0.33 0.27
a 4 61.22 50.09 4592 42.38 0.2 0.32 0.59 0.45
i 2 38.93 36.5 26.54 2433 0.25 0.31 0.38 0.26
F 9 64.88 584 36.5 32.44 0.23 0.33 0.35 0.48
f 3 2412 15.5 1446 12.05 0.16 049 0.52 0.48
Average 43.97 33.7 27.64 235 0.222 0.417 0.487 0.362
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Fig. 6.4.: Comparison graph of the compression performance of the ARIMA model with various HPM
algorithms using 10 classes of ECG beats
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Table 6.6.: Comparative study of ARIMA based ECG Compression using different HPM Algorithm

ECG No. of ARIMA based compression model performance using predicted hyperparameters
Amnotation| D2 | DAE- | PcA- | DAE- | PCA- | DAE- | PCA- | DAE- | PCA- | DAE- | PCA- | DAE- | Pca-
type Records | vy pNN|MLPNN| SVR | SVR |MLPNN[MLPNN| SVR | SVR |MLPNN|MLPNN| SVR | SVR

MSE (10-4) MAE (10-3) ME (10-2)

H 34 0.85 2.74 30.7 454 4.8 8.09 324 33.2 4.13 8.17 21.2 245
A 12 1.31 4.1 6.91 0.62 5.74 10.4 13.1 2.78 9.13 13.6 18.2 8.26
\% 22 4.82 275 22.8 3.09 16.3 38.6 33.6 13.1 6.88 16.7 109 6.12
L 4 2.01 14.6 4.92 6.8 8.99 227 12.5 16.4 5.46 11.5 7.07 8.54
R 6 4.88 2.16 73.3 0.5 17.8 11 66.2 5.39 8.78 6.8 283 3.86
P + 15.1 210 88.9 4.44 24.7 93.7 61.2 9.62 16.8 41.1 254 20.6
a 4 0.95 1.21 113 5.26 5.08 5.55 16.9 12 8.8 9.48 275 16.6
j 2 0.72 1.5 2.13 1.03 4.07 5.8 6.68 4.2 7.34 9.9 11 8.34
F 9 3.68 14.7 26.5 103.8 12.5 21.2 30.2 55.2 10.1 18.7 20.7 33.7
3 18.3 48.1 136 114 254 41.2 572 213 222 314 31.7 16.2
Average 5.26 32.66 | 4035 | 18.23 12.54 | 25.82 | 33.00 17.32 9.96 16.74 | 20.20 14.67
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Fig. 6.5.: Comparison chart of compression and reconstruction performance of the ARIMA model by HPM
predicted hyperparameters

The DCT method and dual encoding method perform compression by converting the time domain signal
into frequency domain. The energy of signal was compacted into a lower frequency coefficient [50].
This method offered a higher compression efficiency than previous methods with CR=16 and
PRD%=3.43. Hence the quality score (QS) also improved.

In DAST method, compression was performed via DWT and run length encoding technique, but due to
high compression, the loss of information increased [140]. A phase recovery unit was added before the
compression unit with a fixed offset to reduce reconstruction loss and average CR was 21.51 which was
better than those of the WT and DCT method [82], [141]. However, the average QS was only 4.35 as
the PRD% was 4.95. The QS can be improved by decreasing PRD%.

In integer DCT algorithm the QRS-complex and non-QRS region are segregated to develop a
subsegment QRS-bank to compress ECG [83]. It offers high QS, i.e. 28.57 with PRD of 0.84% and a
CR of 31.51. The 1-D DWT method is another TD-based method in which diverse DWT matrices
(Symlets, Battle, Coiflets, Vaidyanathan, and Beylkin wavelets) are examined. This method was
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validated on the mitdb arrhythmia database. The Battlel wavelet-based measurement yields the best
performance against db3, coif5 and sym6 in terms of the CR value, PRD%, RMSE and SNR, but values

of the performance metrics are not given explicitly.
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Fig. 6.6.: Compression and reconstruction performance of different types of ECG beat by the intelligent ARIMA
model: (a)103-H, (b)232-A, (c)207-V, (d)207-L, (¢)207-R, (f)102-P, (g)201-a, (h)201-j, (i) 205-F, (j)102—f

In PE-based compression methods such as CAE, SVD, DE, and Run-Length Encoding (RLE),
parameters are extracted to compress ECG signal. The CAE method compresses ECG signal through
27 deep network layers and reconstructs ECG signal [143]. At the encoder side the ECG signal was

94| Page



reduced into a low-dimensional vector and then reconstructed at decoder part as a result the CR and
PRD% were 32.25 and 2.73% respectively.

Table 6.7.: Comparison with previous published work on lossless ECG compression

Work Method Database @ CR PRD (%) QS
(a) Direct data compression methods (DDC)
tbdb 6.42 9.77 0.66

Alam et al. [138] DPCM based P .

mitdb 5.92 8.19 0.72
(b) Transformation domain-based methods (TD)
Suresh Patel et al. [139] Wavelet Transform mitdb 10.63 4.71 2.26
C. K. Jhaetal. [50] EMD and DWT method mitdb 25.74 1.91 13.44
C.K.Jhaetal. [141] DCT & Dual encoding technique mitdb 16 3.43 4.66
A. Pandey [83] Integer DCT based method mitdb 3151 0.84 28.57
Thilagavathy R et al. [140] DAST method mitdb 20.71  6.12 3.38
R. Thilagavathy et al.[82]  DAST method mitdb 2151 495 4.35
C. K. Jhaetal. [80] TQWT and RLE mitdb 20.61 4.43 5.88
H. S. Pal et al. [142] TQWT mitdb 13.72  2.89 4.75
(c) Parameter extraction methods (PE)
Yildirim O et al. [143] CAE Model based mitdb 3225 273 11.81
'[;3;1]2“6”9' Z- Wang et al. - g\/p Method mitdb 5377 923 582
S. Banerjee et al.[144] AFD method ptbdb 48.21 3.88 12.43
S. Banerj l. [145 DE and RLE ptodb .52 Nil )

. Banerjee et al. [145] an mitdb 382 Nil i

Proposed Method Adaptive ARIMA Model mitdb 4397 0.222 198.06

In SVD method the ECG signal is divided into segments and a compression algorithm is subsequently
applied [146]. The ECG signal was divided into m R-R segments of length n by QRS detection. It offers
an average CR of 53.77 with PRD:9.23% and QS:5.82. The CR value of SVD is high but the QS
becomes low because of higher reconstruction error.

The AFD method is also a lossless and PE-based compression approach [144]. It was evaluated on the
basis of ptbdb data and the QS was better than that of DPCM-based method, delta encoding method and
run length encoding method in terms of a better CR, i.e. 48.21 with a PRD% lower than 5% i.e. 3.88%.

The DE and RLE methods are lossless compression methods in which a whole ECG signal is
compressed at a time which increases the computational complexity and time consumption [80], [145].
The average CR value is very low for ptbdb the CR is 6.52 and for mitdb the CR is 3.82. A low CR
value means more consumption of memory than other methods described for ECG signal compression.

In the previous approach, we observed that in a few methods, such as EMD & DWT, integer DCT,
DAST, SVD and AFD, the CR value is high, but the compression quality becomes poor due to PRD%.
This signifies that ECG compression should be lossless when developing a quality-controlled
compression model. In our proposed algorithm the quality is assured as the average PRD% is only
0.222%, which is lower than that of the previous approaches and the average CR value is 43.97. The
CR values of the SVD and AFD-based methods are better than those of our proposed method. However,
if we compare the PRD%, our result is negligible compared with the PRD% of the SVD and AFD
methods. Therefore, the average quality score becomes very high i.e. 198.06.
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6.4. Development of 1D-Deep Convolution Neural Network based Multiclass Classifier :

ECG classification can be either binary or multiclass. In binary classification only healthy and diseased
beats are identified. But in multiclass classification different types of diseases are identified along with
the healthy data. Many contributions are reported on classification of ECG signal. In this work we
focused on multiclass ECG classification. In the previous reported works, we have observed most of
the works were validated by five to six class of ECG from mitdb data. But a research should be validated
by multiple database to avoid the data biasness and make the model more reliable. We have developed
a generalized model for multiclass ECG classification. The model was validated by a new dataset i.e.,
Medical Information Mart for Intensive Care Il (MIMIC I1II) along with MITBIH. The core
contributions are as follows: 1) Development of 1D-DCNN based classifier, 2) Identification of 5 new
annotations of MIMIC-I11 which are not identified in the prior research, 3) Recognition of 10 heart
conditions of mitdb among them three new annotation are not considered in the published research.

Denoising and preprocessing of mitdb and MIMIC 111 database are already discussed in chapter 3.
Features of ECG is most important factor for efficient class identification as features of each beat signify
the differences in each heart condition. The denoised and preprocessed signal is passed through a DAE
for feature extraction. The method of feature extraction is described in Section 6.2.1. A feature bank is
developed using the features of different ECG annotation. A target or label matrix also developed by
respective label of each beat to train the classifier module. The classifier module is developed using
1D-DCNN algorithm. The model performance is evaluated by accuracy, recall, F1-score, precision and
loss using MIMIC-I11 and mitdb.

In this work five categories were considered from MIMIC |1l database, namely, normal (NORMAL),
arrhythmia (ARYTH), hypertension (HYPER), dilated cardiomyopathy (DCM) and right bundle
branch block (RBBB) and from mitdb database ten categories were considered, namely, 1) normal sinus
rhythm (H), 2) atrial premature (A), 3) premature ventricular contraction (V), 4) left bundle branch
block (L), 5) right bundle branch block (R), 6) paced (P), 7) aberrated atrial premature (a), 8) nodal
(junctional) premature (J), 9) fusion paced (f) and 10) fusion PVC (F) beat. Fig. 6.7. shows the flow
diagram of 1D-DCNN based multiclass classifier.

MIMIC III
Data

- Preprocessing Mixed beat Feature Extraction by -
Denoising by and beat database DAE and Feature Label ME.ltl'lX
DWT Method delineation generation matrix formation Generation

AV v

MITBIH

Training/testing of
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™ [ by 1D-CNN J%
MIMIC III
{1)NORMAL 2) ARYTH
13) HYPER 4) DCM :
RIRDEE e ; Beat Is expected
Classification output
_____ NEH:BEH_ e by 1D-CNN achieved ?
)H 2)A3)V HL !
ISR OPDa 8)j
OVEAOVE: o 5

Fig.6.7.: Flow diagram of 1D-DCNN based multiclass classifier
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6.4.1. Multiclass classification of ECG beat

A 1D-DCNN is based on deep learning algorithm which is specially designed to process one
dimensional (1D) sequential data. It is very useful for sequential data like time-series signal. In 1D-
DCNN a sliding convolutional filter or kernel is involved over the input sequence and multiple
convolution layers are introduced to improve the learning technique of the model. The learnable weights
of the filter are used for training of the network. In this mode it multiplies the filter value i.e. kernel to
the original input in a segment of the sequence and the single output is derived by summing up the result
of previous stages. It is continuous process to generate the output which is a transformed sequence. The
details of DCNN model are discussed below and shown in Fig.6.7.

6.4.1.1. Architecture of 1D DCNN:

In this work, the 1D-DCNN model is developed using two convolution layer followed by a dropout
layer. In a conventional 1D-CNN model the learning speed is very high. Here, multiple layers are
introduced to slow down the learning speed to increase the identification efficiency of classifier. Then
one max pooling layer with pool size 2 is used for down sampling the input value. The layer is performed
the task of data reduction. It only considered the important features and reduces the feature size into
1/4th of original size. The next layer is flatten layer which flattened the learned features into one long
vector. Then the vector is transferred to the fully connected dense layers prior to the final prediction via
output layer. The architecture of 1D-DCNN model is shown in Fig.6.8. In this classifier model 64
parallel features are mapped by considering kernel size=3. ReLU was used as activation function with
Adam as optimizer and categorical cross entropy as loss function for learning of multiclass ECG
classifier.

Dense
Layer

Flatten
Layer {—A—\

Convolution

Input FM

Laverl Convolution

Layer 2

Dropdown
Layer

Fig.6.8.: Architecture of 1D-DCNN Model
6.5. Ablation Study:

We have developed another three multiclass classification model using following methods: K-nearest
neighbour (KNN), Support vector machine (SVM) and multilayer perceptron neural network (MLPNN)
to compare the performance of 1D-DCNN based multiclass classifier.
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6.5.1. Working Principle of K-nearest neighbor (KNN)

The k-nearest neighbour is based on supervised machine learning algorithm. It is a non-parametric
classifier and used in classification and regression problem. It works on the principal of proximity or
similarity index for class recognition of unknown data point. It considers k-nearest neighbours of target
to classify new set of data. Here K is number of nearest neighbours. Euclidian distance is used for
calculation of distance between each datapoint to find out the k numbers of nearest neighbours. The
pair of datapoints with smallest distance are considered. The class which occurred mostly among the
neighbour, becomes predicted class of new datapoint. Mathematically Euclidian Distance can be
expressed by:

dist(x,y) = Xz, (Vi = %)? (6.7)

where, x is new datapoint, x; is the feature vector of training dataset and y; is respective target class of
training dataset.

It is important to determine the value of k for classification of unknown data. For example, k=1 means
the unknown data belongs to same class and it’s a single nearest neighbour. The overfitting and
underfitting also depends on value k. If the value of k is lower than required one it can have high
variance with bias and for high value of k will give low variance with high bias. The choice of k is
depended on the input data. The value of k should be odd number to avoid ties in the classification.

6.5.2. Working Principle of Support vector Machine (SVM):

SVM is based on supervised machine learning algorithm and used for classification and regression of
both linear signal and non-linear signal. SVM works on the principal of separating different class of
data by finding optimal hyperplane on the basis of target features. It is suitable for both binary and
multiclass classification. It determines the shape of hyperplane depending on the features of input data.
The hyperplane may be a line within a 2-D space for binary classification or a plane in n-dimensional
space for multiclass classification. For multiclass classification, it finds out best decision boundary to
predict class of unknown data. The line which are aligned adjacently across the hyperplane, known as
support vectors. These vectors are gone through the datapoint for determination of the maximal margin.
Kernel functions are used for non-linear data set to transform the data into higher dimensional space for
linear separation. The kernel function may be of different type on the basis of data characteristics such
as linear, redial basis, sigmoid or polynomial kernel. The linear kernel function for non-linear data
classification can be expressed as:

K(w,b) = wTx+b (6.8)

where, x reprents input feature vector of the training dataset; w represents the direction of normal
vector to the hyperplane which is perpendicular; b represents the distance of hyperplane from the origin
along with the normal vector w.

6.5.3. Working Principle of Multilayer perceptron neural network (MLPNN):

MLPNN is a deep learning-based model, used to extract feature, for classification and in regression
problem. It has one input layer, one or multiple hidden layer and one output layer. For deep network
multiple hidden layers are used. These layers are comprising of multiple fully connected nodes. It is a
supervised learning method through back-propagation. The node number of input layer depends on the
number of features. Hidden layers are the heart of the MLPNN as all computations are done in these
layers. The value of each node is multiplied by the weight vector. ReLU used as an activation function
to learn the complex pattern or relation of the input-output data. The output layer provides the predicted
output based on the number of target value. This model can be represented by n input with m numbers
of output and mathematically expressed as:
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f(&): R > R™ (6.9)
where, n: number of input node; m: number of output node.

6.6. Result

The proposed work is validated by a new dataset i.e. MIMIC-II1 database under Physionet. It is also
validated by mitdb data to compare the performance of this work with previous publish research. Five
classes of MIMIC Il database and ten classes of mitdb database were considered for performance
evaluation.

From the MIMIC-II1 database five cardiac cycles of each heart conditions are selected and 20 beats are
chosen randomly among each cycle. The beats were stored into a cell as each beat is different in length
and the cell dimension is 500x1. For each class of mitdb data 100 beats are chosen across the 48 records
of mitdb. The dimension of mixed beat cell is 1000x1. The beat cells are called as data banks.

Each beat of data bank was followed by DAE for feature extraction. It extracts 100 complex features
from each beat of data bank and stored into a feature matrix (FM). The dimension of FM was 100x500
for MIMIC 111 data and 100x1000 for mitdb data. The corresponding labels were stored into a separate
matrix known as label matrix (LM). The 1D-DCNN classifier model is trained by FM and LM. The
predicted result of proposed classifier can be true or false. Thus, the most possible outcome can be of
four types, namely,

a) True positive (TP) means prediction of correct positive class
b) True negative (TN) means prediction of actual negative class

c) False positive (FP) means wrongly predicted positive class i.e., actually the class is negative but
predict wrongly as positive

d) False negative (FN) means wrongly predicted negative class i.e., actual class is positive but predict
wrongly as negative.

A confusion matrix can be defined as a table for performance evaluation of a classifier where the
predicted output evaluated against actual output. Fig.6.9. shows a typical confusion matrix for 2x2
classification. In this work, for MIMIC |11 data the dimension of confusion matrix is 5x5 as it classifies
5 classes of ECG data and for mitdb data the dimension of confusion matrix is 10x10 as it classifies 10
classes of ECG beats. The performance of proposed classifier was evaluated by performance metrics
such as accuracy, recall, precision, F1_score,. The performance metrics are defined as under:

Actual Class

o

% Positive Negative

S | Positive L ks
5 Positive Negative
= False True
') .

& | Negative Positive Negative

Fig.6.9.: Confusion Matrix

Accuracy: Accuracy measures the percentage of correct prediction by the classification model. It can

be expressed by:
TP+TN

TP+TN+FP+FN

Accuracy = (6.10)
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Precision: Precision can be defined as the ratio of True positive to all predicted positives by the
classifier model. Lower precision proportional to higher false positive prediction by the model. It is
expressed by:

TP
TP+FP

Precision = (6.11)

Recall: Recall is the ratio of True positive to all positives in the data. Actually, it is true positive rate.
It is defined by:

TP
TP+FN

Recall = (6.12)

F1 score: F1_score measures how well a classifier performs the task of classification. It is expressed
by:

2 2xTP
Flscore = — — = rrrmariryy | (013)

Precision Recall

We have split the dataset of MIMIC 111 and mitdb data into three manners: 1) use 60% data for training
and 40% data for validation; 2) 65% data for training and 35% for validation and 3) 70% data for
training and 30% for validation, to observe the performance of model.

Table 6.8 shows the values of performance metrics for proposed classifier model using three manners
of data distributions for MIMIC 11l and mitdb dataset. From the table 6.8 and Fig. 6.10. & 6.11. it is
observable that among three data distribution ratio 70% training and 30% data validation gives highest
accuracy for both types of data. As the number of training data are more than other two data distribution,
it offered more than 99% class prediction accuracy for MIMIC 111 and mitdb database.

Table 6.8. Performance of 1D-DCNN based multiclass classification Model of MIMIC 111 data and mitdb data
using different data distribution ratio

Database Performance Metrics
Distribution Database
ratio Accuracy | Precision | Recall | Fl-score Loss
(Train : Test)
20:30 MIMIC 11 99 99.04 99.00 98.99 0.0800
' mitdb 100 99.87 99.9 99.9 0.0082
65:35 MIMIC 11 98.66 98.73 98.66 98.65 0.1200
' mitdb 98.7 98.59 98.7 98.7 0.0091
60:40 MIMIC 1 93.99 94 93.99 93.99 0.3120
' mitdb 97.22 | 9756 | 97.22 | 97.037 | 0.0570

Table 6.9. Comparison of performance between Different types of Classifier Model

Method mitdb Data MIMIC 111 Data
Accuracy | Precision | Recall |F1-score| Accuracy |Precision| Recall | Fl-score
KNN 0.91 0.91 0.87 0.89 0.916 0.919 0.869 0.887

SVM 0.952 0.952 0.952 | 0.951 | 0.948 0.949 | 0.977 | 0.964
MLPNN 0.983 0.979 0.968 | 0.981 | 0.966 0.968 | 0.965 | 0.9664
1D-DCNN 1.0 0.998 0.999 | 0.987 0.99 0.9904 | 0.988 | 0.989
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Fig.6.10.:1D-DCNN Classifier Model performance for MIMIC Ill data and mitdb data using different data
distribution manner
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Fig.6.11. Loss in1D- DCNN classifier for different data distribution ratio

In Fig. 6.12. & 6.13. from the accuracy and loss graph of model it is observed that using 70% training
data loss of model becomes negligible i.e. only 0.08% with prediction accuracy 99% for MIMIC 11l and
for mitdb data the loss becomes only 0.0082 % with accuracy 100%

Fig. 6.14.(a). and 6.14.(b). are shown the confusion matrix of 1D-DCNN based classifier for mitdb data
and MIMIC |1l data, respectively. From fig. 6.14.(a). it can observe that the 1D-DCNN classifier
successfully indetify 10 classes of mitdb data. On the other hand in Fig. 6.14.(b) one instance of MIMIC
111 data i.e., class 2 was incorrectly predicted as class 3. The ARYTH data was considered as HYPER
by the classifier. These figures are assured the class prediction accuracy of 1D-DCNN classifier.

The model performance was compared with other three classifier model based on KNN, SVM and
MLPNN. These three models are validated by mitdb and MIMIC 11l database. KNN and SVM are
machine learning based classifier whereas MLPNN and 1D-DCNN are deep learning beased classifier.
Table 6.9 and Fig. 6.15 shows that, the KNN method gives 91% class prediction accuracy and precision
for both mitdb and MIMIC Il but 87% and 89% recall, 86.9% and 88.7% F1-score for mitdb and
MIMIC I11 data respectively. SVM algorithm offers 95.2% accuracy, recall, precision and 95.1% F1-
score for mitdb and 94.8% accuracy, 94.9% precision, 97.7% recall and 96.4% F1 score for MIMIC lI
data. MLPNN offers better performance than machine learning based classifiers. This method yields
98.3% accuracy, 97.9% precision, 96.8% recall, 98.1% F1-score for mitdb and 96.6% accuracy, 96.8%
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precision, 96.5% recall, 96.64% F1-score for MIMIC-I1I data. Whereas, the 1D-DCNN gives 100%,
99.8%, 99.9% and 98.7% accuracy, recall, precision and F1-score respectively for mitdb and 99.0%,
99.04%, 98.8% and 98.9% accuracy, recall, precision and F1-score respectively for MIMIC I11.

From Table 6.9 we observed that the proposed 1D-DCNN based classifier gives 100% accuracy for
mitdb data and 99.96% for MIMIC |1l data whereas KNN and SVM based model accuracy are below
96% and highest accuracy obtained by MLPNN model i.e., 98.3% and 96.6% for mitdb and MIMIC-
I11 data respectively . Hence, it is noticed that deep learning model achieves better result than machine
learning based method and 1D-DCNN gives best result among them.
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Fig.6.12. Accuracy and Loss of the 1D CNN model for training data and validation data using MIMIC |11 data:
(a) for 60% training data and 40% validation data; (b) 65% training data and 35% validation data; (c) 70%
training data and 30% validation data

Plethora of research work are published in this area. The main objective of ECG classification is to
achieve higher classification accuracy and to identify multiple cardiac disease for analysis and clinical
diagnostic purpose. We have observed in most of the published work of ECG multiclass classification
mitdb data under Physionet database were used for validation of the model. We compare the
performance of reported work with the proposed algorithm and shown into Table 6.10.
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KNN and SVM are most common method used as classification model . These models were trained by
features extracted by Burg’s method and it can classify two heart conditions, namely, NSR and Atrial
fibrillation (AF) [147]. 8th order KNN model offered 100% accuracy for 30 second, 15 second and 5
second record and 8th order KSVM model was achieved 92.3% accuracy for 5 second and 100%
accuracy for 15 second and 30 second record. In another work 9th order KNN was applied on the basis
of PCA extracted features [70]. It was focused to classify three heart conditions, namely, Atrial
Tachycardia (AT), A and Sinus Arrhythmia (SA). It gives better result than 8th order model. This model
was achieved approx. 97.14% accuracy on average. It gives maximum 100% accuracy for 15 seconds
and maximum duration was considered as 35 second with classification accuracy 85%.

PNN model was developed on the basis of Adaptive wavelet network (AWN) to classify 7 ECG
annotations from mitdb data viz., N, A, V, L, R, P and F beats using features extracted by Morlet
wavelets [101]. This method offered 94% classification accuracy. In another work , PNN identified six
ECG annotation viz. N, A, V, L, R and P beats with 99.65% accuracy [98]. PNN with WT was validated
by eight class namely, N, A, V, AF, L, R, supraventricular tachycardia (SVT) and sino-auricular heart
block (SHB) with accuracy 92.7%. It is a challenging task to detect eight classes of ECG condition but
the accuracy is under 95%.

SVM is another popular method for classification which was used for binary classification on the basis
of DAE extracted features [149]. It yields 99.99% accuracy but it identifies whether a beat is normal or
abnormal. It unable to recognize different classes. SVM model combined with genetic algorithm (GA)
[150] and obtained 97.2% accuracy. 1D-CNN is efficient method which was applied with softmax to
recognize 5 heart condition the accuracy is 97.5%.
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Fig.6.13.: Accuracy and Loss of the 1D CNN model for training data and validation data using mitdb data: (a)
for 60% training data and 40% validation; (b) 65% training data and 35% validation data; (c) 70% training data
and 30% validation data
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Fig.6.15.: Performance comparison graph of different classifier model for (a) mitdb data and (b) MIMIC 111 data

In the aforesaid works on classification the model efficiency was evaluated on the basis of mitdb data.
But in a recent published work a new database i.e. MIMIC-I11 data had been used for validation. In this
approach 1D-CNN applied with BiLSTM for binary classification. It only detects whether a beat is
normal or diseased and achieved accuracy is 95%.
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Table 6.10. Comparison of classification performance between proposed work and previous published work

Article Feat“fe Class No.  Database ECG Class  Classifier Accuracy
Extraction
K. Padmavathi et al. 2 . KNN, 100%,
[147] Burgs Method mitdb N, AF KSVM 92.3% &100%
Varun G PCA&B 3 Biomedical
urges Lab, NIT, 0
Gupta et al. [70] Method Jalandhar ATA, SA KNN 97.14%
5 mitdb
S. Raghav et al.[88]  Fractal Feature NAV, LR lemplate 99.49%
Matching
Chia-Hung Lin et al. mitdb N,A V,L,R,P, o
[101] Morlet wavelets 7 F, PNN 94%
Yuetal. [98] Wavelet Transform  © mitdb N AV LRP  PNN 99.65%
) N, AF, A, V,L, .
Jose et al. [148] Wavelet 8 mitdb R SHB. SVT PNN 92.70%
2
. N, AV, .
P. Bera et al.[149] DAE mitdb F.LRandf SVM 99.9%
Zadeh et al. [150] CWT 5 mitdb N,A V,L,R SVM +GA 97.20%
Elif et al.[116] EMD 6 mitdb N,AV,LR, P LDA 87%
Dan Li et al. [151] 1D-CNN 5 mitdb N,A, V,L,R Softmax 97.50%
ngih[inlj{]lu ®  Combined Feature 2 mitdd . Arthythmia  LSTM 97.74%
J'“q'ar['ff;]“ etal. LSTM 2 mitdb N, Diseased  1D-CNN 95.96%
Abh'”aal" Eg'?f]hwa ot ANN 2 mitdb N, Diseased  ANN 96.21%
Aldughayfiq et al. 2 MIMIC 111 1D CNN + .
[120] 1D-CNN N, AF BiLSTM 95%
5 MIMIC I N, ARYTH,
HYPER, RBBB, 1D CNN 99.96%
Proposed Method DAE DCM
10 mitdb N, Aé\;, II:,J_L, R, 1D CNN 100%

We have studied the published papers in this area and find out the research gap and work on this area.
we observed that all research were done on the basis of one database i.e. mitdb which introduce risk of
database bias. A research should be validated by multiple database to mitigate the risk of database
biasness. Different database ensures comprehensive and accurate analysis and make the research
finding more reliable and generalized. It ensures true result for various database not for a specific
database. In this research we developed multiclass classification module for MIMIC-111 database along
with mitdb database.

6.7. Summary:

In this chapter we focused on two most important application of ECG signal processing and modeling
i.e., compression and classification of ECG signal. ECG compression is very useful in telemedicine for
transmission of bulk clinical data from remote location to the pathology for analysis, detection of heart
condition and diagnosis. The main aim was to develop a lossless compression model and deep-learning
method was applied for lossless ECG compression by ARIMA model. It is a novel method for
compression where a hyperparameter prediction model was developed using DAE-MLPNN hybrid
model to predict hyperparameters (p,d,q) of ARIMA model for compression of new ECG signal. The
ARIMA model coefficients are stored in a data packet alongwith a header file and the data packet is
transmitted for clinical analysis. The method was compared with another three models based on PCA-
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SVM, DAE-SVM and PCA-MLPNN model. The models were validated by ten classes of mitdb data.
The DAE-MLPNN model gives highest accuracy in terms of compression quality and reconstruction
efficiency. DAE-MLPNN model yields 198.06 as average quality score.

Classification is the preliminary steps for ECG anomaly detection and for proper diagnosis. As observed
in ECG compression work DAE driven complex features increase the efficiency of MLPNN based
compression model. For ECG classification DAE driven complex features were used to train the
classifier model. The classifier model was based on 1D-DCNN model. The model performance was
validated using ten classes of mitdb and five classes of MIMIC 111 database. The model performance
was compared with another three models based on KNN, SVM and MLPNN. We observed that deep
learning model gives better accuracy than machine learning model. MLPNN based classifier gives
higher performance than KNN and SVM based classifier. Whereas, 1D-DCNN based model
classification efficiency is better than MLPNN based model. The proposed model yield 99.96% class
identification accuracy for MIMIC |1l data and 100% accuracy for mitdb data.
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Chapter 7

Discussion, Conclusion and Future Scope

7.1. Discussion and Conclusion:

As per World Health Organization (WHO) cardiovascular diseases is one of the prominent causes of
mortality rates all over the world. Computerized analysis and interpretation of cardiovascular signals
has been one of the focused areas of research for electrical and electronic engineering. Modeling of
cardiovascular signals can lead to diseases classification, compression for effective data storage and
generation of synthetic waveforms for medical and engineering R&D applications. The research study
concludes the development of newer methods of cardiovascular signal modeling and analysis for
automated synthetics and interpretation of cardiac abnormalities. Advanced methods of computational
intelligence like machine learning, deep learning were utilized for extracting more relevant features for
developing robust models for synthesis, compression and classification of cardiovascular signals. The
contributions of thesis are enlisted as under:

7.1.1. Discussion and Conclusion of Chapter 3:

In chapter 3 we discussed about the type of database used in our research work and the database are
mitdb, ptbdb and MIMIC 111 database. The main purpose of using different types of data is to develop
model for synthesis, compression and classification without any data biasness. It will enhance the
reliability and make a generalize model. For processing of cardiovascular signals, the preliminary steps
are denoising and pre-processing of data. The main outcome of this chapters are as under:

a) Inchapter 2 we have discussed different methods of denoising of ECG signal. The most popular
methods are Kalman Filter, digital filter, wavelet-based method, EMD method, component
analysis method, neural network methods etc. In our work we have used digital filter and DWT
method for denoising of mitdb, ptbdb and MIMIC Il data. We have observed that as the
sampling frequency of each type of signal are different, the mother wavelet and reconstruction
levels are different. After noise removal the reconstruction efficiency was high and the clinical
signature of signals remain same.

b) After denoising the next important step is R-peak detection and baseline index detection for
extraction of beats from the signal. R-peak is most prominent feature of ECG beat thus for
further processing of ECG signal, it is desirable to detect the accurate location of R-peak index.
The R-peak detection was done by DWT method and baseline detection was done by window
method. We have observed that the R-peak detection and baseline detection was done properly
thus the number of extracted beats was matched with the total number of beats in a record.

c) The duration and amplitude of fiducial point are described the heart condition. For healthy ECG
beat there are some significant duration and amplitude of each fiducial points. Thus, any
difference from this range defines the abnormalities in the heart function. In our work we have
used min-max search operation to extract the fiducial points and the result was satisfying for
further processing of ECG signal.

We can conclude that for any biomedical signal denoising and feature extraction plays a vital role for
successful development of any signal processing model. In our work, the preprocessing of ECG signal
was accurate thus it helps to achieve accuracy in synthesis, compression and classification of ECG
signal.
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7.1.2. Discussion and Conclusion of Chapter 4:

In chapter 4 we have develop a cardiac simulator. The base of this simulator is modeling of ECG signal.
We have used two types of models, namely, Fourier and Gaussian model to develop a database. Two
methods were chosen to compare the performance of the models and selection of best model for
development of cardiac simulator. The outcome of this chapter are as follows:

a) Development of segment specific database according to their shape. We have divided an ECG
beat into three segments i.e., PR, QRS and ST segments. Each segment was modelled by
suitable model order on the basis of pre-defined RMSE. The coefficients were stored for each
segment to develop a database for further process. The database was prepared for six types of
data from mitdb and the ECG classes are NSR or H, APC, PVC, P, LBBB, RBBB.

b) We have developed a user defined cardiac simulator using the database. The cardiac simulator
can generate 10 types of ECG signal on the basis of user defined sex, age, type of abnormality,
sampling frequency, number of beats and desirable RMSE. The user will enter their required
criterion via a GUI in desktop..

c) The cardiac simulator also realized by DAQ. The sequential array (seq) was fetched to a
USB6009 using the analog 10 library function of MATLAB®. The DAQ analog output channel
generates the user desired ECG signal within 0-5 V.

d) We have compared the proposed cardiac simulator with other work and observed that in a
published work on cardiac simulator, the simulator can generate only healthy ECG beat and the
variation of pattern depends on two parameters i.e. heart rate and amplitude. In another work
the simulator can generate three types of cardiac rhythm but the rhythms are generated on the
basis of theoretical values.

We can conclude that it is very useful for medical student to understand different type of cardiac
rhythm and to train medical professionals without presence of any subject. As it can generate ten
types data by combining six class of ECG signal for different age and sex of people and the rhythms
are more realistic as it was developed using mitdb database. It will clear the concept of medical
student and professionals.

7.1.3. Discussion and Conclusion of Chapter 5:

In this chapter we focused into developments of new algorithm for improvement of reconstruction
performance. We discussed about two algorithms for synthesis of ECG signal, namely, 1) Segment
specific model and 2) ARIMA model.

In this first approach we have divided the ECG beat into seven segments and modelled each segment
by Fourier or Gaussian modeling according to their shape. The equipotential segments are modelled by
Fourier model and the bell-shaped waveforms are modelled by Gaussian model. The model is dynamic
in nature and error controlled. The model order selection is depended on the user defined value of
RMSE. The method was validated by ptbdb and mitdb database. The average reconstruction results of
ptbdb data and mitdb data are as follows: SNR = 87.8; RMSE = 1.65 x 10 and SNR = 92.05; RMSE
=1.64 x 107, respectively. We have compared the result in Table 5.2 with Fourier and Gaussian model
and found that average SNR for two classes of data from mitdb are 20.71 and 22.16. In another work,
five classes of data from mitdb was modelled by Gaussian model and the average RMSE is 33x 107,
Thus, from the result we conclude that the segment specific model ensured the better synthesis of ECG
signal with higher reconstruction performance.
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In another approach we have used ARIMA model but in this approach the reconstruction efficiency was
improved by optimizing hyperparameters of ARIMA model. This model is used as it is more suitable
in real time application as it is used for modeling of non-stationary time variant signal. We have
developed two types of hyperparameter optimizer based on PSO and GSO. We observed that PSO
consumes more computational time than GSO but PSO optimizes more suitable hyperparameters of
ARIMA model for modeling of ECG signal. The ECG signal modelled by PSO optimized
hyperparameters achieved higher model accuracy than GSO. The main drawbacks of these two
optimizers are slow in execution, high computation time and higher memory consumption. It can be
overcome by developing a deep learning based hyperparameter prediction model.

From this chapter we can conclude that segment specific model is better than modeling of a whole beat
by a particular modeling method. The ARIMA model is better than segment specific model. But the
model accuracy depends on model hyperparameters thus optimization of model hyperparameter is a
necessary step before modeling. PSO gives better result than GSO for optimization of hyperparameters
but PSO consumes enormous time. Hence, development of hyperparameter prediction model can
overcome these shortcomings of PSO.

7.1.4. Discussion and Conclusion of Chapter 6:

In this chapter we developed ECG compression model and classification model. In the chapter 4 and 5
we discussed different types of modeling method. But the main application of ECG modeling are
compression and classification of ECG signal.

n chapter 5, we observed that ARIMA model is best method for ECG modeling but the model accuracy
is depended upon the model hyperparameters. PSO is very efficient hyperparameter optimizer but the
drawback is high computational time. To overcome this problem, we have developed a deep learning
based hyperparameter prediction model using MLPNN. The ECG beat are modelled by predicted
hyperparameters using ARIMA model and compressed by storing the model coefficient in a data packet.
We compare our work with other work on compression and found our work propose average
compression quality 198.06 which is higher than other previous published work. The result is achieved
for 10 different classes of ECG. We conclude that the compression method is more reliable than other
methods as it validated by highest class of ECG signal and achieve a high compression quality.

In this chapter we focused on another important application of ECG signal processing and i.e., ECG
classification. The work was validated by two types of databases, mitdb and MIMIC I11. It can classify
ten classes of mitdb data and five classes of MIMIC 11l data. Deep learning method was applied for
feature extraction and classification. 1D-DCNN model was developed to achieve high classification
accuracy. We observe that in the previous published work, mitdb data was used for validation which
create a data biasness. In our work, we introduce MIMIC 111 data to make a generalize, non-bias and
reliable model. From Table 6.10 we observed that for both mitdb and MIMIC I11 data the classification
model yields class identification accuracy of 99.96% and 100% respectively which are very high.

7.2. Future Scope:

In This dissertation we develop new methods and algorithm for signal processing and modeling of
cardiovascular signal. Nowadays, remote monitoring of cardiac patients becomes very common for
quick diagnosis and treatment of the patients. The application of ECG signal processing and modeling
like representation of signal of interest, compression, classification are very useful for remote
monitoring and treatment of the subject. Although in our work we developed various machine learning
and deep learning-based approach for modeling, compression and classification but research can be
done to develop wearables for early detection of CVDs.
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We can enlist the following future scope:

a) ECG Data acquisition from cardiovascular patient using ECG signal acquisition unit and
modeling of the data to create synthetic ECG which may develop a large unbiased dataset with
a large variation like age, sex, abnormalities etc. The dataset may use for Al training.

b) In future the cardiac simulator can be converted into a stand-alone simulator real for time
cardiac application using hardware components like Raspberry —Pi embedded controller,

Touch screen etc.

c) The deep learning based compression model and classification model can be used for
developing for 10T devices and wearables for personal healthcare.
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