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ABSTRACT

The electrocardiogram (ECG) technology has emerged as one of the significant and
easily available diagnostic techniquesth clinical cardiovascular domain to detect the
diseases related the heart and maitoring the electrical activityf the heart. ie primary
use of the ECG is to detect several cardiovascular diseases (CVD) namely myocardial
infarction, Arrhythmia, Atrial Fibrillation & Ventricular Hypertrophgtc. In recent time
the research is going on automatic heartbeat detection, miniaturizditiow power ECG
processing wearable module & wireless patie
MEMS-based chip design and integration. It is possible by the personalized heartbeat
classification of a patient and accumulation of medical data thi¢ integration of high

performance computing devices by using a reliable processing unit.

ECG signal attained is corrupted with several mechanical & electrical noise namely
Power Line Interference (PLI), Baseline Wander (BLW), electrode movement/
electromyography (EMG), motion artifacts. For accurate analitss;linician requiresa
noiseless ECG signal. THefinite Impulse ResponsdIR) and Finite Impulse Response
(FIR) filtering techniques help to remove the noisel&@ECG signal. The FIRilfers are
chosen due to their linear response & hardware implementable nature. The FIR filters
require large computational complexityor general purpose multiplier during the
implementation, which limits its speed and demands more power & resourcesslieis
has been partially resolved by employing a Field Programmable Gate Arrays (FPGA)
processing unit. The yrogrammability, high speed, low power consumption & low
execution time employ FPGA as an efficient processing unit in the area of biomedical

applications designing. In this research, the most advanced & popular board namely Zynq

Xil



7000 zedboard is utilized to design the wearable ECG denoising module for the multistage
classification system.

The preprocessing of bisignal is a very importargtep before the analysis as it affects
the quality of the data & the decision making capability of clinicians. It also plays an
important role in the performance tife bio-signal classification system. Amptimized
design fora resourceefficient digitalfilter is implemented on FPGA to denoise the ECG
signal.

The different types of window filtering techniques are employed to test & validate the
denoising ECG signal. The ECG samples obtained from the online platfottme BfT -

BIH database is corrupteditiv various types of low & higfrequency noiseThese noises

are eradicatedoy employing digital filters in the MATLAB environment. A high
performance optimal order digital filter designdiesigned &mplementedon an eficient
modified hamming windowThe modified window providea better frequency response in
comparison to other classical window functions. The proposed window function is
modeledinto Simulinkusingthe Xilinx SystemGenerator (XSG)The proposed Simulink
model has been transferred e tVerilog Hardware Description Language usk®G. The
high-performance ECG system chip design & its verification is donardfPGA board.

The proposed digital filter design is simulated & synthesized in Xilinx VIVADOtlan
FPGA development board. Toake the FPGA an ideal fit and viable alternative for ECG
diagnosis, a symmetrical structure design is proposed to make it more resourceful by

optimizing the hardware components to accommodate it in a small chip area.

To attain the optimized results terms of resource utilization and power consumption,
various combinations of window filtering desigkajser, Bartlett, Blackmann, Hamming,
Rectangularand Hanniny for low pass and high pass filter is applié@. low power and
resource utilizatiorvalidates byan exhaustive comparison has been done among diverse
windows functions that comprise of symmetric and-apthmetric designs. The symmetric
window function architecture has been chosen because it eliminates all three types of
noises simuahreouslyand provides high performance in terms of resource utilizatiba.
proposed architecture consumes 0.86 % of LUT, 4.52% of slice register & 7.72% of DSPs
but it consumes 510 mW erhip power; which is very high. The proposed architectare

attain minimum resource to remove ECG noises simultaneously but failed to lower the

Xiii



power consumption. The selected architecture is employed in the stationary ECG module

in which power consumption is not an important criterion.

The low power consumption isvétal criterion for wearable and handheld ECG devices.
A robust collateral & sequence XSG architectures to attain low power criterion by
employing modified hamming window function are suggestohong collateral and
sequence architecture; the sequence art¢hre@rovides better results as it acquires only
0.86% of slice LUTs, 5.13% slice registeend only 8.18% of DSP fothe proposed
window function. The chosen architecture has consumed only 0.138Wafippower,
whichis suitable for portable ECG dees. The validation of the result has also beeme
by employing DWT based denoising using five wavelet functions (haar, daubechies,
coiflet, symlet and biorthogonal). Among them, the Haar wavelet funciitines 33%
fewer resources as comparedtte window function but in terms of power utilizatioi
consumes 122 mW more power th#me proposed window function, which is no
appropriate for the wearable ECG desiog module.The sequence architecture performs
exceptionally for wearable ECG denoisingdida This XSG architecture assists to design
an overall expert system for the classification of several CViDshe classificatiorof
HRV based CVB severalHRYV features are obtained by computing tachogram & PSD of

R-R interval.

A multistage classification system contributes noteworthy applications on heart rate
variability (HRV) based machine learning algorithms in medical diagnosis. HRV analysis
has tremendous applications of mortality prediction due to various cardiac diseases.
Machine leaming algorithms offer optimized solutions in various medical domains like
data mining for disease diagnosis, patient data management, patient data clustering
classification for decision makingtc. The major intent of this thesis is the early stage
prediction of Arrhythmia & Atrial Fibrillation by using HRV features & machine
learning approach. As in recent times, CVDselaecome a growing social issue in India
and across the world, therefore, its incidences, various risk facats prevention
strategies hee been presented in this research work. Three methodologies namely time
domain classificatiora Computeraided diagnostic system for feattbiased classification
(CAD-FSC) & Multistage HRV classification (MSHVC) ka been proposedSeveral
HRV features in various domains (time, frequency & geometrieg baen extracted from

the preprocessed ECG signal. A total of 21 features are extracted for each subject. The

Xiv



statistical analysis helps to select these significant features from the gro®YdeHtures

by eliminating redundant and irrelevant features. @rfisw attributes signyf a prominent

effect on the classification accuracy and by utilizing these features three methodologies are
proposed to develop an algorithm for better classifica#omaximum of 82%, 97%and

99% of overall accuracy is obtained by tisbdemain methodology, CAIFSC systemand
MSHVC system respectively. The proposed MSHVC system provides 98.55 % sensitivity
to classify the CVDs accurately. The current work providesbast system as compared to

that of other published studies.

The Classification of HRV features is essential for the automatic detection of CVD
cardiovascular disease. With the recent development eptomer wearable ECG devie
it becomes more viable to employ ECG for HRV based classification in daily life. The
progress in embedded system design & technology unlocked the capabivgacdble
ECG expert system. This thesis work also introduced a low power expert system elgvelop
for HRV based multstage classificationThe ECG expert systenncorporates the
sequence ECG denoising architecture for theppoeessing block & ANN classifier for
the categorization of arrhythmia, atrial fibrillation & normal sinus rhytfime wearale
ECG expert deviceallows simple and rapid ECG monitoring of patients with suspected
CVDs.

XV
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Introduction

CHAPTER 1
| NTRODUCTI ON

Cardiovascular diseases have merged as one of the leading chusertality in the
world. The study conducted by the Indian Council of Medical Research (ICMR) presents
that twentyfive percent of deaths due to cardiac diseases app#a age group of 269

years.

The \arious CardievVascular diseases (CVDs) such as heart attack, acute ischemia,
myocardial infarctionetc. hae emerged as one of the leading causeseatid[1]. CVDs
account for approximatel$9% of sudden death argpp. 51% of other types of cancers
and injures as illustrated in Figure 1.$troke and acute ischemia accountable for more
than 80% of deaths in Indj3].

Ischaemic heart disease
All other causes 20%

22%

Injuries and poisoning
4% Stroke

13%
Respiratory disease

6%

Other cancer
11%
Other CVD

Breast cancer P = 16%

3% g
Lung cancer”

2% Colo-rectal cancer Stomach cancer
2% 1%

Figure 1.1: Distribution of Primary CVDs and other causes [2]

KIRTI 2 JUIT, 2020



Introduction

1.1HUMAN CARDIAC SYSTEM

The cardiac muscles comprising abdltee hundredillion muscle cells areéermed
cardiac pacemaker cellsxd myocardiocytes. The myocardiocytes along with skeletal and
nervous cells are labeled as excitable cells. These cells possess electrical propertie
action potential and resting potential. An electrical potential difference is generated within

the internal membrane and externambrane of the myocardiocytes.

The internal environmengenerally termed as cytosbas more concentration oK+
ionsin comparisorto Ca?* Na+, andCl' ions Whereasghe external environmetabeled
as ext r achadalow toacentratianiofd\ain comparison to th€a?*, K+, and
ClI' concentrations. A cardiac action potential is generated due to the concentration
difference within the internal and external membrane of the cardiac cells. In the Sino
At ri al ( SA) n oBumdle of Plig andAtrio-Yeatriculdr A¥) 1qdeof heat
pacemakers alls are located. The pacemakeells have the prominent feature of

automaticity that makes a difference from thgocardiocytes

An individual task is performed by the pacemaker cell for the generation of electrical
impulses, which help tbuild an action potential in the myocardiocytes. This action helps
to keep the heart beating. The heart rate of an individual is determinee pgritd of

one action potential.

The cardiasystem of an individual constitute$ various parts anthe heart is situated in

the center of the cardiac systefihe circulation of the blood in the entire body is done by
the cardiac system. Figure 1.2resents the illustrative diagram thfe human cardiac
system.The heart is divided into two parts: left and right, which is further separated into

two chambers termed as atrium (upper chamber) and ventricle (lower chamber). The
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atrium receives the deoxygated blood fronthe lungs and ventricles transmit the blood

to the whole body.

Aorta

Pulmonary
Superior ~trunk
vena cava
Left
Right atrium
atrium
-~ Pulmonary
veins
Right
ventricle Left
ventricle
Inferior

vena cava

Figure 1.2: Human Cardiac Systers|

A nonconducting tissue namely fibrous helps to provide electrical isolation wtibiein
atrium and ventricl¢5]. The isolation fronthe right atrium totheright ventricle and left

atrium totheleft ventricle is provided byhetricuspid valve and mitral valve respectively.

The right part of inferior and superior venacava collects thexggenated blood from
the entire body. Th#ow of blood ismoving towardsthe right ventricle usinga tricuspid
valve and further pulmonary atria assist the flow of blood towtel lungs. The
oxygenated blood is taken from the lungs via pulmonary atria towlaedsft atrium and
the mitral valve facilitates the blood to transfer to the left ventricle. Then the oxygenated
blood from the left ventricle is transferred to the entire bodyheaorta. Throughout this

cardiac procedurdya’ ions diffused through the cardiac cell membrane. Due to this, an
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action potential generally termed as depolarization is generated within the internal and
external cell membrane [7]. Also, the diffusion oK" ions from the internal to external

cardix cell membrane leads to repolarization. If the potential difference within the
membr ane is greater than the threshold val
generates an electrical pulskhis electrical pulse anstructs a series of wavefosmwith

the help of electrodes and | eads situated o

When the trajectory of this pulse is drawn then it provides a graphical view of the
electrical activity of the cardiac system, generally termed as Electrocardiogram (ECG). It
is one ofthe primary diagnostic methods for the early diagnosis of CVDs. A typical ECG
signal consists of components like waves, segmanis intervals. Thenorphologyand
amplitude of every component comprise vastdical information.In the biomedical
signal pocessing community, the description of every component & automatic detection

emerged as one of the challenging sask

1.2ECG SIGNAL AND ITS COMPONENTS

A train of electrical impulses passed through the heartsandedoy the electrodes &
leadsatt ached t o timthe form ofeawaveformblabelegl as ECQhe
repolarization and depolarization process of diverse muscle tissue constructs each part of

the ECG waveform when an electrical impulse passes.

The repolarization and depoilzaition of the muscle tissue presenttle atrium and

ventricle providea graphical representation in termsRQ-R-S T segments and waves in

an ECG as represented in Figure 1.3.
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QRS

Complex

ST
Segment

PR
Segment

l/ PR Interval

I\ ! Sk ST Interval )

QT Interval

Figure 1.3: ECG signawaveform & its omponent$8]

Thetypical amplitude ofin ECG signal i9.2 mV andthe usefulfrequency range lies
between 0.5 to 100 H¥Vhen an electric impulse passes frtmaright atrium tothe left
atrium, there is a contractiaimat leads to the generation ofRxwave Thereafter, the
electrical impulse reaches AV node that causes ventricular contradien.Q-R-S
complex is produced as a result bfst contraction proces3.he T wave generation &
depolarization of ventrles is due tohe electrical impulsevhich is passed throughhe

bundle of Hispundle brancheddft and righj, and Purkinjefiber.

i. P wave:The depolarization of the atria which begimeforethe contraction of the

atriumis illustrated by P wave. The interval of th® wavelies between60ms to

110ms.

ii.  QRSDuration The informationaboutthe duration of ventricular depolarizatiaos
given byQRSduration The high amplitudéR peaks are produced due to the high
conduction velocity of an electrical impulse. The reason behind the increased
conduction elocity is the more muscle mass of ventricles as compareabeto

atrium. In the beat detection proceduRespeak is generally the most common
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standard. It is easily differentiable from the noise due to its high amplitude. The
ventricle provides more to ¢hQRS wave due to the high left muscle mass. The
time interval of the QRS wave normally lies within 60 to 100ms.

iii. T wave: The T wave represents ventricular repolarization which is also commonly
stated as ventricular recovery. Taetentof the T-wave is lss than 5mm with the
shape being sharply or bluntly rounded. Pegiodof the T wave is between 010
0.25 secondsAlarming diseases such as hyperkalemuia generally associated
with the T-wave anomalieshencewhen dealing with peaks (eg. Low amplitugdes
denoising of ECG signals becosessentialThus when conducting an ECG via a
wearable ECG module, denoisieiminates the mixing/overlapping of noise peaks
along with thenformatory peak®f anECG waveform

iv.  PRInterval: Thelength ofthe period measured between the beginning of P wave
and QRS complex is defind@y PR interval. The atrizventricular (AV) node delay
corresponds to this interval. The heart rate is controlled by the AV node which is
activated by the node delay. The normal tareof PR interval is between 0.12 to
20 seconds and any abnormality in this provides initial diagnostics of certain

cardiac arrhythmias.

v. ST Segment: The QRS complex is followed by the ST segment, where both the
ventricles become completely depolarized. The depression or elevation of the ST
segmenis important during diagnostics agéveals conditions such as ventricular

ischemia or hypoxiaTlhe time framdor this £gment is around 0.43 seconds.

vi. QT Interval: The total time frame of depolarization and repolarization of signals is
reflected by the QT interval. This &éso defined athe time taken by the heart to
complete one refill actign.e., contraghg andrefilling blood beforethe beghning

of thenextcontraction. This duratiod o e s n dre tHara4gl@ms.
vi.  R-R Interval: The period between QRS complexes is termed aR Rnterval.

Nowadays the nstantaneous heart ratalculation ly wearable ECG sensois

provided by he RR intervals where thenormal rangeof pulse is 60-100
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beatgminute The atrial rhythmis examined byP-P interval, whereas the-R
interval inspects the ventricular rhythm. In case both these intervals are equal
throughout the ECG then the heart is healthy, and if there are unrhythmic beats, it

is an early sign of heart problem [10].

vii. U Wave: The U wave follows the T wawd ventriculationrepolarizationand is
rarely visible due to its small size. The U waves are expected to represent the

repolarizatiorof Purkinje fibers

1.3ECG SIGNAL GENERATION AND ACQUISITION

To gauge the electric impulses in the heart, aupetanprising ofelectrodes and #&ls
is connected to the human body fran ECG machine. The electrodes carry electrons
while the ions carryithe body currenly. Adding electrolytic gel on the metal electrode
helps in creating an electro@dectrolyte interface. This interface measuresdimeent in
the body.

There is a change in magnitude and orientation of the dipole and the field produced by
it, as per theelectrical movement of the heart at a giwage The dipole movement can
be used to represent the dipole field of the heertan alternativéo field plot drawing.

The dipole movement being a vector is directed from negatitreetaositive charge.

In a single cardiac cycle, there are three main variations which are shown in the cardiac

vector, namely:

(a) Atrial Depolarization
(b) Ventricular Depolarization

(c) Ventricular Repolarization

The difference in magnitude, duratjoand direction in all the above result ihe
formation of an ECG waveform. The paring of two electrodes is called lead and space in
two leads is calle@ lead vector. To generatea maximum voltage in a lead, tlwardiac
vector direction is defined by thead vectorThe most obvious way to record the ECG is
between the Right Arm (RA) and the Left AriinA) although another two combinations
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using the Left Leg(LL) are also used clinicallf RAT L L a n dAnleduilateral)
triangle is formed by the thrdeead positi on, which is known
represented in Figure 1.4.

The clinical ECG comprises three limb leads, six chest leads and tlyeeiated leads.
The augmented leads in the front plane (aVR, ,affel aVL) are derived from the limb
lead electrodes. ThE2 leads are stemmed thesame electrodes, but the heart activity is
viewed from different angles.

Figure 1.4:Ei nt hovela[@]ls Tri ang

The augmented and transverse leads are based on the signals obtained from multiple
electrodes. They are termed as unipolar leads since the potential on one electrode is taken
concerning an equivalent reference electrodehe reference electrode is selected by
averaging out theignals at two or more electrodes. This whole setup is coined as the Wilson
Central Terminal. The 12 lead ECG setup has leadlsefrontal as well as the transverse

plane, as shown in Figure 1.5.
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Figure 1.5: Placement of 12lead EC{H9]
1.4ECG NOISES

The noises from various resources contaminated the ECG signals and often degrade the
signal significantly. To get a comprehensive picturé the electrophysiology of heart
diseases anohyocardialischemic changeshere is a necessifgr a clean ECG signal he
low and highfrequency noise components in an ECG signal must be filtered before any

further analysis. Several internal and external sources give rise to artifactual signals.

i. Power Line Interference (PLI)The interfering voltage in the ECG from power line
interference has a frequency of 50/ 60 Hz.
alternating current fields and its stray effect causes the interference. The ECG waveform
may become completely imprecise due to PLI in case the machine is not grounded
properly. The power lines also have some electromagnetic interference which may result
in poor quality tracing. Heavy electrical appliaseguipment draw heavy power, such as

elevators, Xrays, Air Conditionersetc., induce the interfering voltage of 50/60 Hz in the
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input circuits of the ECG machine. Switching action influences the ECG trace as the
electrical power system induces a rapid pulse into the circuit.

ii. Electrode Contet Noise:This noise is a shotlived delay which is a result dlie loss of
contact between the skin and electrode, which disengages the system from the subject. This
disengagement could be permanent or irregular depending upon when a loose electrode is
brought in or out of contaawith the skin due to the movements and vibratioks.the
ECG signal is capacitively coupled to the systemstiliiching action at the measurements
system input can result in large artifacts. The 60 Hz interference might lfecaiginwhen
the amplifier input is disconnected. The electrode contact noise could be patterned as a
rapid baseline transitionappearing arbitrarily and dsintegrates to the baseline
exponentially with a component of 60 Beingsuperimposed. This switaig action may

occur once or several times in succession.

iii. Motion Artifacts These are sheotived baseline changes resulting in the electrskle
impedance with electrode motion. The ECG signal amplifier grasps various sources of
impedance as there areri@ions inthe occurrence of the impedance. Therefore, as the
electrode position is changed, the source impedance changes, which results in the variation
of theamplifier input voltage. The most common source of motion artifacts is presumed to
be the vibration or movement of the subject. The baseline disturbances caused by motion
artifacts create a shape assumed to be a biphasic signal comparable to onetioysia®f

wave.

iv. Muscle ContractionThe artifactual millivoltlevel potential is generated elto muscle
contraction. The contraction may be presumed to be a transient burst -ofieznoband
limited Gaussian noisesThe di stri butionés vari anhee coul
variance and duration of the bursts.peakto-peak ECG amplituddnaving a standard
deviation of 10%the frequency content of dc to 1000Hamda duration of 50 ms are the

typical parameters of the muscle contraction.

v. Baseline Drift The aldition of a sinusoidal component at a frequency of respiration to the
ECG signal represents the drift of the baseline with respiration. There is a variation of

around 15% in the amplitude of the ECG signal with respiration. This amplitude
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modulation of EG with the help of this sinusoidal component could be used to reproduce

the variation.

Instrumentation NoiseThe QRS detection algorithm is not sufficient to correct the
artifacts generated by electronic devices in the instrumentation system. No imdoromat
the ECG can reach the detector as the input amplifier has sdturageich a situation, an
alert should be sounded to the ECG operator to take a rersggpal

Electrosurgical NoiseThese noises have frequencies in thageaof 100Khz to 1MHz
which could be represented by large amplitude sinusoidal and can destroy the ECG signal.
The duration, amplitudeand the aliased frequency should preferably be variable. Usually
this noise has an amplitude of 200f peakto-peak to ECG amplitude.

A significant variation in the physiological activity tife heart has been observed due to

the effect of ECG noises. It has been observed that the ECG noises create a prominent
variation in the physiological activity of the heart. The clinicians may faldi@lgnose the
subject with Cardiovascular Disease (CVD) due to these disturbances. It has been well
acknowledged that ECG noises have a significant influence on cardiovascular physiology.
The oxygenated blood is suppliiitoughmyocytes or valves by theeart to the whole

body under various processes, and CVDs are caused due to any disturbance in any of the
processes [15]. Such diseases cause a significant variation in the normal values of ECG

features. CVDs are divided into two parts in this thesis,

(@) Abnormalities inP, QRS T wave

(b) Abnormalities of cardiac rhythm

This research work targeted three types of CVD abnormalitigkeicardiac rhythm
section namely sinus rhythm, super ventricular tachycaatid escape rhythm. The Sinus
Rhythm has a monal heart rate (HR) of 6000 bpm and is manifested in the ECG by slow
and rapid HR. A Super Ventricular Tachycardia disorder in the heart raisesilfego
more than 100 bpm even when the patient is not in active mode (exercise) and may cause
Arrhythmia. An escape rhythm is generatettem theheart ratds controlled by AV node
or His-Purkinje fibers other than its primary source. This discontinuous generation of

escape rhythms leads to Atrial Fibrillation Disease.
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1.5EXPERIMENTAL ECG DATABASE

In this research work, three real database&CG have been used namely MBIH
Normal Sinus RhythnbDatabase (NSR), MFBIH Arrhythmia database (AR), MFTBIH
Atrial Fibrillation database (AF)An online platform is used to obtaastandard MIT/ BIH
datdase for this research work. The database comprisine @#-hour length of ECG of
patients having different age and gender. The experimental database contains a total

number of 64 ECG waveforms having different values of HR. The sampling frequency of
NSRis 128 Hz, AR has 360 Hz and AF has 250 Hz.

Heart Failure
MIT/BIH Noise 4%
Stress Database
5%

Figure 1.6: Pie-chart of the dataset source used
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There are various MIT/BIH datasets are available in online and offline mode nHraely
Noise Stress database, Cognitive Heart Failure datasdtterature various researchers
have also utilizedhe QT database and European-$tatabase as shown in Figure.1.6

1.5.1 MIT-BIH NSR

This database refers to the Arrhythmia Laboratory of Beth Israel Hospital loicated
Boston (changed to Beth Israel Deaconess Medical Center). The dataset includes 18 long
term ECG recordings of the subjects, including 13 women in the age graup®@ears
and 5 men in the age group 645 years, and none of them were found to have any

significant arrhythmias.

In this thesis, 61 ECG waveforms from three datasets are considered for

experimentation. Table 1.1 illustrates the descriptiothefECG database used in the

experiment.
Table 1.1:ECG Database Description
No. of ECG No. of ECG
Database . o
o Database with Database Class Description
Description . . .

outliers without outliers
MIT/BIH NSR 18 18 60bpm < HR <100bpm
MIT/BIH AR 21 20 60bpm > HR>100bpm
MIT/BIH AF 25 23 HR > 100bpm

HR : Heart Rate bpm : beats per minute

1.5.2MIT -BIH AR

One of the foremost contributors in -operative work from Beth Israel Hospital
Laboratory of Boston 8MIT laboratory is the MITBIH Arrhythmia Database. The main
content of this Arrhythmia Databasethe standard material for evaluating arrhythmia and
was introduced in the year 1980 [13]. The database has a dataset studied by the BIH
Arrhythmia Laboratoy, consisting of 47 subjects having 48 half hoafstwo-channel
ECG recording [14]. The digitized ECG signal sarsghave been collected afraquency

of 360 samples per second with-il resolution over a 2@nV range.
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1.5.3 MIT-BIH AF

One of the mst popular real databases used in different research work is Atrial
Fibrillation [14]. It is used as a reference to validdbe delineation algorithm, an
automated ECG component. The database containshamnel real ECG sigredollected
from different subjects. There are 25 human subjects with atrial fibrillation (mostly
paroxysmal) whose lonaterm ECG recordings are collected in the database. The two
channel ECGs represented only by the rhythm (.atr) and unaudited beat for the 23 records.
The indivdual recordings are each 10 hours in duration and contain two ECG signals each
sampled at 250 samples per second wittbil2esolution over a range of £10 millivolts.

The original analog recordings were made using ambulatory ECG recorders at Boston's
Beth Israel Hospital (now the Beth Israel Deaconess Medical Center) with a typical

recording bandwidth of approximately 0.1 Hz to 40 Hz.

1.6 SOFTWARE BASED HIGH LEVEL DESIGN TOOLS

FPGAsare still not extensively accepted in DSP applications, despite its advantages,
due to the absence of softwdrased design flow, such as C language. There is no
requirement of hardware description language (HDL) knowledge BP&A architecture
for such laguages. Traditionally, it has been quite a task for the DSP programmers to do
implementations on hardware, morequeis not easy to search for FPGA solutions. With
the incorporation of @ based Design Flow, one has a plethora of options to reducedesig
flow problems and theseeflect the traditional DSP design flow, thus been adopted by
programmers on a larger scale. Softwhased designs are processed into hardware
languages automatically with the help of such devices, but there are a lot of dinsititi
the existing code writings to make such a transformation seamless & continuous. A
perfect example of such a limitation is a repetitive task still cannot be converted to
hardware using this process. This section tries to provide aldwghoverviewof these

devices
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1.6.1 MATLAB

MATLAB is an algorithm development tool and a hitgtvel technical languagiat is
applicable in many areas such as control design, signal progessthgnuch more. The
traditional programming languages such as C, C++ are very slow when compared to using
Matlab software. There are spegpirpose functions in MATLAB which can be availed
by the add to toolbox call out separately [16]. Such extensiodseahancements of
MATLAB extend its competenes to address specific problems in explicit application
areas.

MATLAB is a highlevel languagethat comprises a combination of data structures,
control level descriptions, objectiented programmingand the input/output. Theis an
ample number of libraries available in MATLAB, and these include a large collection of
computational algorithmshat range from very basic functions (arithmetic) to complex
ones (Fourier Transforms). In this research waokimport the Xilinx Blockset Library,

we have used the Simulink add tool of MATLAB.

1.6.2 Xilinx System Generator Tool

Xilinx provides a tool called System Generator for DSP design which helps in FPGA
design with the help of using MathWorks dedbased design environment. The Xilinx
specific blocks make it possible to capture designs in the-8i®Rlink modeling
environment [17]. The DSP functions along with instructions and algorithms form a highly
parameterized library, called Xilin8imulink blocks. The Xilinx DSP bloclset comprises
over 90 DSP building blocks for simulation. The module comprises common DSP building
blocks, e.g. additives & registers. Xilinx IP core generator module comprises complex DSP

building blocks, e.qg. filters & FFTsnd provides optimal results for the chosen device

The product consequently changes over the significant level framework DSP block
diagram to RTL.With the help of using ISE toglshe outcome can be blendedth the
Xilinx FPGA innovation. FPGA mrgramming documenis created with He natural

executionof FPGAsteps incluthg synthesis, place, and route[18].

System Generator offers a system integration platftorndesignDSPsover FPGAs,
allowing the C / G+ components of RTL, Simulink, MATLAB, and DSP systemb¢on

a single simulation and execution environmémgether The blockchain technology is
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supported byhe System Generator Blackbox whiobt onlypermits to imporof RTL into
Simulink andbut alsoCo-duplicate.The inclusion ofa Microblaze embedded processor
which helps in theunningof C/ C ++ programss supported by the System Generator.tool
DSP Building Blocks are provided in the Xilinx DSP Blockset for Simulink.

1.6.3 Simulink

The dynamic systems modeling, simulatiand analysis are done by a tool from
MATLAB called Simulink. The Xilinx System Generator which has been explained above
runs as a part of Simulink. Xilinx bloesets comprise the elementstioé system generator
and appear in the Simulink Librardrowser. The Simulink modddased design
methodology creates a base for the functioning of the system generator. The Simulink
block-set is generally used to create the executable specificalank. specifications can
be created in the absence of any hardware specification and an impermanenbfpoint
numerical accuracy. The system generator is used for specifying the hardware execution
details for a specific Xilinx device, post defining the operational and basic datesfoes.

The Xilinx DSP blockset is used by the system generator for Simulink and then it creates
highly optimized netlists for DSP building blocks by automatically using the Xilinx Core
Generator All the downstream tools can be run hysystem generatofor bitstream
production for FPGA programming [19]. An alternative testbefoctthe useof simulators

can be created using test vectors extracted from the Simulink environment.

1.7 PERFORMANCE PARAMETERS

Diagnostic tests are one of the mostnmon wag in biomedical studies to determine
the occurrence or absence of any disease in study subjects. This research includes testing
for the presence or absence of CVDs. The validation of a diagnostic test that establishes the
true status of the sulgjeis done by comparing the test results against a gold standard. Test
validation is an assessment methiet determines Wwether a test is competent for a
particular use and through it; the ability of the test may be assessed on how good the test is

at identifying subjects with and without a CVD or condition as represented in Table 1.2.
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Table 1.2:Confusion Matrix for the Diagnostic Test

Result of Diagnostic Result of Gold Standard Test
Tests Disease Present Disease Absent
Test Positive True Positive (X) False Positive (y)
Test Negative False Negative (z) | True Negative (w)

Accuracy, sensitivity, specificityand positive predictive value (PPV) are the four primary
objectives that measure the validation of any test performance [20]. A diagnostic test under
ideal conditios would identify subjects with or without disease with 100% accuracy.

The total number ofcorrectively classified subjects to the total number of subjects

classified is known as Classification accuracy as shown in Eq. (1.9).
D OWO I erer— (1.9)

To quantify the diagnostic accuracy of a test blasic measures include sensitivity and
specificity. The ability of a test to correctly identify those with a disease (true positive rate)
is called sensitivity. It is the probability of a positive test given that the patient has the

disease as expressedHq. (1.10).
YQE i Q0 "Q6-Q0 w (1.10)

The ability of a test to correctly identify subjects without a condition is called Specificity.
It is the probability of a negative test given that the patient does not hadésdase as
shown in Eq. (1.11).

"YI QO QR0 (1.11)

Standard methods for proportions can be used to calculate the confidence intervals for

sensitivity and specificity as both are propons.

The PPV is related to sensitivity and specificity via disease prevalence and is the basic
measure of diagnostic accuracy. The PPV is the probability that the disease is present in

each subject given a positive test result and is defined by Eq. (1.12).

5 ’

00 W

(1.12)
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1.8MOTIVATION

| n t od a,edsonavie busydn their work and life is running at a tremendous
pace. Taking care of oneds heal tpacediwarkl. becor
Talking about heart rate monitoring, in the late 20th century, the manual entries of the
cardiacactivity started to go digital to create automatic monitoring systems. These systems
became popular in the space of sports early on and were used by a variety of performers
across different areas and segments of the sports world. This eventually gate rise
modernd ay wear ables, which not only monitor b
daily, even when one is sleeping. Large players in the cardiovascular segment kept this as a
basis for bringing electrocardiography (ECG) technology from big mashin the
hospitals and emergency centers to-muasive wearable ECG modules that give +eal
time analytics (report) of any abnormalities, if any, found in the heart. These reports may
suggest an early diagnosis of a possible cardiac arrest, arrhytmmieart failure which
could in turn alert people in advandehese reports may be correct but as the individuals
wear ECG modukedaily there is a high probability that external noises might contaminate
the signals received by the sensors, which would result in some definitive error during the
beat detection process. The noises in such cases may be mainiyagerdue to the
movement of imbs during routine activities, wireless signal transmission, baseline
movement which would eventually result in dilution in the ECG information quality
received. Considering all the worst situations and making sure there are at least false
limitations, the denoising anthe datacleaning component ahe QRS detection algorithm
must be foolproofTo ensure the redime tracking of the heart rate, the algorithm must be
able to differentiate the variability in heart rate under normal and various cardiac
abrormalities. In this research, the algorithm was already coded and tested for accuracy in
software using MATLAB, after which the code was converted to a Simulink model to test
the algorithm on the hardwar€he software processes run ideahyvirtual envionments
which is easier to deal. For the rtmhe effective analysjgthe XSG environment provides
reliable hardware interfaces & confisithat every part of the algorithm works in the same

manner as it does in software.
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1.9RESEARCH GAPS

The exhauste study of the popular and recent literature assists the researchers to
discover some of the research gaps.

i. Resource Optimization in wearable ECG module

An investigation for obtaining sufficient diagnostic quality of ECG recording

ii. Design of low power ECG pigrocessing module

ECG Denoising employing different functions for power optimization
A novel architecture for ECG prgrocessing

iii. Beat Detection and Classification Algorithm
Acquiring prominent features for Arrhythmia andrial Fibrillation based oiHRV
Decreasing the False Positigate for the classification of Arrhythmia and Atrial
Fibrillation
Based on the research gaps, different objectives were framed for obtaining the low resource
utilization, low power consumptip and multistage classification system for the detection

of NSR, AR and AF by employing different types of btignal processing techniques.

1.10 RESEARCH OBJECTIVES

In context to the information perceived from the literature, the author realizes that in
Biomedical Signal Processing the design of an automatic ECG monitoring system is
popular research work. To attain these objectives, the author has proposed a nmgyhodolo
for a powerefficient ECG system. Various moderationstie pre-processing and post

processing ECG system have been proposed to improvise the performance of the module.

The primary focus of this research work is to dessig@QRSdetection algorithm hamg

higher sensitivity and PPV. The developed algorithm should require low resources of
basic characteristics of reine monitoring system such as LUTS, registers and DSPs
and low power. Heart rate can easily be computed when the correspordeaksd an

ECG signal are detectedlhus, the authors have to design an efficagorithmthat can

authentically determine the heart rate from the ECG signal.
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Objective |

Design and Implementation of ECG Denoising Module for Optimal Resources
Objective lI

TheRobust Hardware Design of Low Power Module for Clinically Significant ECG
Objective I

Development of Mulibtage Classification System for Heart Rate Variability

1.11THESIS ORGANIZATION

This thesis consists of six chapters inclusive of this chagibe remaining thesis

orientation is as under:
Chapter 2: Literature Survey

This chapter describes the total literature survey used in this work. The author has taken
into consideration multiple literature reviews to get enough information about ECG wave
signal processing. The literature review is divided into four sections wivste part
consists of detectin@RScomplex,the second one consists of types of CVDs that affect
the ECG waveform, classification of the selected heart disease using stadistibalis
constitute the third partand the last discussion about how hardware implementation of

wearable ECG prprocessing modules on FPGA is done.

Chapter 3:Design and Implementation of ECG Denoising Module for Optimal Resources

In chapter 3 the implementation tiie various windowbased FIR filter is done and various
architectures have been proposed to remove all the types of ECG noises simultaneously.
The experimental results have been constituted in terms of LUTS, slice meayistdSPs.

The power consumption is computed in terms ofdBip Power (mW) viathe FPGA

board.
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Chapter 4:The Robust Hardware Design of Low Power Module for Clinically Significant
ECG

In chapter 3, the authors have not been able to optimize pdweattain low power
consumption criteria the authors have proposed novel architecture. This architecture does
not compromise the advantages achieved in previous architectures i.e. simultaneous
removal of all the ECG noises & resource optimization. Theipusly established works
have been compared with the performance of the proposed work in the result and

discussion stage.

Chapter 5:Multi-Stage Classification System for Heart Rate Variability

In chapter 5, HRV feature in different domains has beeraebgd and most significant
features have been selected by employing statistical analysis. Further, to observe the
performance of these selected features various classifiers are utilized to classify
Arrhythmia, Atrial Fibrillation and Normal sinus rhythnin the result and discussion
stage, sensitivity, specificity, accuracy PPV and AUC is computeldegserformance of

the proposed methodology. An analysis has been done between the previously established

works and the proposed outcome.
Chapter 6: Conclusion and Future Scope

Here conclusive remarks about the advantages and limitations of this research work have
been described. Various application areas have been defined for the current work. The

future around this scope has also been highlighted towards the end.
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CHAPTER 2
LI TERATRR¥I EW

This sectioncoversanextensiveanalysisof the publishedstudyrelated tothe topic of
theresearclwith a clear purpose and direction. Keeping in mind the challengessues
highlighted, related to this topic, a literature review has been carried outttie@year
19902020. Thesurvey isusefulin finding the research gaps &heir requirementsin
signal processingbiomedicalsignal processings an extensive &opular researchield

nowadays.

The ECGsignalanalysisbecomes avell-known area ofresearch in recent yeaf22].
Severalresearchstudieshave beeravailableby different researcheiia the field of ECG
signal processingSeveralresearch ides inspiremy knowledge tcanalyze the hardware
implementation osignal processing techniqubased on ECGA brief explanationof the
publishedstudy has been carried aatthis research work. The literature survey is divided
in four parts: QRS complexetlection, selection of CVDs that depends on the QRS
complex, filtering techniques for noiselimination & their FPGA implementationand

HRYV classificationrmethodsareillustratedin modular form.

1.1 QRS DETECTION ALGORITHM

The signal processing of ECtansistf three main phases. These phases are dataset of
ECG, Preprocessingand decision making as shown in Table 2.1. In the first phase, heart

signals are preprocessed and evaluated by utilizing historical datasets .of ECG

The algorithm is analyzed to classify the QRS complexes into correctly classified as TP,
incorrectly classified (NOiQRS complexes) as FBnd misclassified QRS complexes as
FN. The summarization of various QRS detection techniques review is divietivo
parts such as performance parameters and used techniques review summarization as
described in Table 1. Further, the discussion based oprpoessing and a decision
making ruleare mentioned inthe first phase. MIT/BIH Arrhythmia dataset based @Qm
dataset mentioned in [26] is utilized to review the entire literadyppendix Alllustrates

the PanrTompkins algorithm represented by [23].
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Table 2.1: Comparison of various QRS Detection Algorithms

Performance Parameters
Sr. Techniques used
Year References
No. Se PPV
Pre-Processing Stage Decision Rule Stage FP FN
©0) | (%)
1. 1985 [23] Band Pass Filter Threshold based logic 507 277 99.75 00.54
Linear and Non-
2. 1986 [24] . . . Threshold based logic 248 340 99.69 | 99.77
Linear Digital Filter
FIR filter using
3. 2000 [25] Kaiser-Bessel Zero crossing Point 187 203 99.81 | 99.83
Window
4. 2008 [26] Hilbert Based on RMS of segment | 836 775 99.29 | 99.24
Wavelet Transform . .
5. 1995 [27] Zero crossing Point 65 112 099.90 | 99.94
1995
Zero Crossing
6. 2015 [28] Wavelet Transform 89 34 99.94 | 99.99
Local Modulus maximum
Undecimate Segment Specific
7. 2016 [29] , 163 | 273 | 99.75 | 99.85
Wavelet Transform Thresholding
8. 2008 [30] Digital Filter Threshold based Logic 58 166 99.93 99.46
0. 2016 [31] Median Filter and SG RMS of Signal 163 | 273 | 99.75 | 99.85
Filter
10. 2015 [32] Quadratic Filter Adaptive Threshold 210 202 99.82 | 99.81
11. 2015 [33] Envelopment K-mean Clustering 131 71 99.82 | 99.81
Filter
12. 2014 [34] Whitening Filter Adaptive Thresholding 109 210 | 99.82 | 99.81
13. 2017 [35] Wavelet Transform Envelopment Filter 165 156 99.86 | 99.85
o Phase Space
14. 2018 [36] Matched Filtering 73 140 99.87 | 99.93
Reconstruction
Box scoring
15. 2018 [37] . Box scoring time-series 610 748 99.32 | 99.45
calculation
Variance-Based Detection.
16. 2019 [38] Band Pass Filter Maximum-Likelihood 164 156 99.86 | 99.85
Estimation
FP: Fulse Positive FN: False Negative Se: Sensitivity PPV: Positive Predictivety

During the left and right ventricles contractiontbé heart,a QRS wave is produced. The

various QRS complex variations are generated during the depolarization process. It is due

to the abnormality of circulatory, structuralnd electrical. In literater; various techniques

such as Neural Network (NN), Hilbert Transform (HT), Difference Operation Method
(DOM), digital filters (DF), Wavelet Transform (WT), Entropy method (EM), derivative

methods (DM), etc. have been implemented for the accurate detet@RS wave. All
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these techniques successfully enhanced the ECG waveform characteristics for extracting
the relevant information about HR, RR interval, etc. However, various QRS detection
techniques are dividedto three following categories.

2.1.1Derivative basedslant for QRS detection

Digital filters are utilized to remove the heart signal artifacts whereas slope prominent
features are acquired by applying the derivative filters. To detect the QRS wthees,
Author of [23] designed a redime QRS detection method by utilizing the waveform
features such as amplitude, slppad width. In the proposed model, noise is removed by
using the Band Pass Filter (BPF), waveform slop is obtained by utilizpwnb derivation
and nonlinear amplificationis extracted by squaring function. Furthénge threshold
technique is employed to detect the QRS wave poposed model has higher Detection
Error Rate (DER) and not capalié detecting the heartbeats properly. Another work by
the author of [24] utilizd the optimization and digital filtering techniques for improvising
the preprocessing phase ia year. The aithor also designed decision rules based on
threshold base logic for increasing the accuracy rate of heartbeat detébsomoposed
system sugaessfully increased the detection accuracy but at the cost of time error. To
resolve this issue and identify the ECG waveform R p#aauthor of [25] proposethe
Hilbert Transform method (HTM)by utilizinghe first differential signal.The aithor also
utilized the KaiseBessel window (KBW) based FIR filter to remove the artifacts from
MIT/BIH Arrhythmia dataset. Furthethe zero-crossing technique with the additionani
adaptive threshold technique is employed to evaluate the QRS compl&researclior
the missing peak ithedetection taskthe author of [26] modified HTM by hybridizing the
Hilbert transform withthe secondary threshold methobhe aithor alsoproposed a novel
technique to improve the performance ofthe signal by genexting the thresholds
automatically witha squaring function. Improved HTM has high load due to the
requirement of Brand Pass Filter on the signals. Further, in the proposed method, the
detection of QRS is not robust based on derivative filters. It asfgible for ECG signa

that has varying noisy time.
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2.1.2 WaveletBased Approach for QRS detection

The athor of [27] suggested thahe wavelet transformation act as a-ueising
method. Tls method airato decompos¢éhe waves int@ frequencyand time component.
It is also helpful m eradicating the composite noise valuable data. Furthethe zero
crossing techniquielps detecthe small amplitude QRS wave, due to the low DERe
author also proposed an algorithm for detecting peak detection. The proposed algorithm
has two criteria named wavelet transformation (WT) and Entropy Criterion YECRIims
to differentiatethe signals into two entropies such as low and higpe.EC recogized the
uncertaiy present in the signal. At laghe unwanted low signals are eliminated and the
name ofthe whole process ishe EC-WT technique. A new global entropy criterion is
added bythe author of [28] for enhancing the performancetlod apprach presented in
[27]. Further a new entropy named mutime-dependent is introduced hige author of
[29] in the approach of [27]. The proposed method utilized the thresholding and
Undecimated Wavelet Transform (UWT) techniques for detecting the QRSdéthction
rate is improved bythe proposed method by utilizing the local entropy method. This

method is useful in detecting the abnormality presetitdcomplex structure of QRS.

2.1.3 Other Approach for QRS detection

To achieve faster performancthe author of [30] proposed a new QRS detection
method. the proposed method is more reliable and simple than wavelet and derivative
based methods, it is do@the low computationThe poposed QRS detection method used
various equations to locate the R peak. These R peaks are later utilized to detect the S and
Q peals. The aithor also used different preprocessing filters to enhance the QRS complex.
Another similar work is done bihe author of [31] by usinghe root mean square method
for thedetection of beat and Savitzoley filter for denoising. Furthethe author of [32]
proposed a new algorithm for enhancing the signal to noise ratio (SNR). In this algorithm
a quadratic filter is used for prerocessingand an adaptive threshold is utilized for
decision making. A new method is proposed by [3] using tlhregan clustering and two
envelopment filter to differentiate between NQRS and QRS waveThe poposed
method is depenaé on the k value and distance tmes types but achieves better results
than existing techniques. A new technique is developed by [34] to overcome these

dependenes by usingan artificial neural network (ANN). Irthe proposed technique two
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filters are used named #s whitening filter (WF) and Squaring and moving average filter
(SAMAF). SNR is reduced by using matched filter along with Radial Basis Function
(RBF) based WF. Further, SAMARes utilized for nordinear transformation beforehand

the adaptive threshold process for differatmg QRS from ECG waveThe poposed
technique achieved better results but required higher training data in turn computational
complexity is increased. To detect the QR$hmonline and offline proceduréhe author

of [35] proposed a new QRS detectiagproach. The proposed approach is utilized the
thresholding method for forming the envelopes teWeighted Total Variation (WTV)
method for reducing the noise. In the related work, researchers also naticedv
techniguebased ora vector cardiogranof the heartThe aithor ofthe paper [36] proposed

a new QRS detecting method. tine proposed methodhe phase space reconstruction
approach is used to detect the QRS paaki Matched filtering (MF) is utilized to remove
unwanted signalsl he poposedmethod gainea higher accuracy rate as compared to state
art methods. A new QRS detection system is proposed by [37] using box scoring time
series calculations. Furthehe author of [38] developed a QRS detection system by using

themaximum likelihood stimation and variance method.

2.2CARDIO -VASCULAR DISEASES

A survey has been conducted by the authors on different types of CVDs that indicates a
significant variation in the normal ECG waveforikigure 2.1demonstrateshe block
diagram ofseveral cardiac abnormalitieiseasesTheseCVDs are separatemhto two
sections Abnormalities exist in P, QRS T wave & Abnormalities arise due to the
generation oftardiac rhythm39-42]. This research work is focused on the highlighted
CVDs thatdependon HR

2.2.1 Abnormalities in P, QRS, T waves

The irregularitiesthat reside in theP, QRSand T waves represent vital CVD namely
Bundle Branch BlockEBB), Myocardial Infarction ¥1) & Ventricular Hypertrophy \YH)

etc.
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(&) MI: The Ml is defined in an ECG waveforioy necrosis, injury & ischemia. The

procedure of the developmeont acute Mlis separatedn three stages namely

Hyper Acute stage, Fully Evolved stage, & Phase of Resolution. Table 2.2 defines

the diverse stages of M.

Table 2.2: Stages of Ml

Hyper Acute Stage

Fully Evolved Stage

Phase of Resolution

This phase begins within
hours after the appearance of
MI. It is the most crucial
stage to detect the expansion
of MI during severe
monitoring. In the course of
this stage, ventricular
tibrillation appears. In ECG
waveform this stage is
signify by raised slope of ST
segment. T & R wave. Severe
ECG and

helpful

observance on

attention 1s very

during this phase.

This phase 1s often named as grown-up
stage of acute MI. Necrosis factor of this
stage is perceptible in ECG signal due to
the presence of deep & wide Q wave or
a QRS wave m the leads. looking to the
necrotic zome. Myocardial mjury is
diagnosed by the variation in the ST
segment on lead to the superficial
mjured tissue. The clustering
number of injured tissue leads to the
of tissue/dead

the ECG

realization 1schemia

tissue. It 15 obvious in
depiction by Q wave, raised ST segment
and T-wave also by inverted and

symmetrical T wave.

of

A measurable return
to normalcy in the
form of normal ST
segment, baseline
elevation along with
T wave 1s observed
after fully evolved
stage. However, ST
segment & T wave
represents coronary

msufficiency.

(b) BBB: It occurs when there s delay or block in the electrical conductivity of left &

right branches of Bundle of His. The blockage present in the right sttie odindle of His

termed as Right Bundle Branch Block (RBBB) & the existence of blockage in the left side
of the bundle of His is labeled as Left Bundle Branch Block (LBBB)-#83. Table 2.3
represents the essential specifications of the morphological variations in ECG waveform

caused by LBBEx RBBB.
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Table 2.3:Explanation of disparity in ECG signal due to LBBB and RBBB

LBBB RBBB
¢ QRS complex period = 120 ms for adults,

¢ QRS complex period > 120 ms for
adults, 100 ms for 4-16 years old & 90 ms
for less than 4 years old children.

100 ms for 4-16 years old & 90 ms for less than
4 year old children.

o Wide & peaked R wave in the Lead I, V5 & , .
¢ The period of S wave must be greater

Vo6 _ )

. . R than period of R wave

¢ Absence of Q wave in any of two leads ( I, ) , )
e o s ¢ Absence of Q wave in any of two leads

V5 & V6). (Lead I, aVL, V5& V6)

) . ead I, aVL, V5& V6).

¢ Period of R wave should be greater than 60 ms , A
e o s e Period of R wave must be greater than
mvVs & Ve

60 ms in any two ofthese leads ( Lead I,

STs t and T waves ar trary t 1
¢ ST segment and T waves are contrary to each aVL. V5 & V6).

other.

(c)Drug & Electrolyte Effect (DE)There have been several drugs associatidthe heart
& it affects the ECG signal. Two kinds oélectrolytes are accountablefor the
repolarizatiordepolarization acrossardiac cells The depolarization & repolarization
procedures aranterfered with by potassium & Calcium concentrations. If disparity
happens then numerous problems namely Hyperkalaemia (risecamdéntratiorievel),
Hypercalcaemia (rise in Ca level), Hypocalcaemia (fall incGacentrationlevel), and
Hypokalaemia (fall in K level) aes in ECG signal that is noticeable bynall or

prolonged QT interval& ST-segment deformation.

(d) VH: Any indirect or direct variation in size /mass of ventricleshefheart lead to VH.
The expansion of mass the left ventricleis termed as LefvH (LVH) & the growth of
masson the right sides labeled as RighvH (RVH).

(e)Hypothermia (HT):Whenthe body temperaturef an individualfalls at a higher rate in
comparison to theegularrate. It represents that the person is diagnosed with HT. ECG
signal description comprises 8radycardiahaving symptoms such &4R less than 60

bpm, muscle tremor & elongated QT interval [47].
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2.2.2 Abnormalities resides in theCardiac Rhythm

The position ofthe SA node islocated atthe wall ofthe Right Atria of the cardiac
system to regulate the HR. The normal sinus rhythms of ECG pursue the consequent path
from the SA node tothe atrium, which moves fronthe AV node tothe bundle of HIS,
bundle branches &urkinje fibers.

Table 2.4:Primary abnormalities of cardiac rhythm

Disorder Disease Abbreviation Description

These manifest in ECG by slow and
rapid HR. SR mainly consist of Sinus
Sinus Rirythms SR Arrhythmia (HR normal). Sinus
Tachycardia (HR > 100 bpm). Sinus
Bradycardia (HR < 60 bpm).

These rhythms are generated due to
the impulse originated from atria.
EAR disorders consist mostly of
Ectopic Atrial Artrial Tachvecardia (AT). Atrial
Rhythm EAR Fibrillation (AF). Atrial Flutter

(AFL)etc. observed in ECG by

Disorders perceiving the morphology of P
Primary of Impulse wave.
Disorder formation

Sinus impulse begins from AV node

produces AVR rhythms. It consists of

A-V neodal

AVR AV Nodal Extrasystoles. AV Nodal

Rhythm ‘ ) )
Tachycardia etc.. noticeable in ECG

by monitoring the P-QRS path.
These impulses arise during the sinus
impulse formation in ventricles. VR
is  composed of  Ventricular
Ventricular Tachycardia (VT). Ventricular

VR

Rhythm Fibrillation (VF). Ventricular Flutter

(VFL) etc. These rhythms can be
observed in ECG by perceiving the

QRS complex.

Arrhythmia (AR) occursasthe sinughythm daesnot pursue the standard patiheAR
is divided into twokinds of abnormalitiesprimary & secondarydisordes. The gimary
disorderarisesas sinus cardiacimpulseforms. The secondary disordessise during the

combination when more than two primary abnormalities occur. Table 2.4 represents
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severalprimary disorders instigated entricular rhythmssinus rhythmsAV Block, SA
Block, etc.The Secondaryrregularitiesof cardiac rhythmare tabulated in Tabl2.5 [48
53].

(&) Secondary abnormalities of cardiac rhythm

Table 2.5: Secondary abnormalities of cardiac rhythm

Disorder Disease Abbreviation Description

When the HR is controlled by AV node ar His-Purkinje
Escape fibers other than its primary source i.e. SA node then ER is
Rhythm generated. It can be observed in ECG in the form of delayed

cardiac cycle length.

It is situated in which atrial activation is mdependent from

A AD ventricular activation causing increased venfricular HR then
Dissociation
atrial HR.
Secondary
Disor der Phasic It generally occurs along with SR. EAR, AVR. VR, and PS.
Aberrant PAVC [t arises due to unequal RR intervals of Bundle Branches
Ventricular and premature impulse formation.
Conduction
It is an unusual cardiac disease generated due to the
Sick Sinus malfunction in the natural pacemaker. SSS results in several
Syndrome 553 AR such as Sinus Bradycardia. Sinus Arrest. Conduction

disturbances, SAB and Atrial AR

2.3 ECG SIGNAL PRE-PROCESSING USING DIGITAL FILTERS

To deliver a noisefree ECG for the clinician and increase the accuracy of diagnosis
and analysisseveraltechniquesfor the ECG preprocessinghave beerdeliberated.The
researchers have utilized the online platform for the ECG dataset collection from MIT
BIH. The researcher baitilized several techniques to elimindtigh, low-frequencynoisy

component corrupted in ECG sigmalthe course athe research.
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In [54] a review reporhas been carried oan highfrequency ECGsignal. The useful
informationof the ECG signal is lies withirthe frequency range fro®.05100 Hz The
high-frequency noise component is generally found in the QRS comjexeral
researchersave analyzedthe QRS complexwith the possibility that extrainformation
would deliver informatiorto improvisethe diagnostiquality of the ECG.

A mathematicalanalysisis directed by [55] and idepends on théwo sets of
information. The objective is proposed by utilizing an adaptable length window that shifts
over the ECG signalThe BLW & EMG noise removal designs are evaluated for-man
madenoisy signad. This technique isappropriatedue to its simplicity, speed & to preserve
theinformation fromthe ECG waveform.

Effective denoising& lossy compression techniquese illustrated in [56]which is
designed by employing anodified extended Kalman filter structure (EKF). The
performances of the introduced technicare calculagd by employingdenoising with
SNR, compression efficiency,& the weighted diagnostic distortiomethods The
denoising system outcome represents SMRancemenbf 10.16 dB that is 1.8 dB more
than EKF2 The suggestd methodology is applicabler asysten that assimilatesethods

for noisefreestorage oECG datehavinghigh outputSNR & minimumdistortions.

In [57] the authors have studied various techniques for performance evaluation
parametes namely SNR &Power SpectraDensity (PSD) It has been interpreted that
zerophase filtering is aeffectiveapproach fothe elimination of BLW.Thef i | t er 6 s or
is low, thus the computational load& complexity requirement is very low in comparison

to others.

The authors of [58] evaluad theoreticallwariousdenoisingtechniques for noiseless
ECG signad. The MATLAB platform is utilizedto simulate& evaluatethe design The
evaluation of existing studies @mparedbased orvariousparaneters. Treefilters for
ECGdenoising likeSgolay, Notch& waveletfilter are employed Amongst themSgolay
filter gives better performance as compared to other filtepovidesanenhanceautput
& low error value of 2.50%. The waveléltering & notch filter hasan error value of
30.56%& 30.33%respectively. An accuracy of 97.50% is attaineddsySgolayfilter.
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The windowbased FIR & IIR fitersto denoise thé&eCG signal are considered in [59].
The Kaiser window gives better frequency responsetBerectangular window represents
the distorted signal.

The authos of [60] implementedvarious filtration methosl such as low pass,
bandpass, high pass, & notch filter for theisefree ECG signal. The Notch filter
effectively eliminates PLI using FFT & PSM.easily smootheneche ECG waveform by
employinga moving averaging filter but not able to eliminate BLW noiEkerefore, the
combination of BPF with moving average filter is highly effeetto clean low & high
frequency noise from ECG.

A 2" order IIR notch filter is introduced with LMS & DWT method to eliminate PLI
noise[61]. The results were evaluated the MATLAB platform in terms of SNR & MSE.
The Daubechiesvavelet transform represents the SRR60% in contrasto other IIR,
LMS, Haar Db2 & Db3wavelet filters

A filter has been proposed & evaluated to remove PLI nai$62], it is based Sgolay
with a variable filtering window. It effectively eliminates tB&G noisewithout distorting

the useful information from the ECG sidna

2.4 DIGITAL FILTER DESIGN BASED ON FPGA

The erhancementin VLSI Technology &designingdigital filters is doneon ASIC &
FPGA platforms. The scientists & academicians keenly worked towards a method to
design & implement thalgorithms based odigital filter design It depends orfFPGA
because oihtrinsic gainsof design technology. Tisefilters needmanymultipliers, adders
& registers. It isfurther appropriatefor the hardwareimplementationof the digital filter.
Several studies havebeen done that relateso implementing digital filter on FPGA
platform.

There aremany popular processing units are available utilizihg which an ECG
processing moduléhatis realizable on various hardware namely DSP, MCU, and FPGA.

The complicated comytations of digital filters are performed on these processing units.
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The processing units facilitate thdesigning of the ilter by performing the
complicated computationof adders & multipliers These factors include +e
programmability, execution time, speed, architecture flexibility, complesityl power
consumption. The processing unibbased on FPGAs selecteddue to thenotable
performance that corporatedow resource& power consumptiorsuitable for wearable
and portable applications.

The hardware implementation tife ECG signal processing module comprises of four
parts ECG preprocessing, HRV attribute extraction, HRV statistical analysis&
classification. The authors here empiaa firstly theimplementation oFPGAbasedECG
pre-processingmnodule. Data prprocessings a significant step in the signal processing
methodology It illustrates any sort of process performaa noisy data toset upit for
further processingThe basic architecture tiie digital filter comprisesADC, Processing
unit, and DAC[63]. The raw signal is sampled and digitized using ADC, afterward these
digitized values were pfprocessed by processing unit that performs complex numerical
calculdions of filtering [64, 65]. Thereafter DAC facilitate digitally filtered signal to

analog filtered signal.

Noise reductiorfrom the biesignalis a demandingask & rapidly increasing area. It
has a huge number of applicationsbiomedical signaprocessing [63]Severaltypesof
high & low-frequency noisesontaminatehe biosignal like baseline wander, power line
interference, muscle tremoetc [64]. In comparison to the MCU, DSP based medical
equipment and ASIC, FPGA, owing to their reconfaale property & low cost and low
time to market. Mich progress in the technology of medical sysegives origin to the
monitoring based system on Programmable Logic Devices (PLDs). The software
simulation & synthesis aided the prototype design of FPGA® increasing design
variations via softwardased synthesis becoming economical than analogous changes done
for hardware modelsFPGA i s popul ar in filteros desi gt
transmission of bialata. Some popular companies namely Alt&iénx, Actel, & Quick
logic are developing FPGA boards. VHDL & Verilog HDL are a hardware description
language that helps to dign a digital logic using FPGA. FPGA delivers peerless device

utilization by conserchipareg|[63.he systembs powe
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The FPGAbased design provides flexibility and high speed, unlike conventional
techniques which are based on microcontrollers, DSP devices, and microprocessors. A
VHDL approach to designneoptimized filter is done by[66] also it has been compeat
with the MATLAB FDA toolbox is also taken into account. Tlalaptive FIR filter is
realized by[67] as per ASIC flowwith the assistance of MATLAB & Mentor graphic
tools The transposed architecturetbé FIR filter is implemented bj68] using VHDL on
FPGA In literature, there are various architectutesrealizea multiplier block, that
provides low power & delayduring biosignal denoisingusing FIR filters [69].The
performance of hardwateased digital filter implementation is improved by utilgin
FPGAIn terms ofspeed, power, & execution time in contrassoftwarebasedDSP [70].
There are various linear and nbmear analyses to prierocess the biomedical signal like

FIR, IR, wavelet transform, triangular indices, and Poincare plots, etc.

Nowadays, many innovative approaches for the ECGppeessing stage have
emerged. Out of them, the major research is carried on the wavelet transform (WT) [71].
The Fourier Transform (FT) helps to determine the frequency present in a givenBignal.
during the case of nestationary signals like ECG, FT does not know at what time the
frequencies are present. So, to conquer this challenge WT is utilized as it transforms the
input signal into another form that signifies the signal in a more vauéisim by
convolving the input signal with function termed aa wavelet. This wavelet function is
moved at different locations, squeezed and stretched on the input signal. The wavelet
functionis utilized as a mathematical microscope at different stafjesagnification. WT
emerged as one of the widely used techrégoepreprocess thébiomedicalindicators
such as Electrocardiogram (EC®&opugh signal analysigklectroencephalogram (EEG),
Phonocardiogram (PC@atc.

A thresholdbased technique is presented for employing Wavelet Transforms (WT) for
denoising. As for cough signal analysis, a mrdgolution implementation is provided by
WT. The techniques based on WT utilizes soft thresholding has been introduced [72].
hard thresholdingnethod by employin@ Discrete Wavelet Transfor§DWT) is proposed
as compared ta soft thresholding technique due to its effectiveness over cough signal

analysis.
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An intelligent system based on PCG is presented, in which sigiesirfg is done by using
DWT. To denoise th&honocardiogramignal theauthors of [73] utilize the DWT for the

removal of the noisy signal.

A soft thresholébased WT is proposed for the mstationary environment in which the
elimination of some weelet coefficient is done for obtainirgnoiseless signal [74]. This
research work also expressed the drawbacks of some popular algorithms namely Adaptive
Impulse Correlated Filter (ACF), Time Sequence Adaptive Filter (TSAF), Least Mean
Square (LMS) adapte method, Signal Input Adaptive Filteand on a nosstationary
signal like ECG. The authors introduced a wiener filter based ontd\8radicatehigh-
frequency noise from the signiay altering the coefficients of WT based on thejg@cted
noise level [75]. The wavelet filter with hybrid thresholding is also introduced in the
literature.To eliminatethe PLI noisefrom the ECG signal symlet wavelet of order 8 and
decomposition level upo 6 is suggested by using the wavelet shrinkigdnique of
Empirical Bayes posterior mediditier [76]. A novel approach is introduced to denoise the
ECG by adaptive bionic WT termed as Bionic Wavelet Transform (BWT). High
sensitivity, norlinearity, and frequency selectivity are some of the advasta§ BWT. It
also canreconstruct the signal by inverse transform and concentrated energy distribution.
A denoising technique based on DWT is introduced and reatdtcompared from the
existingtechniquesdased orSNR. It illustrates that WT provides tber results than other
techniques [77].

The aithor of [78] implemented fielgprogrammable gate arrays (FPGAS) based on
digital filter algorithms. This algorithm is used for processing the digital chips or digital
filtering chips in audiaapplicatiors, for a higher sampling rate iIASIC. Proposed FPGAs
have higher sampling ratesfrom the existing DSP chips, higher flexibility than other

existing approacheand low cost for moderate volume applications rather than ASIC.

The fundamentaprogramming technologieand historical programmable logic devised
development is surveyed and reviewed by the author of THej.aithor also described the
basic conceptsrdm the research on architecture¥hese concepts are 1) performance
speed ofthe final device, power consumptipand area efficiencys affected by FPGA
architecture. 2) Future prospective of FPGA is also enhanced by collaborating the key

fundamentals of upo-date commercial FPGA architectuiiéhe aithor also mentioned the
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various poblems in complexarchitecture®f FPGAand explained thenportantdifference
in the utilization oftechnologies.The urther author observed that FPGA has various
characteristics that made it different from rest architectures.

In paper [80], the wrk suggested that to filter the various higéguency noises and
coupled noises of 581z, a digital filter is used witha low pass FIR structure. The
inferences are of Filter signals related to 8tert Time Fourier transforrare drawn by
medical exped. The module that is implemented on FPGA is tested using the recorded
ECG signals.Xilinx Integrated Software EnvironmentXISE) and Modelsim Xilinx
Edition (MXE) are utilized for synthesis and simulation. Additionally, results are evaluated
by usingthe Xilinx Chipscope too[(XCT) and logic is run on FPGA with tleevelopment
boardof Xilinx Spartan3 Family FPGA EGC monitor system is utilized for collecting,
playback and store the wire transmission thatssimilatedinto the FPGA chigfor the
development cost, design cycle, development of analog cir¢caitel research is reduced.
Authors have also suggested that filters have good value for application. FPGAs are widely
used in the application of signal processing due to fast-trmearket, paralleim,
tractability, and high speed. Digital filter plays significant role in digital signal
processingThe lower order frequency selection of digital filter is widely usecthadern
signal processing systenas compared to IIR digital and FIR filters. Tlseftware
programming languages are different from hardware programming languages like Verilog.
It is due to the dependencies of signal and time propagation. In literature, IR filters are
utilized in the processing of digital signaddongside theadvantge of programmable
digital processorsHowever,the complex computation oligher filter order affected the
flexibility, speed and cost of digital signal processingherefore, the employment of IIR
filters (2nd orde)y on XC2S150 processor FPGchitecturds suitable and appropriate as
it increased the speed. Due to this reason, researchers impleradateaf multipliers
hardware on FPGA, but this proceaected the limitation ofprogrammable digital
processorsThis approach enhanced therformanceas compared to the structuresaof
common filter inrespectof power consumption, speed of operati@nd cost.The
proposed approach can also be appi@the processing of any digital signad reattime

effectively.

Author of [81] sinulated and developednallR filter by utilizing the Smulink

environment and Generator softwareof Xilinx System The proposed filters are

KIRTI 39 JUIT, 2020



Literature Review

implemented usingthe MATLAB platform on FPGA. The athor observed that
guantizationand overflow effects are useftdr stability in the process of filter designing
with the given specifications. It is observed from the experiment that the filters
implemented on FPGA enhanced the computational speed as comparedreentional
DSP processofrurther, FPGA has the cdmbty of parallel processinghat enhancethe
operation speed in the designing and implementation of cautionedigital filters and
also protect the filters fromverflow errorsand quantization effects.

The implementation of FPGA and cost of FIR filter is analyzedhigyauthor of [82]
based on differenwvindowing techniquesThe proposed filter is implemented using
MATLAB 7.6. The numbermof adder circuits anthe multiplier is very crucial inthe chip
area, increasing speed and reducing cost, in the process of implemeni&tien.
performance of the windowing technologies is compared with existing technologies using
several multipliers and adders. The experimental results revealed Hhahing &
Blackmanwindow functionsprovide improvedresultsin contrast toBartlett, Rectangular
& Hamming techniques. Furtherthe Equiripple window method improved the
performance by achieving 28.97% and 29.08% reduction rate in multiplier and adder
respectively as conaped to KaiserThe euiripple window method also providedcost

effective solution for the applications of DSP.

The aithor of [83] presented the study adaptive power line interference canceller
(APLIC) & its implementationon noisyECG signals.The aithor also implementedna
APLIC on FPGA by usinghe Least mearsquare (LMS) method and proposed Notch
filters for power line interference. In the study, it is suggested that notch filters do not
provide better performance ithe condition of the ungable power line frequency. A
misalliance between power line frequency and suppression band decreaBet thhaus,
APLIC is valuable& the LMS method is generally utilized cadaptive filteringdue to the
advantageof modular systolic architecturdMSA). The combination of LMS and MSA
increased the operation speed and reduced theTdreauthor also implemented the APIC
on digital signal processors ageéneralpurpose microcontrollers. It is observed that this
process has sequential execution Ewad processing speed. Therefore, APLi#lesigned
with a software programAn alternative solution is also proposed by implementing the

APLIC with FPGA due to the ability of parallel employment of ECG signal processing
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approaches without affecting the opessing speed. This solution also provided the
monitoring and control features for ECG process monitoring.

To remove wander that changes the-logguency segment like-B segment that has
the heart attack information of ECG signal, author of [B¢ented a high pass filtering.
Different filter design methods such as various windowing techniques;sigaate and
equiripple are compared utilizing SNR in MATLAB. Furtheéhe mismatch degree
between filtered and noisy ECG is found by analyzing dbeelation coefficient.The
author also implementednaFIR platform FPGA platform withKaiser Window for
eradicating the baseline wandering. The proposed filter achieved better results, required
less time, less power consumpti@nd fewer hardware resages as compared to other

design methods.

In paper [85],the author examined the optimal implementation with the performance
based orihe cost of various IIR filters that are usefulrimattime application FDA tool is
used to analyzed and designed the low IIR filters. The cost of implementatioalyzed
following input samples, multiplier, filter orderand adder. The simulation results
presented thathe Elliptical 1IR filter providesbenefits over thie substantiallyof system

latencyand complexity of hardware éwer computational.

To filter the ECG signal noise¢he author of [86] utilized the low pass FIR filterBhe
author also researchedfinding the flexible implementation optignincreased speed,
portable and reduced the hardware cost. Further, to reduce the resources of hardware in
designing the hardware author utilized the FIR serial architecture technique. Before
filtering, filter output is compared with ECG signals by plotting sfgmal in frequency and
time domain using MATLAB. According ttheabove literature survey, FPGA has various

advantages of throughput but at the higher cost of hardware.

2.5HRV BASED CLASSIFICATION

The primary source of HRV is the dynamic ifiéee within the multiple physiological
actions that regulate the variable HR. HRV is influenced by several physiological activities
namely the vasomotor system, central nervoggstem etc. Several medical reports

scrutinize a broaceview ofCVDs as per HRV.
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The control ofHRV is performedby the crucial part ofthe braintermed as ANS. It
monitors the HRfunctioning breathing,digestion& blood pressure. The employment of
HRV provides information regarding the mentphysical healthvia monitoring the
lifestyle of an individual [8788]. HRV features assistfie doctor to observe emotion,
stress sleep, thought, physical activity & feelings constraints on patients. Low HRV
illustrates wealcardiac healthvhich specifiesanxiety,heartstroke & high blood pressure,
whereas high HRV illustrates healthy cardiac health. HRAfules are computed in the

time, geometrical & frequency domajg9].

HRYV provides information about mental & physical strength [90]. The author of [91]
obtainedthe HRV features from different domains & durati@everal statistical analyses
wereutilized for the comparison in between sets nandst,f-test & ANOVA, etc. The
contrastbetwea the two groupsof CVD wasdirected to follow thd-test & f-test. The
contrastof more than two groups of 5 leads to utilizing the ANOVA test [92]. The
Typel introduced ifmore than two groufVDs is employed duringrtest & f-test. The
frequency & time domain HRYV features are obtained for the evaluatithe sfress test. A
comparison has been mabased ordifferent stress levels [93[The estimation between
meditative & and nomeditative situatiosof an individual by employing ANOVA test
[94].

The procedure of classification is done by the popé&lawvidely utilized machine
learning algorithms that aidhe doctors in precise identification The supervised &
unsupervised arthe classes of machine learning lot of machine learningpproaches
namely Support Vector Machines (SVM), Decision Trees (DK)Nearest Neighbor
(KNN), & various neural networkpproacheareemployed to extract the information from
the features. The authors of [9aoposeda programmed predictive model based short
term HRVto categorize the existenceréntal pressurim the course ofiva-voce.

The evaluationof the vulnerability offalling of hypertensive patients hysingshortterm
HRV is done by [96]. This model attained 68.9% & 79.3% classification accuracy for 10
minutes &15-min correspondingly. In [97] academicians have emplaykNN classifier
to caegaize normal sinus rhythm & Congestive Heart Failure (CHF). A parallel study has
been carried out by [98] that utilizes HRV featurestlmnECG datasef98]. There has
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been a challenge in the selection of centroids in kNN by assigning the weight with the
centroids & dbded as weighted kNN.

To classify heart diseaséssed orHRV analysis numerous studies have been already
completed[100-101]. Classificationbased orHRV analysis povides optimistic results at
various levels of classification. Automatic compdbased machine learning algorithms
reduce the manual error arising during medical analysis and diagi®s Mental
health, schizophrenia, anxiety, arrhythmia, congestive heart fadack atrial fibrillation
are the main categories of diseases, which can be accurately analyzed §g03R75.
Nine features from various domains are extracted on-séont HRV using SVM[10§.

The extraction of notinear parameters of HRV is done in [107] using SVM to categorize
normal patiens and congestive heart failure patiente achieved 94.4% accuracy on 2
hour timelength and 96.7% accuracy by applying +standard features of HRV. The
proposal of usingnensemble classifier is less reliable as compared to other classifeers
to the varying nature othe training dataset[10§. Authors of [109] introduced
Incremental ANOVA and Functional Network®ature Selection (IAFFS)techniqusto
dealwith the complex nature of already existing methods such as decisi@atrdenaive

Bayes with better accuracy.

A prediction basedechnique by HRV analysis presented and obtain&®.9% &
79.3% classification overalaccuracyused for10 min & 15min respectively[11(.
Authors in [111] obtained a low accuracy of 57% during shetérm HRV signal
established on footprint analysis. To classify Paroxysmal Atrial Fibrillation (PAF) genetic
algorithm is utilized to attain better accurd®}. kNN classifier using short term HRV is
employed by [112] to classify the HRV feature of 54 normal and 29rataisubjects of
congestive heart failur&.he ame classifier is also presented by [1A8ijhg norstandard
HRV parameters omhe MIT/BIH database. To overcome the problem of selection of
centroids in KNN classifier researchers of [114] associates ttghigealongwith them.
Also, by using four HRV features for 1000 RiRervals a significant accuracy has been
obtained [115].

During the review of QRS detection algorithnis has been inferred that wavelet

transforns for the preprocessing stage and zesmssing local modulus maximum gives
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better sensitivity and positive predictive value as compared to the recent litefdsare.
after the successful detection of QRS, the authors can easily calculate the Heart Rate.
Various types of cardiwascular diseasetepend on Heart rate variability.

Subsequently after studying several types of CVDs differentiaaedd ortheir origin in

the heart and how it can be observed in an ECG waveform. It has been inferreatiolat

types of CVDsalter the heart rhythm or heart rate. In this thesis, the authors have been
selected Arrhythmia and Atrial fibrillation disease that marks a significant effect on ECG
waveform and HR. Also. The online databases of these diseases ayeaeatdlble on
Physionet. HR is the primary constituent to extract features for HEged onthis
concept, the authors have extracted different types of features and try to classify
arrhythmia, atrial fibrillationand normal sinus rhythm by employing o@med classifiers.

It has been perceived that in comparison to DSP and +oamtyoller, FPGA performs
better in terms of resource utilization and power consumption for wearablpoatadble
ECG module. In thisvork, emphass on the implementation adhe ECG preprocessing
module on FPGAs done Many academicians and researsh@ve employed FIR filter
due to its less hardware computational complexity and linear phase. Further, to enhance the
performance of the ECG denoisjng few authors have also utilized wavelet transform.

The authors have chostre latest FPGA board i.e. ZyagQ00 for its evaluation.

During the literature survey of various machine learning algorithms employing HRV:; it
has been inferred that nodays Artificial Neural Network (ANN) is a popular topic in the
literature. Previously, enormous work has been done on ANN to classify various types of
heart diseases using HRV analysis. Several authors have evaluated the results from ANNs
with existed clasifiers and conclude ANN gives better accuracy than the other binary
classifier. It has been observed that the performance of the classification accusacy get
improved after feature selection or employing statistical analysis. Because it removes the

redundint and irrelevant features from the feature set and selelgtthat parameter which
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gives additional useful information than others. In this research work, the authors have
employedthe SVM, kNN, and ANN method for the classification of NSR, ARand AF
ECG signad. These concluding remarks motivate author to formulate the research gaps

& objectives for this research work.

The exhaustive study of the popular and recent literature assists the researchers to discover
some of the research gaps.

iv. Resource Optimization in wearable ECG module
An investigation for obtaining sufficient diagnostic quality of ECG recording

v. Design of low power ECG prigrocessing module
ECG Denoising employing different functions for power optimization

A novelarchitecture for ECG prprocessing

vi. Beat Detection and Classification Algorithm
Acquiring prominent features for Arrhythmia and Atrial Fibrillatibased oiHRV

Decreasing the False PositiRate for the classification of Arrhythmia and Atrial
Fibrillation

Based on the research gaps, different objectives were framed for obtaining the low resource
utilization, low power consumptigmand multistage classification system for the detection

of NSR, AR and AF by employing different types of btignal processing techniques.

In context to the information perceived from the literature, the author realizes that in
Biomedical Signal Processing the design of an automatic ECG monitoring system is
popularresearch work. To attain these objectives, the author has proposed a methodology
for a powerefficient ECG system. Various moderationstie pre-processing and post

processing ECG system have been proposed to improvise the performance of the module.

The primary focus of this research work is to dessig@QRSdetection algorithm having
higher sensitivity and PPV. The developed algorithm should require low resources of
basic characteristics of reme monitoring system such as LUTSs, registers and DSPs

and low power. Heart rate can easily be computed when the corresporpg@aksof an
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ECG signal are detectedlhus, the authors have to design an efficagorithmthat can
authentically determine the heart rate from the ECG signal.

Objective |

Designand Implementation of ECG Denoising Module for Optimal Resources

Objective lI

The Robust Hardware Design of Low Power Module for Clinically Significant ECG

Objective I

Development of Mulibtage Classification System for Heart Rate Variability
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CHAPTER 3
RESOURCE EFFI CI ENT FPGA BASED
MODUL E

In the present scenario, CVDs are the widespread prolfenoccurs in most each
becomes the are one of the most common probikat®ccur in the world [116]. There is
a needfor continuous monitoring othep at i e nt dh® mdxienan behefit fothe
embedded technology is availed by terdiology department in the medical field by

introducing portable and wearable ECG module as shown in Figure 3.1.

Figure 3.1: Portable ECG Equipment

The processing unit 6s omsd the wearabte ECE rmodulet h e
based onlow resources and power is a major challenge. Additionally, a reliable
interpretation of the recorded ECGs always remained a key concern to diagnose and treat
the patients suffering from CVDs. It is accomplished by attaining adequate diagnostic
quality for the analysis of ECG patterns from letegm ECG. These recordings are
contaminated with numerous low and higequency noises that deteriorate the
informatory signal from the EC@116]. The ECG waveform is usually contaminated with
motion artifacts, EMG noise, burst noise, BL&V PLI noise[117]. Among them, EMG,

BLW, and PLI are the main types of noidet cause the major distortion in the useful
ECG signal.
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Resource Efficient FPGA Based Denoising Module

3.1INTRODUCTION

The remendous growth ithe embedded systenfgld has been observad the past
few yeas, typically in the electronicsconsumersection The upwardfashionto have
quality performancedesignhasled to meeting the stringent system requirements by the
researchers as a result of innovative design techniques to meet these objectives. These
systems usually perform variants acrgg®aming digital signal processinigat involves

compute-intensive mehematicacomputations

Digital filters have emerged as one of the frequently used deWaehe elimination of
biomedical noises. The implementation of these softwased digital filter design into
hardware design is a rigorous task. The¢hprocessing units (MCU, DSénd FPGA) are
taken for the hardware implementation and compaesegd ome-programmability, power
consumption, speed, architecture flexibility as represented in Figure 3.2.

High - = MCU
u DSP

Medium -

Grade Ranking

Low 1

Re-programmability Execution Time Speed Architecture Complexity Power Consumption
Flexibility

Performance parameters

Figure 3.2: Comparison of different processingits

The FPGA hadeenselected due to its low resource utilization, high speed, ease of
architecture flexibility and power consumption; which is favoralide the portable ECG
module. This chapter outlines the FPGA realization of the digital filter desilpnv power
ECG pre-processg module.

With the integratiorof DSP into severaldevices,markettime & the capability tobuilt

late designvariationsturn out to beimperative. The ®ftware provides the freedom to
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allow late desigrlterationsut its performancgets compromiseth contrasto hardware.
Hardware and software execution have their own set of pros and cons [118]. Execution of
multiple tasks via hardware could be done in parallel whereas software executes
sequentially On the other hand, it takes a longer timebtald an applicatiorspeeific
integrated circuit (ASIC). ThatswhyFPGA resolution by merging the strengths of
hardwaredesignalorg with softwaredesign

Conventionallymany DSP applicatiorsreusing digital signal processors mainly due to
low cost, lower power consumption, and shorter development time. FPGAwarever,
changing this traditional approach and are beisgduincreasingly in applications where
the requirements of the system are not very stringent. In general, this system includes
various type®of computationallyrigorous applicationsgspecially in reatime DSP[118].
There ha beenrapidprogressn fabrication technologgue to which th@resentohort of
FPGA now contais an enormousiumber of configurable logic blocks (CLBsyhese
CLBs are making FPGA a feasible platfotmimplementa broadrange of applications
FPGAs have gained attraction for appftionspecific DSP solutions due to long

development time ankligh nonrecurring engineering (NRE) costs #agIC [119].

DSP is becoming an essential function nowadays. A variety of devices require signal
processing with high throughput data raglays.One d the other kind of DSP algorithms
is being used in devices ranging from handheld audio/video devices to satellites. A huge
amount of R&D is being done by the engineers to find ways of greater performance and
shorter time to market. Arithmetic opdmais of embedded DSP microprocessors are
performed via software. This is a slow approach as these operations are seriaé bl ha
advantage of being modified. The FPGA chips have stepped in to solve the problems in
the domain wheréheindicationof placingthe arithmetic operations in hardwamestsfor
since long but due to extensive upfront time and effort in creating a custom ASIC it never
flew off well [120-124]. Using FPGA this problem is being solved as it combines the best
of both worlds. FPG# are even faster than microprocessors, due to its reconfigurable

hardware and high performance.
Two major compoents of FPGA structure at®gic Blocks and O+Chip Memory.

Logic Blocks implementhe combinatorial part of the design. Logic blocks aeh®f

storage elements and lookup tables (LUTS)
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The majority of applications of DSP are generally performed in terms of the
multiplication of data with constant coefficients or an internal feedbaekhanism.
Almost every processor can perform additand multiplication, thus they are also capable
of performing DSP algorithms. A genefairpose DSP differs from an FPGA only w.r.t.

how well the function is performed.

A powerful architecturaes offered by FPGAs &a plethora of resources. THEPGA
architecture is flexible;saaDSP functionis easilyable tomap directly to theavailable
resources oFPGA Thus, theyproposedradeoffs between performan&esystem density.

DSP processors areoicompletelyreplaced by FPGAs. As far as DSP processoe
concerned they still dominate in floatipgint arithmetic whereas only fixgabint DSP
functions are addressed by the current generation of FPGAs. In general, FPGAs excel in
the application areas which are computationally intensive requilsrg@numberof filter

taps high throughput. Energgfficient implementation and high performanpeysistas a

design challengéor digital systemsespecially inhandy biomedicadlevices.Optimization

at allphase®f thedesign hierarchys required Effective designs ar@eeded at theoarse

level and effective algorithmsfacilitate in reducingthe overallpower utilized at the fine-

grained level. The leakage during power consumption, especially in lower geonigaies,
prominentfactor in total power consumption. particular, power dissipation in nanoscale
systems is due to a significant amount of transistor leakage, which is caused by the scaling
of threshold voltage, gate oxide thickneasd channel length [12527]. Dissigtion of
dynamic power occurs only when transistors are switching, where#tse case of idle

transistors, leakage power is consumed [128].

FPGAIs a configurable integrated circwithich isconfigured bythe designer to design
digital circuits,hence the term "fielggrogrammable"The VHDL & Verilog aretwo types
of hardware description languagabat are normally utilized to specify FPGA
configuration. FPGAs possess significant advantages in several applications due to its
reconfigurability feéure and nosrecurring engineering (NRE) cost. This is in
contradiction to the applicatiespecific integrated circuits (ASICs) where after the chip
has been manufactured, no design modification can be done by the designers, tineshort

do not have threedom to play around with the chip design.

FPGAs compriseseveralconfigurable logic blocks (CLBs) thdacilitates thedesign

flexibility through reprogrammable logi& designable interconnecte club the CLB.
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On-chip memory blocks are also providad, addition to these basic components. The
recent trend in FPGA technology is moving towards creating a complete system on a
programmable chip (SOPC) by using the architectural components of-gpansed level

along with DSP blocks, highpeed transceers and embedded processoiSPGA
innovation deals with flexibility & quick prototypingvolumes for a quicker time to
advertise. One would then be able to actualize steady changes and repeaPGAglan

inside hoursinstead ofwveeks. The elevatedevel of programming instruments diminishes

the expectation to learn and adapt and frequently incorporates significant protected

innovation (IP) centers for cutting edge control and sign preparing.

There are a few FPGA makeReprogrammable (SRAMased streak based) FPGA
& one time programmable (OTP) FPGARAM-based FPGAsequire a memory
arrangementhat does't hold the information when the designemnot able to control it
Streakbased FPGAs areinctions wherpoweron & needn't bother with outle memory
and OTP FPGAs arenodified, they can't be reconstructed. In the accompanyng
diagramof an FPGAengineering will be introduceadnd afterwardthe design of the most

recent Xilinx FPGA gadget, Zyrg000 Zed Board, will be canvassed in dgtB29].

3.1.1 FPGA Technology

RecentFPGAsdeliver the salienattributesthat incorporatéCLB, look uptable (LUT),
input/output blocks etc. The CLBs are the princgb rationale assets for executing
successive jusis combingonal circuits. A piece of CLB component is associated with a
change latticéo accesshe generatlirecting grid. The CLBcomponent contains a couple
of cuts. These two cuts doméquiredirect associations with one another. Each cut in a
segment has an autonomous convey chair dchip memory gives the storage on

FPGA.
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The proficient complex function delivers by IP core structures such as transceiver,
multiplier, DSP. FPGA also provides the cock management resource that enables
frequency synthesis, clock distribution &ock shifting. The I/O block othe FPGA chip
provides the interface to the outer world. The embedded processors & routing resources
gives the processing power & interconnectivity within logic blocks & hard magites.

general FPGA architecture of 7 sen@sgrammable logic is represented in Figure 3.3

Processing 7 Series
System Programmable
Logic
ARM® Common
Dual Cortex-A9 MPCore™ Peripherals

System Custom
Peripherals

Common Accelerators
Custom Accelerators

Figure 3.3: General FPGA architecture

It has been inferred from the figure that 7 series programmable logic comprises of

peripherals and aclegators and the processing system inciutie latest ARM processor.

KIRTI 53 JUIT, 2020



Resource Efficient FPGA Based Denoising Module

3.1.2 Zyng 7000 Zedboard Architecture

The Zynq family delivers the latest & powerful features within FPGA families. The

scalable platform offers easy migration between series 7 devices as represented in Figure

3.4 [129].

e
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Figure 3.4:0Overview of Zedboard architectufE29]
The combination of a dual Corex processing system (PS) along with 85,0007series
programmable logic (PL) cells is targeted for utilization in many applications. The
ZedBoard isa combination of orboard periperals which is an ideal platform for both

beginner and experienced designers.
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3.1.3Design Flowof Xilinx FPGA

Figure 3.5 representsthe FPGA configuration streamwhich @ntains the
accompanying advances: useful detail of the framework, plan secti@guipment
portrayal language, for example, VHDL or Verilog, structure combination, structure usage
(spot and course), gadget programming, lastgirouit confirmation. Plan confirmation,
which incorporates both utilitarian check and timing confirmatiakes place at various
focuses during the structure stream. The accompanying depicts what should be finished

during each progression.

Functional Specification

v
HDL code
> Behavioral Sumulation
W
Svnthesis
N4
Place and Route
> Static Tuning Analvsis
N4

Download and In-circuit
Verification

Figure 3.5: Design flowfor FPGA implementation

The initial stage includes the examination of structure prerequisites, issue
deterioration, plan section, and utilitarian reproduction, where exactness and conduct model
is inspected by looking at the yield of the HDL model. In the amalgamakietHDL detail
is changed er to a netlist, which is essentially the entryway level depiction of the plan. At
this stage, different streamlining limitations can be applied to the plan. In structure
execution, the implicit netlist innovation libraries are mapped onto the partitegdagn of a
particular device. This setup information is kept in touch with a different document by a
program called bitstream. During time investigation, the product checks whether the

predefined programming fulfills the client's predetermined time linitsthis stage, the
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first postpone model is utilized to appraise the genuine deferral on the chip in the wake of
steering.

3.1.4 Design Flowfor FPGA based DSP

The methodology for the hardware implementation imtiricate DSP calculationson
reusable logic is defyingtask The utmostchallenging process ithe system design ithe
identification of the starting point! This method helps us to mamrageplicateddesigns
efficiently, reducesthe time to desgn, eliminates multiplebasesof errors reduces
manpowerto accomplish the desig@&;, producesoptimal designsolutiors. The advantages

of adopting such a method are different from its development costs.

[ Design filter’s specification in Simulink ’

5

Lilinx Block Jet ‘b[ Generate workable simulink model using X3G ] }'

\_J

&
Y
v . 3
Lilinx cote Aplolis K gecaciton Testhench Generation
generator
v RTL
[ Lilinx Implementation Flow ]
Bitsteam

{ Transfer the data to FPGA ]

Figure 3.6: FPGA/DSP design flow

The default pathto designDSP algorithmsachieved bysoftware languagesamely C,
C++, MATLAB & execute instructions in DSH-PGAs tilizes hardware interpreter
languags to perform such tasks. Turning softwasased algorithms into hardware is often
an automated process. However, DSP algmstitan be expertly crafted in HDL from
scratch. Figure 3.@epresents the flow to design a DSP based solution in FBBA
employing several toolsgdeliveredby Xilinx. The MATLAB algorithmis convertedinto

RTL via Simulink modeling Xilinx presentsa DSP library to implement compatedDSP
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designssuch as filtersAdditionally, the XilinxCorgan toolhelps to generatecomplex DSP
functions in RTLthat performcomplex tasksThe automaticconversion oSimulink format

to RTL using theSystem Generatdool is done However, it is possible to create an RTL
based architecture that can be handled using the Xilinx ISE Toolkésel consecwe
stages assist to generate bitstream needed to configure FPGA

3.2DIGITAL FILTERING TECHNIQUES

In digital signal processing applications; digital filters performed an essential part. It

helps to perform various tasks of DSP applications, specifically signal filtering, denoising,
multimedia compression, biomedical signal & image enhancene¢tit A system that
permits preferred signals over unwanted; or to improve or minimizes certain features of the
signal; termed as a digital filter. It helps to pass and reject the frequency from a signal
according to the padsand specificationHigh-passFilter (HPF), Low-pass Filter (LPF),
Bandstop Filter (BSF) &Bandpass Filter(BPF) is the elementary types of filter.
According to the impulsehere is two types of filtediR & FIR filter.
FIR filter has more advantages over IIR filter in terms ofgehastability and structure.
FIR filters have a linear phase, nmtursive structure, high stabilityand variable
amplitudefrequency characteristics. The general equatioine FIR filter is expressed by
Eq (3.1).

Uil B A&l E (3.1)
wherey(n) representshe output signal
Theorder of the filteris given byN
bi is the impulse response at fimef o r  ON ofNthi ord€ filter

x(n) is the input signal

According to H. (3.1), thes y s t @utpd & calculatetbased ot he f i |l ter ds <co

and order of the filter.

Digital FIR filters are effectively utilized in the measurement of electrocardiographic
signal processing. ECG signal is contaminated by various kinds of interferentes at

specified frequency. ¥#¥50/60 Hz, PLI noise is located; below 0.5 Hz BLW noise is present
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and above 100 Hz EMG noise is found. To acquire the clinically correct information from
the ECG signal one must eliminate these unwanted signals. The intensity of these noises
can be varid based othepat i ent 6s movement during,acqui ¢
and pressure. Due to this clinicians prefer to take ECGfhmp at i ent 6 s body;
muscles are relaxed and make stire patient should stay still and quiet. Windowing,
Frequency samplingand optimized FIR filter desigarewidely used techniques for FIR

filter designing[130]. Among themthe window method is most frequently utilized for the
designing of FIR filters in the recent literature due to its ease of hardwaremenkion.

The easiness dhe design procedure makes this technique very popular. The organization
of a certain coefficient in a definite array as per the designer requirements generates a
window function. A window is a finite array comprising of certegefficients to fulfil the

desied requirements. The design steps for desigrangindow FIR filter comprises of

mainly three parts: Specify the type of filter, compute filter order for a given set of terms
and compute the window filter coefficients. Ttype of filter (LPF, HPF, BPF, BSfor

notch) is selected as per the requirement and their ideal frequency reg@ijseor the
elimination of Highfrequency noise of EMG a low pass filter is used and its ideal

frequency response is signifiedkia. 3.2).
Q¢ A (3.2)

Where h[ n] represents t he f rthearderontbeyfilter, e s pon
0¥ aofffequencyand o6ndé s i ngth.fTo eesovef thelloivequedcy
noise of BLW & LPF is utilized and its ideal frequency response is signifigehir{3.3).

08 (3.3)

For the eliminaion of highfrequency noise of PLI a low notch or BSF filter is utilized and

its ideal frequency response is signifiedin.(3.4).
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o3 (3.4)

Window Functions

|
v i v v v y

Rectangular Hanning Hamming Blackmann Bartlett Kaiser

Figure 3.7: Different window functions

The filterds order depends on the ®Bype of
In this chapter, the authors have usennaller order filter to minimize power and resource
utilization. Several classical window functions namelynkiag, Rectangular, Blackmann,
Hamming, Kaiser, and Bartlett by which wliow coefficients are compute&igure 3.7
signifies the various types of window functions utilized and descrip@daout these are
givenwherem(n) defines the window ,amdcOiM@naned me da
order of the filter. The window function equations and theirliapfions are discussed in
AppendixB.

3.3PROPOSED METHODOLOGY

ECG signals obtained can be easily corrupted with various mechanical and electrical
noises namely EMG, BLW, and PLI illustrated in Figure 3.8.

[ ECG Dataset H FCG Pre-processing H Proposed Architecture for Denosing block

...................................................................... \V o,
Electromyography Base Line Wander PowerLine
Noise Noise Interference Noise
ECG Noises

Figure 3.8: Methodology of ECGore-processing block
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This undesirable interruption in the cardiac signal hampers the ECG signal analysis.
Therefore, a noiseless ECG signal is the primary requirement for clinicians to diagnose
heartrelated problems correctly. Digital filter designd its specificatiomre required to
implement the filter algorithms for the removal of these artifacts as represented in
Figure 3.9. It represents to specify the type of filter require namely LPF, HPF,aBBF
notch filter. Based ont h e f ardert amd s stype coefficients are computed. The
realization of structuring is selected as per requisite namely Direct FIR filter or Transposed
FIR filter. There is a significant effect on the word length has been observed; whether the

design requirgfix ed-point or floatingpoint representation.

[=]
'

Filter Specification ———
Calculation of Filter
Coefficients

v

Realization Structuring —

'

Finite Word length effects &
Analysis

I

H/W or S/W Implementation

v

[ ]

Figure 3.9: Steps to follow the digital filter design and specification

The FPGA implementation of this digital design requires a fpeiht representation.
The FDAtool from MATLAB providesaninbuilt function totransformthe design fronthe
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floating-point unit to fixed-point unit representation. This representation depends on word
length, fractional bit lengthand signed/unsigned selection. The effect of word length
selection Of &it and 16 bit has been shown in Figure 3.10. According to the ECG dataset
the 16bit word length is preferred overldt because more quantization error arises on the
selection of &vit word lengthconcerningl6-bit.

Frequtnsy (2]

Uil A

(b)
Figure 3.10:Effect of word length on the frequency response {ait &) 16bit

The 16bit word length selection leads to implement the digital filter implementation
on FPGA. A novel modified hamming window has been proposed by the authors in this
research. The standard hamming window function does not provide the appropriate
frequency response for the ECG filtering. The authors have proposed a hamming window
function whch gives better frequency response in comparison with other window methods.

The generalized equation thfe Hamming & Hanning window function is:
o0& | p | Al 6~ »p (3.4)

whenU= 0.5: Hanning Window Function
U= 0.54: Hammi ng Window Function
T he v aUbiothe pooposed hamming window function equation is taken as 0.74.
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VE T WAl &6 p (3.5)

The proposed window function design specifications are takeheasrder of the
filter is 7. The cuff frequenciest) of HPF is O0.,mandznotRKOS il
49.550.5 Hz. The proposed window function has been utilized in the methodolegy du
its low computational complexity and better frequency response. The proposed
methodology consists of four steps namely selection of coefficient, proposed architectures
and simulation techniques.

3.3.1Two-tier ECG Denoising Architecture

The online platform is used for ECG signal acquisition. The proposed methodology
represented in Figure 3 suggestshe twatier denasing architecture® denoise the ECG
signal to investigate the framed research questions. To follow the demigfflXSG, a
low-power denoising module for ECG is proposddhe proposed window function design
specifications are taken #g order of the filter is 7. The cudff frequencies<¥.) of HPF is
0.5 Hz, L Rfdds nloQ Oc hHSA.5 Hz.tTeerppased 4vididos function has
been utilized in the methodology due to its low computational complexity and better
frequency response.

Hamming, :
Window Hanning, i Selection of Coefficients
Rectangular, :
Kaiser, Bartlett,
| Anti-symmetrical| | Symmetrical | Blackmann
IN N ouUT

HPF > Register |>

—) Register || LPF

Two-tier Architecture

i IN =} Register [> oich b5 Register [
: Filter
MATLAB VIVADO
| Zedboard | Simulation Techniques
S Resource Power
cope Utilization Consumption

Figure 3.11: Proposed methodology fowo-tier ECGdenadsingarchitecture
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Two designs are introduced in tmgethodology by using +#built Xilinx blocks. One set of
design removed BLW & EMG noise by employing LPF & HPF consecutively. Another set
of desigms eliminates PLI noise by employing notch filter. All the classical window

functions are compared in termsresource & power consumption.

3.32 Three-tier ECG Denoising Architecture

The threetier methodology comprises of three digital filters wected consecutively.
This block conprises basic componentstbe FIR filter. The authos have removed all the
three ECG noises simultaneoubly employing the proposed methodology

Hamming, ;
Window Hanning, i Selection of Coefficients
Rectangular, :
: Kaiser, Bartlett,
| Anti-symmetrical| ‘ Symmetrical | Blackmann

59 Register | TPF [ Notch [ HPF |->| Register|> Three-tier Architecture

ereeeesser e nas Loreensserssseessssessssessessssnssssmssssnsessen
MATLAB VIVADO :
Zedboard Simulation Techniques
S Resource Power
cope Utilization Consumption

Figure 3.12 Proposed methodology fthreetier ECG denisingarchitecture

The registers used in the proposed architectamestilized to store the samples one by
one. The thre¢ier methodology is also compared on all the classical window functions in
ternms of resource & power utilizatiorThe authors have taken motivationrfrdhe existed

literature and also considered the practical potentials and comd#iothe time ofthe
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investigation. A detailed description and discussion of the findings lteen incorporated

in the proposed methodology.

3.4RESULTS & DISCUSSION

This section embodies the two types of proposed architecturer ECG denoising
block and 3tier ECG denoising block. Their results are represented in termie ISG
model, scope results, RTL schematad resource and power utilization. The percentage

improvement has also been shown in comparison with the existing literature.
3.4.1 Two-Tier ECG Denoising Block
Figure 3.13a) suggested the XSG model of serially coupled two digital filters;itbe f

filter is deliberated asreLPF andthe second filter as HPRigure 3.13 (b) is implemented

onthe XSG model to eradicate the PLI noise.

&

oyslem
Genertor

Data2mat |—{ |0 |—>ld 21 gf—>f iz} »| rumiz) N q‘—b—‘bl
From File Gateway In Gateway Out
Register Digital FIR Fiker  Digital FIR Fikert Register2 Spectrum
Analyzer
(2)
System
Generator
From File Gateway In Gateway Out

Register Digital FIR Filter Register2 Spectrum
Analyzer

Figure 3.13: Simulink model for the realization @ftier architecturda) LPF & HPF (b) Notch filter
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The inbuilt digital FIR blocks fromthe Xilinx block set of Simulink is utilized in the

structure. The gateway and gatewayut blocks are the soursand sink blocks taken

from the Xilinx block set; it converts the real values of data into floatingfixed-point

numbers.

The ECG input of MIT/BlHwastaken from Physionet. The raw ECG signal is corrupted

with ECG noises. The simulation is perfonen Simulink in which Fig. 3.14a) signifies

3600 samples of ECG signal @ifds. Fie 8.&do)d n u ml
represents the removal of the EMG by applying LPF. Fig(8)lllustrates the outcome of

HPF to eliminate BLW noise.

Raw ECG Signal
T

i

\L “\w\)r\ M\\ »\,J\‘L "*w‘\. VMMII """\ M‘A r'w’\“,.\ M\"“\ MH'

Sample Values

Samples ¢

Low Pass Filter
T T

3
g
82
>
L
e
E
8
]

Samples

High Pass Fnllcr

-

Samples

Sample values

Figure 3.14: Scope results (a) Input ECG signal (b) Electromyography Noise Removal (c) Base Line Wander

Removal
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The successful simulation dhe XSG level isperformed to obtaimesource& power
consumptionis calculated. The behavioral simulation waveform and RTL schematic at
various abstraction levels on XILINX VIVADO is illustrated in FiguBel5 abstraction &
successful implementation tfe Smulink model into RTL schematic using core generator
block

B digtal fir_filter

e & - Owindow_fir_compiler v7_2_i0_instance
@ Joge 1
& adk m_ai \dalalZ30] m_ais data tdata real22:0)
ok bge 1 adien m_:

- s ais_Gata Vi eal19] 5 21 Gaa \aa230) ol
s axs_data_tvad

hybridwindow_fir_compler v7 2 i0

2_i0_2ad07015167a61261351385¢506d%at

Tyoridwindow_struct

Figure 3.15 RTL schematic of low pass and high pass filter

Table 3.1 tabulated the proposed window technique that consumes 220 RS,

Registersand 6 DSPs out of 53200 LUTs, 17400 Registand 220 DSPs in contrast with
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other windowing techniques. The proposed window function hascalssumed only 121

mW of power.

Table 3.1:Comparison Table of HPF and LPF for various types of Windowing techniques

Window Design Methods Resource Utilization Power Consumption
Low Pass Filter | High Pass Filter (5L3U2-[)O) R’(igf(t)%r)s (ggg) On-Chip Power

Proposed Proposed 220 391 6 0.121
Hamming Hamming 220 400 6 0.136
Bartlett Bartlett 223 399 6 0.128
Kaiser Kaiser 225 410 6 0.144
Rectangular Rectangular 247 391 6 0.136
Blackman Blackman 247 463 7 0.142
Proposed 105 209 3 0.130
Hanning 127 273 4 0.135
Kaiser 117 219 4 0.132
Notch Filter Hamming 127 273 4 0.135
Bartlett 105 210 3 0.132
Blackman 105 209 3 0.132
Hamming 105 210 3 0.131

In the proposed architecture 1, the researchers have utilized b@tiXilinx block set of

the digital FIR filter. Various types of noises are eliminated by employiregproposed
methodology. The Proposed window has been chosen due to low resource utilization. It has
utilized only 0.41% of LUT, 2.24% of registeend 2.72% of DSPs. When the ECG@Grsll

is less noisy and only EMG and BLW noise are present then architecture 1 will be
employed. To eliminate all the three ECG noises simultaneously Architecture 2 has been

proposed.

3.4.2 Three-tier ECG Denoising Block

In the proposed architecturg, all the lowfrequency and higlirequency noise
components namely EMG, BLVdnd PLI can be removed simultaneously. To realize this
architecture various types of window functions have been tigeghne as architecture 1.
Figure 3.16llustrates threei¢rs of HPF and LPF block that eliminates the unwanted signal

from the biomedical signal (ECG).
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Figure 3.16: Proposed architectufer 3-tier architecture

The -dtomain anal ysis comprises of Finite
consisting of wvarious types of windowing t
Hammi ng, Rect geagal af 11 Hanhnnghis article, a
window techniques. Thtei éorasarcc leilteanetnu rse off o rt
compmals adder ,anmduldteilpalyi eerl e me nt To observe
tier architecture t he aut herysammédtaiviec t @atkreunc
demonstrated in Figure 3.1

(1)t

_ 2 o » 1 » i s 1
Galeway In b ax
Defay Delay1 Delay2 Delayd +b o
!l.g bl o
axb axb My
usesss] > possers]-op 8
Constant Mukt Constant2 Muk2 b
Constantd Muld
: o A “ash > Galoway Out Outt
P e > i - AddSubs
z b AddSul
h k] AddSubl
AdeSub
Constant Mult
(a)
KIRTI 68 JUIT, 2020



Resource Efficient FPGA Based Denoising Module

Dedays Dedaryd

798528125

Canstant Constant2 ©
330078125 2
478515625 v Mult2 z
. =
o -5

-1
« st o[
F
ashf————»b |

Gateway Cut Scope

AddSubd

(b)

Figure 3.17: Basic constituent of FIR window function (a) Astrmmetric (b) Symmetric

It has been inferred that symmetric architecturs baen utilizel almost 50%fewer

resources and consumes low power as comparadtisymmetric architecture.

The online ECG database us already been corrupted with ECG noises. The Simulink
platform from MATLAB software is utilized for the simulation. Figure 8illustrates the
scope block results of Simulink in which Fig. 8() illustrate Raw ECG signal, Fig. 3.18
(b) shows the elimination of the EMG using LPF. Fig.83d) showsthe outcome of HPF
to eliminate BLWnoisein raw ECG signal. Fig 3.18d) represents the outcomé BSF
havif@agl ibes in between 49.5 Hz to 50.5 Hz.

For the successful simulation &he XSG level, the authors computed the resource
utilization and power consumption. The consideration of behavioral simulation waveform
and RTL schematic at variowbstraction levels on XINX VIVADO is taken. Figure
3.19shows the RTL schematic of the ECG+precessing module & it can be seen that the
Simulink model is reproduced in the XILINX environment usitige available core

generator block.

KIRTI 69 JUIT, 2020



Resource Efficient FPGA Based Denoising Module

Raw ECG Signal
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Figure 3.18 Scqeview outcomes (a) Ramput ECG signal (b) Electromyography Noise Removal (c)
Power Line Interference Removal (d) Base Line Wander Removal
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Figure 3.19: RTL schematic of proposed ECG denoising block 2

Table 3.2:Resource utilization and @@hip powerconsumption of proposed fer preprocessor design

using window functions

Resource Utilization

Filterds Slice Slice
architecture LUT Registers
(53200) (17400)

DSP On-chip
(220) | power (mW)

Proposed Symmetric

Window 460 787 17 510
Kaiser 467 798 18 576
Bartlett 498 795 20 613
Blackmann 569 898 32 723
Hamming 653 919 33 624
Rectangular 781 948 45 667

Resource utilization and erhip power for various window functions for symmetric
and antisymmetric design are computedsed orLUTSs, Slice registersand DSP. It has
been observed that symmetric design consumesrresources and power as compared to

KIRTI 71 JUIT, 2020



Resource Efficient FPGA Based Denoising Module

antisymmetric design. Among all the window functions proposed window performs better
in terms of consumption of resources and poviFor antisymnmnetric design the proposed
window consumes only 2.33%, 13.2 &hd 9.61%of LUT, register & DSP respectively.

It only consumes 384 mW of dynanpowerand 110 mW of static power. The symmetric
architecture ofthe proposed window utilies 0.86%, 4.52%, 7 .72% of LUTSs, Slice
register and DSPs respectively. Also, it consumes only 354 mW of dynamic power to
denoisethe raw ECG signal. The implentation of the proposed architecture RTL

schematic is transfred on Zedboard by usirige VIVADO tool.

3.5COMPARISON OF PROPOSED ARCHITECTURES WITH

EXISTING LITERATURE

Table 3.3 tabulated the comparison of proposed ECG denoising modules with existing
literature. The latest FPFA board i.e. Zedboard is aitoedalculatethe resources a&n
utilization of power forsuggestednodules. In the proposed architecture 1, two types of
noises are eliminated using inbuilt Xilinx blocks of Simulink. It depletes only 0.61% of
SLUTs (Slice Look Y Table), 4.005% of SRs (Slice Registemd 44.54% of BPs and
consuming only 151 mW of power to eliminate BLW and PLI noise. The elimination of all
three ECG noises are done by proposing architecture 2; it consumes 0.86% of LUTS,
4.52% of slice registers, 7.72% of D&Rhe expense of 510 mW of pow€&€omparson is
done with recent year papers that denoise the ECG signal using XSG modeling and FPGA
platform. It has been dorgased orthe technique used, type of noise eliminated, FPGA

board utilized as per these specifications resouatespower consumptios computed.
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Table 3.3:Comparisorof proposed architecturegth recent literature

Resource Utilization
*) Power
References P‘lttj]zntlieiiﬁn R:}f:;f; q| FPGA | Slice Consumption | Percentage
1 LUT | Regist | DSP (mW) Improvement
er
ZedBoard
Proposed | osed | EMG | @wna- | .61 | 4.005 | 454 151 3.4%
Architecture 1 BLW 7000 AP
SoC)
ZedBoar
Proposed EM(%-‘ d (Zynq-
Architecture Proposed BLW, 7006AP 0.86 | 452 | 7.72 510 Selected
2 PLI SoC)
Zedboard
Least-square _
[132] approximatio| BLW (Zynq- 046 | 044 | 7.58 142 6.3 %
n 7000 AP
SoC)
Spartan 3E
[71] Kaiser EMG | (XC3S500| 1.19 | 167 | 7.32 167 7.13 %
e-4f2320)
Spartan 3E
[133] Kaiser PLI (XC38500| 2.1 24 9 194 8.2%
e-4f2320)

In [132] QRS detection technique is suggested that utilzefeastsquaredenoising
approacho eliminateBLW via Spartar3A FPGA board. For the consideration efjual
comparisonthe authors haveargetedZedBoard. In [1] and [133 EMG & PLI noises are
removedseparately bgmploying theKaiserWindow usingSpartan 3EPGAboard.

3.6 CONCLUSION

In this chapter, two XSG mediarchitectures have been propogaddendsing module
to remove the prominent highequency and lowirequency noises present in ECG. FIR
filtersare used to eliminate BLW, EM@nd PLI noises from the useful signal. To achieve
the optimized results in terms of resource utilization and power consumption, various
combinations of window filtering designKéiser, Bartlett, Blackmann, Hamming,

Rectangularand Hanniny for low pass ad high pass filter is utilized. The authors have
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also proposed second architecture to overcome the limitations of architecttifes 1.
proposed architecturesre implemented on FPGA targeting Zyn@000 evaluation and
development board. To justify the Iggower consumption and low resource utilization an
exhaustive comparison has bedone amongdiversewindows functionsthat comprise
symmetric and anSymmetric designs. Amongst thethe symmetric window function

from architecture 2 is selected becausdiihinates all three types of noises sitantously

to its high performance in terms of resource utilization and power consumpéieed on
performance metric architecture 2 provides optimal results and it eliminates all types of
ECG noises simultaneoysl The proposed architecture finds minimum resosirte
remove ECG noises simultaneously but failed to lower the power consumption. The
selected architecture is employed in the stationary ECG module in which power

consumption is not an important criterion.
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CHAPTER 4
FPGA BAPS(EMEER EFFI CI ENT WEARABL
MODUL E

4.1 INTRODUCTION

In the domain of natural philosophy industries, the principal theme that has emerged
over a few years is low power. Dissipation of power has become a critical notion for the
performance andpace for VLSI Chip style. There are a couple of key challenges as well
such asdecreasing consumption pbwer& its organizationon-chip squargwhich come
with shrinking technology [134]To extend the battery life and cut back package price
optimizaton of power is a critical requiremenn low power VLSI stylesyunning current
& power organization are the key concerh#egration refers to the interconnection of
several electronic components such as transistors, diodes, resistors, etc., onwafew sq
millimeters die produced from a silicon wafer. Interconnection of several electronic
components in such a small area yields an Integrated Circuit (IC) which may then be used
for a single application or several applications. In the contemporary eedectfonic
designing, various levels of integration processes are followed from time to time depending
upon the number of transistors to be integrated to form an application circuit in 1C form.
VLSI is the process of fabricating several thousand to onBomitransistors inside a
single IC. Fromthe past two decades, advancements in VLSI expertise have led to the
rapid advancement in ECG miniaturized application circuits embedded inside the VLSI IC
for continuous monitoring [135]. Thus, miniaturizationtbé ECG module is the goal of

electronic circuit designers in the contemporary ert@®medical revolution.

Due to the recent advancements in medieaicetechnologythere has been thmrth
of monitoring system based on Programmable Logic Devices (PLDs). Field
programmable gate arrays (FPGASs)spite of being not very new to such devices have
attainedpopularity in theareaof rapid prototyping of designs in recent timespecially
with the assistance of software simulation and synthesis. The formats compatible with
FPGA are different than the higével language description, which is whye software

synthesis tool is used to translate them into compatible modes.efimsiveness has
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become the price focus for using FPGAsaseral design changbscome easier to do with

the help of software synthesis rather tiamg themon a hardware prototypdhe use of
FPGAOGs is well establ i shed thetwahsmisdioe gf datar e  wii
using high-speeddigital systems forecovery storage &processinghe features.Some of

the famous companies manufacturing FPGA in the world are Xilinx, Altera, ,/fadl

Quick logic. Hardware description languages inclisdguaesthat are usedo FPGA &

CPLD basedligital logic design by employing Verilog & VHDLWith the capability of

the utilization of board spac& system powerFPGA provides optimal device utilization,

thus reducing the complexity of the system [131].

Considering the expected long life of these miniaturized ECG circuits and the needed
compatibility with the other high speed and reliable equipment developed, there is a
necessity for developing low power consumption circuit designs with reliable parfoem
to be embedded inside the VLSI-Based ECG module [137]. Moreover, because of its
field-programmable nature, FPGAs are mostly preferred in the design and development of
all the futuristic ECG applications so that any required modifications in tlsérexiVLSI
based design can easily be implemented in it. Large power consumption generates heat
which has to be dissipated with the help of proper cooling techniques. The other factor for
low power utilization module is battery life in handheld and poetabCG electronic
devicesare limited. It is very crucial to design a low dynamic poveensuming ECG
denoising architecture. Eventually, these measures will resplolonged operation time
in handheld and portable ECG devices [138].

The design of the@roblem is already quite complex and designing it for low power adds
another dimension to it, thus the existing design has to be optimized for power,
performanceand area. The major issues and challergeserningow power designs are

as under:

(@) Techndogy Scaling:In technology scalinghere are a few factothat get affected
and create issues. They are:
1 Supply Voltage reduces by 15%
T Die size grows by 14% (Mooreds Law)

1 Electrical nodes increase by 2X,
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1 Capacitance per node reduces by 30%
1 Frequencyncreases by 2X.

To meet these issues relatively there isnarease of active power by X7

(b) Leakage powerThe high leakage power arises due to counter the derioand
power voltage A low-voltage or low threshold syste® circuit desgn method
pursuinglV supply voltagek utilized low thresholds.

(c) Low power interconne@ns By employingadvancd technology, reduced swing
& activity facilitate to achieve the loywower interconnects.

(d) Development of powerit acquires a determined approach &ools for logic
synthesispehavioral synthesi& optimization ofthe layout.

(e) Power savingmethods The powerefficient approach is utilized by recycling the
energeed usingthe adiabatic switching principlenstead ofheatdissipation. Also.

by assurig some systema&herepowerspeedradeoff occurs

The complete integration of ECG denoising architecture is fabricated on a single printed
circuit board with other supporting chips, due to which the FPGA power relatearty
aspects [139]. There are various sources of power related to various resources inside
FPGAs for achieving high performance by maintaining noise immunity from the EMG,
PLI, and BLW noises.

4.1.1 Types of Power Dissipation in FPGA

While designing a pécular application, power constraints can be crititials a key
concern nowadaydue to the high demand for low power applicatidtigh computational
power is required by most of the new ECG portable applications, thus to have a
satisfactory batteryife with low-power Power evaluation should be done early in the
process to avoid violations in the power constraints and also to avoid expensive and

complicated design changes later on. Power estimatiorbmatilized for preciselpower
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tradeoff with variousother parametersf system designamely performance, area, speed
etc. Incorporation of various techniques could be doragetwease thpower utilization in

the systenil40]. Decreasing thsupply-voltageis one of the major causes in theuetion

of power dissipation, but at a higher level of design abstrgotemous other techniques
can also achieve considerable improvement in power dissip&aallelism& Pipelining
are employedo optimize power at an architectural level, whereagproachesnamely
decreasinghe number of operationsxecutedto reduce the switching capacitandésit
eventually lead tgpower consumptionThe total required power for each supply source

depends on the three components of power [141].

(a) Device Static Power The device static power is defined as the power required for a
device to operate for programming. It depends mostly on manufacturing, applied voltage,
process propertiesand the device junction temperature. The junction temperature i
dependent upon the ambient temperature, voltage level and total current supplied. The leak

in the transistor holding the device configuration leads to a large poftibis power

(b) Design Static Power Once the device has been configured and igniidle state an
additional power is withdrawn. This power is called design static power which includes

static current from 1/O terminations, clock managarsl other circuits.

(c) Design Dynamic Power The additional powers withdrawn after the device hagdn
configured and the activity is still going on. The dynamic power depends on voltage level

and routing resources used and it changes with time as per the design activity.
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4.1.2 Power Contributing Factors in FPGA

In the domain of natural philosophy unstries, the principal theme that has emerged
over a few years is low power. Dissipation of power has become a critical notion for the
performance andpace for VLSI Chip style [142The power contributing factors in FPGA
consists of device power, desigower, and environmental power. All these factors create

a significant effect on the power consumption by the proposed architecture on FPGA.

(a) Device Power It relates to the manufacturing and architectural parameters as shown in
Figure 4.1. Themanufacturing parameter relates to silicon and package technology
whereas the architectural parameters relate to the structure, amount, functionality, layout
and routing between the resources inside the FPGA. These choicesdraat impact on

the statt and dynamic power of the device [143].

Device Power Contributing Design Power Contributing
Factors Factors

1. Silicon Technology 1. Device Selt_?ct_lon

2. Package Technology 2. RITL Description

3. Architectural Parameters 3. Tool Constraints

4. Implementation Tool

Power
Contributing

ifil Factors in FPGA

Environmental Power
Contributing Factors
1. Supply Strategies
2. Cooling Strategies

Figure 4.1: Power contributing Factors in FPGA
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(b) Design Power- The factors related to the power of the design are device selection,
RTL description, tool constraintand implementation tool options. Device selection refers

to the selection of the required device family, out of the varieties offered by different
vendors. It helps in setting the static power, which is fixed for a particular device family. A
good RTL desription is to optimize the available resources in the underlying hardware.
The knowledge of tool constraints helps in setting the optimization goal. There are various

implementation options and algorithms available in the design flow for power [144].

(c) Envronmental Power- This factor depends upon the supply and cooling strategies.
The supply strategy balances the input and output voltage differences. In addition to this,
different FPGA families have different voltage and current requirements. The seleicéio

lower voltage device reduces power. Placing the heat sink over the device and maintaining
the ambient temperature, refers to the cooling strategy by transferring the generated heat to
the environment by the mentioned process [9].

The low power consumption is another important design goal for the efficient
implementation of wearable ECG denoising module. As the size of the battery clocks up
more than 50% of the system volume, it leads to system miniaturization along with
prolongedlifetime. Our goal of this chapter is to design a poef#icient design forthe
ECG denoising module without sacrificing much performance or incurring a larger chip
area on FPGA.

In this chapter, the authors are working on the hardware implenaentdtsignal pre
processing techniques that includes teenoval of the artifactdrom the ECG signal
through different types of filtering techniques. the beginning of this research, the FPGA
technology was very new, and it was therefore not well whoed whether the analysis of

FPGA implementation of ECGs could provide satisfactory clinical information [145]. To
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provide clinical usable information from the raw ECGs by employing FPGA is a

challenging task during the beginning years of the VLSI inglustr

This apprehension was also related to denoise the ECG with minimum resource
utilization and power consumption for wearable ECG modules. This research work verifies
the design of the digital filteto denoisethe bio-signalon FPGA and reduces thisk of
misreading and complications during the study of the recorded ECGs. This research work

proposed a methodology that aims to optimize the power in ECG denoising architecture.

4.2 PROPOSED METHODOLOGY

The noisaeduction in biomedicadignalsis still adefyingjob & promptlygrowing in an
area usingseveralapproaches for the reduction dise. The complex QRS signal af is
considered to be very important. Low pass filtering is the most common method used for
the removal of these noiselSPGA is used instead of a microcontroller, assita cost
effective & reconfigurabilityfeaturethus having a quickime to market. A methodology

on FPGAbased digital filter desigis proposed in this work.

The FPGA established digital filtemplementation is superiootclassical DSP chips
as it has a higher sampling ra&ecosteffective Reduction of noise up to a satisfactory
level is done by a digital filter in most cases. An emphasis has been laid down in this
chapter by the authors ohet hardware implementation tife ECG preprocessing stage
and using FPGA to remove unwanted noises from the useful signal, thus helping the

clinicians for an accurate diagn®®y utilizing minimum power.
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Different ECG dencising Techniques
I

Selection of

: Coeflicients
Propased Filler

Architectures

Simulation

Techniques

Figure 4.2: Proposed metidology for ECCGdenoising block

Figure 4.2 signifies the proposed methodology of the implementation of the ECG
denoising block by employing different architectures and compare with different FPGA
boards. Each signal is referenced from the M8IH database by selany the target
database (MITBIH Arrhythmia Database (MITDB)). Prprocessing is done by employing
linear function (window) and validated its results using -hoear filters (wavelet) to

diminish these undesirable signals.
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To perform the prgrocessingstep the authors have divided this phase into three piaets:

selection of t he ctoedndsinulatientdctmiqued. i | t er 6s ar c

4.2.1 Collateral Architecture

The numbers of filter coefficients are computed based on various windows and
wavelet functions. In this work, the authors have considered five types of the window.
These functions incorporate Kaiser, Blackman, Bartlett, Hamnaing proposed window
functions. The methodology also comprises Haar, Coiflet, Daubeameésbiorthogonal
wavelet functions for the validation purpose [17] illustrated\ppendix CThe windows
function employs th&ourier transform to denoise the ECG from unwanted sigpalsent
in the informatory signal. But, the Fourier transform onlyies&s the global frequency

content of a signal.

Figure 4.3 represents the collateral architecture imetides three types of filter
particularly HPF, LPFand notch filter to eliminate EMG, BLW, and PLI respectively. The
core structure of the pposed architecture is composed of -@agthmetric and symmetric
design. These architectures have utilized the windows coefficients to compute resource and

power consumption.

The collateral architecture comprises three filters in a parallel form. The gateway is a
Xilinx source blockthat takes the input from the database asmded to the filter. The
subsystem of the filter constittef core elements of filter (adder, multipli@nd delay) in

asymmetric form in which proposed window coefficients are fed in the multiplier unit.
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Figure 4.3: Collateral ECG Denoising block
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4.2.2 Sequence Architecture

Figure 44 represents theequencearchitecture that inclugethree types of filter particularly HPF, LPF and notch filter to eliminate EMG,
BLW, and PLI respectively. The core structure of the proposed architecture is composedsgmamiric and symmetric design. These
architectures havutilized the windows coefficients to compute resource and power consunipt@®seequence architecture joins the filters in a
serial form to remove the ECG noises simultaneously. ECG database fed ttireggteway in source block to the digital filters that help to
scrap the unwanted signal from the useful ECG sigr. iltered signal fed to the Xilinx sink block then supplied to VIVADO tool.

it o Ao minats

From File

Sooe

Figure 4.4: Sequence ECG Denoising block
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Simulation Techniques

As the complexity of the system increases, the reliability of the system decreases and
the hardware platform generally does not guarantee the reliability determined in the
meantime betweefailures (MTBF) calculations. System reliability is largely determined
by the level of hardware and software architecture, development and -certification
processes, and design managemé&hirrently, the main reason many engineers choose
FPGAs over DSPs ishé need for MIPS (millions of references per second) with the
inherent benefits of reliability and stabilitMATLAB and VIVADO tool has been used to
conduct the simulation dhe proposed architecture. Three FPGA boards namely Virtex,
Kintex, and Zyng7000 have been targeted for effective selection as shown in Figure 4.5.

g0 2%
41 11 f = e |

11 » \
| |

Figure 4.5: FPGA Board(a) Virtex (b) Kintex(c) Zedboard

The Zyng7000 is essentially a Kintex FPGAs plus the ARM cores. There is no use of

ARM cores for small applications; in this cad€intex board is preferable. The Virtex
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board has larger technology as compared to Kintex. When the size is not an important
constraint for an application eh the Virtex board is utilized. The Zyng®000 family is
based on the Xilinx SoC architecture having 28 nm Xilinx programmable logic (PL) in a
single deviceln addition to this PLit also comprises eohip memory, external memory,

and a rich set of peripheral connectivity interfaces. It yields the minimuothiprnpower

and uses less resource elements. Xilinx ZyA0 programmable SoC (AP SoG3es
ZedBoard alow-cost development board in comparison witbother two boardsSeveral
extension connectotsighlight program logic/Os and processing systems for easy user
access. Zedboard can be used in Linux / Android / RTOS development, General Zynq
7000 SoC prototype video processing, software acceleratiod embeddedARM
processing.Designs are captured using the Xilinx specifiock set in a DSHriendly
Simulink modeling environment. The Xilinx Simulink Blockseas DSP functions and
algorithms ands a highly parameterized librarfhe Xilinx DSP Blockset for Simulink
includes 90 DSP building block3hese blocks irmrporate baic DSP building blocks
namelyaddersregisters & multipliersThese blocks affect the Xilinx IP Core Generator to
provide theoptimized results fothe choserdevice The results obtained from the designed
denoising architectures are showrttie next setion. The findings are computed in terms

of slice LUT, Slice register, DSP, and-ohip power. The comparison has also been made

with existing literature and percentage improvement is computed.

4.3 RESULTS AND DISCUSSION

The hardware of digital circuits requires execution because it speeds up the execution
from severahours tominutesto secondsTo attainhigh speed & execution the emphasis
should be orardwareimplementation. Due to the limited nhumber of logic composie&n
frequency are available. The implementationaafignal processing system on hardware
generally ASIC or FPGA are employed. The eefféctiveness plag/a vital role in the
extensive employment of FPGA; as it significantly decreases the cost of hblocks
comparison to ASIC. FPGA is a better choice instead of ASl@rfdredded systems is
an effective technology for retime applicationsThe proposed work deals with two types
of software tools: MATLAB and VIVADO. To obtain the resource utilizatiow goower
consumption on different FPGA Boards, the authors have emplkinedIVADO tool
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from XILINX software. The selection of an appropriate tool for hardware designing is a
very crucial step as it affects the development time, power consumatidncos of the
research work. Initially, Hardware Description Language (HDL), such as Verilog VHDL as
structural or behavioral specificatioisstargeted for the hardware netlist generation for an
FPGA. From the past few years, the focus has been shifted tolmgheslevel languages

than traditional HDLs. Various systems assist in the design, modalmgsimulation of

the system. However, all of these systems are still under development and have their
limitations. XSG is a DSP design tool from Xilinx that bles Simulink to use the
MathWorks modebased design environment for FPGA design [B].

The design and implementation of DSP FP&Adone on alistributed system integration
platform by XSG which alsaallows RTL, Simulink and MATLAB componentgo club
together in a single simulatidi execution environmentWindow functions are commonly

used for digital filter design such #® Finite duration unit pulse response (FIR) filter. The

FIR filter design is popularly used nowadays for the measuremehnaiseless ECG

signal [6]. These filters are utilized to remove the noisy signal from the valuable
biomedical signal and its consequence is observed on the input signal that can be defined in
the time domain. But, only the time domain technique of EC@asignalysis is not
enough to study all the prominent features. Therefore, the filters are also designed in the
frequency domain to illustrate the signal in terms of frequencyZ@ig-7000 family is

choserfor XSG flow & Verilog HDL languages utilizedfor the netlist generation.

4.3.1 Collateral ECG Denoising Architecture

The whole analysis is performed peghthesis through which resource utilization
and power consumption are calculated. Table 4.1 signifies the utilization of basic units
(Slice LUT, Slice register, DSP) for proposed collateral architectures of ECG denoising
block using window functions. It also inqmrates the angymmetric andsymmetric
architecturedor windows function architectures of the core structure. For siroanlathe
authors have considered three types of FPGA board: Virtex, Kiatek Zedboard and

compared their resource utilization andamnp power for the proposed architectures
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Table 4.1:Resource & power utilization of Collateral denoising block

Virtex Board Kintex Board Zedboard
On- On- On-
Resource Chip Resource Chip Resource Chip
mer Selechqn of Utilization Power Utilization Power Utilization Power
Architecture Coeficients W) (W) W)
Slice | Slice Slice | Slice Slice | Slice
DSP | Total DSP | Total DSP | Total
LUT |Registers P | Tot LUT |Registers S | Tot LUT |Register 3P | Tow

Proposed | 621 | 1149 | 30 |2.076| 621 1149 | 30 {0774 621 | 1149 | 30 [0.142

Kaiser | 621 | 1149 | 30 [2.079| 62l 1149 | 30 [0.776| 621 | 1149 | 30 |[0.310
Ani Bartlett | 621 | 1149 | 30 |2.074| 621 1149 | 30 [0.772| 621 | 1149 | 30 |0.149

symmetric | Blackmann | 621 | 1149 | 30 |2.066| 621 1149 | 30 [0.761| 621 | 1149 | 30 [0.292

Hamming | 621 | 1149 | 30 |2.075] 621 1149 | 30 |0.772 621 | 1149 | 30 |0.307

Collateral Proposed | 462 | 8% 18 2071 462 8§94 18 {0772 462 | 894 | 18 [0.140
Kaiser | 462 | 894 18 12.073| 462 894 18 |0.763| 462 | 8% | 18 |0.299
Bartlett | 462 | 894 18 12071 462 8§94 18 {0772 462 | 894 | 18 [0.142

Symmetric| Blackmann | 462 | 894 18 2.060 | 4062 894 | I8 10770 | 462 | 894 | 18 |[0.288
Hamming | 462 | 894 18 12.070| 462 894 | 18 [0.761| 462 | 894 | 18 [0.296

KIRTI 90 JUIT, 2020



FPGA Based Powefficient wearable ECG Module

4.3.2 Sequence ECG Denoising Architecture

The whole analysis is performed paghthesis through which resource utilization and power consumption are calculated. Table 4.1
signifies the utilization of basic uni{Slice LUT, Slice register, DSP) for proposed sequence architectures of ECG denoising block using
window functions. It also inaporates the anBymmetric andsymmetric for windows function architectures of the core structure. For
simulation, the authorsave considered three types of FPGA board: Virtex, Kjraad Zedboard and compared their resource utilization and
on-chip power for the proposed architectures

Table 4.2 Resource & power utilization of Sequence denois

Virtex Board Kintex Board Zedboard
On- On- On-
Resource Chip Resource Chip Resource Chip
Filter Selection of Utilization Povwer Utilization Power Utilization Power
Architecture Coefficients (W) (W) (W)
Slice | Slice Slice | Slice Slice | Slice
. DSP | Total . DSP | Total . DSP | Total
LUT |Registers : o LUT |Registers 5 o LUT |Reguster . o

Proposed | 621 1149 | 30 |2.074| 621 1149 | 30 |0.772| 621 1149 | 30 |0.140

Kaiser 621 1149 | 30 |2.076| 621 1149 | 30 |0.774| 621 1149 | 30 |0.299
Anti- Bartlett 621 1149 | 30 |2.075| 621 1149 | 30 |0.773| 621 1149 | 30 |0.142

symmetric | Blackmann | 621 1149 | 30 |2.066| 621 1149 | 30 [0.761| 621 | 1149 | 30 [0.292

Hamming | 621 1149 | 30 |2.075| 621 1149 | 30 |0.772| 621 1149 | 30 |0.307
Sequence Proposed | 462 894 18 [2.074| 462 894 18 [0.770 | 462 894 18 |0.138
Kaiser 462 894 18 [2.067| 462 894 18 10.762| 462 894 1§ 10.289
Bartlett 462 394 18 [2.076| 462 894 18 [0.772| 462 394 18 10.140

Symmetric| Blackmann | 462 394 18 [2.072| 462 894 18 10.758 | 462 894 | 18 [0.281
Hamming | 462 894 18 [2.060 | 462 894 18 10.769 | 462 894 | 18 10.295
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The three different boards are used for the simulations on the proposed architectures
using windows (antsymmetrical & symmetrical) techniqueBhe proposed methodology
performance is evaluated based on resource utilization awthiprpower consumption.

The inference from Table 4.1 has been drawn that our propgoskateralarchitecture
yields minimumon-chip power 0.142W and 0.140 W when usiagtisymmetric and
symmetric window technique fahe proposed window function. The symmetric design of
collateral architecture used 462 LUTs, 894 slice registerd only 18 DSPs on targeting
the Zyng-7000 board.

Table 4.2 tabulated that the seqoe architecture has consumée same number of
resources as collateral on the expense of 0.140 W and 0.138 W power consumption by
antkrsymmetric and symmetric design respectively on Zed board. Figure 4.5 represents the

RTL schematic otheselected symntgc design of sequence architecture.
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Figure 4.6 illustrates the ECG denoising block having three digital filters: HPFE,dcf@F
Notch for the elimination of unwanted sigsadresent in the ECG. It also signifies the
inclusion of basic components (adder, multipliend delay) for the designing of these
digital filters for its core structureThe authors have also validated the proposed
architectures with the popular technicpfavavelet transform.

4.4 VALIDATION OF RESULTS

The wavelet transition is very popular in the field of signal procesHimmgnprovide
time and frequency information in parall@pnsequentlyresulting inthe signal time
frequency representation [14@pectral information about the signal is provided by the
Conventional Fourier Transfornin addition to thisit only works for static signalsThe
codes may be inconsistent many realorld applicationsWavelet Transform is used for
the processing afionstationary signalsReattime signal processing is which is done by
Wavelet Transform is gaining a lot of traction these daiss hasto lead to an increase in
therequirement for an effectivetructureto implementthe wavelettransitions.n the wake
of increasingrequess and technologyfor portable ECG equipment arits reakttime
applicationsit demandghe systento becreatedvith low powerdissipation &high-speed
output In this research, the poposed structuréor discree wavelet transform filters
designed that isrealized using FPGA tools. Resource consumption and power
consumptiorare the dsign criteriausedfor each architecturéhatareresearched so thah

appropriate structure can be selectedstasplication requirements [147].

The nonstatic signal for analysis and processing is done by the due wavslet
transitioncharacteristicsDue to the growing number of different sectors, it is nergs®
explore the hardware implementation optiondha&f Discrete Wavelet Transform (DWT)
[148]. Wavelet Transform is a tirgomain function that has been used for many years for
various applications, but moapplications ardinked to signhal compressioWavelet are
recentlybeenemployedto solvecomplicationsin ECG signals such as data compression,

detection of QRS complex. It simply works $eparatehe constituentsof the signal into
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different levels based on thdrequencyand analyze each leweith a reasonable solution.
Therefore, the wavelet transition usasow time intervalto analyze high-frequency
variables and longerm intervals to analyzdow-frequency variables. Thevavelet
transform has thebenefit of separatingthe signal into different resolutions related to
detecting the characteristic poinbm a nonstationarysignal such as an ECG. The DWT

function is expressed by Eq. (4.1)

W, (1 K)=——=& XV, (1
m 4.1)

wherex(n) = input signal, & is a normalizing termm is the number of samples in the
sequenceandi s i nt eger nrl Disgretelwavel@ ansdorm i@mputedby
passing the input signal to a chain Ild®F (L) and HPF (H) as per thedecomposition
arrangemeninventedby Mallat. In each decomposition level, th®F & HPFand high

pass filters are immediately followed by a desampling operator having operation as
(XZ 21 £ X[2n] XZ 2 ) [ X{9n], decreasinghe rate of sampling by a factor &f. To
achieve these requiremenggwer consumption, area, throughput, etc, should be taken to
create a efficient designPower consumption and application size soee of the most
crucial problems for making an efficient desidgrherefore,all these factors should be

taken into considation while designing.

In this thesis, FPGAs are used to run DWT's hardware. The FPGA applicatian has
specific integrated circuit (ASIC) features with a reusable utilijne ASIC ha
interconnects which are programmed to fit a specific apjbicatThese interconioe
consist of a series of logic cells and routing chanr2le tothe increasing demand for
DSP based applicatiojfthe FPGAbased ASIC market is expanding rapidiyne general
purpose DSP processors have good arithmetic capabitibiegpared toFPGA and it
makes the FPGAmplementation challeres Neverthelesghe reproducibility of FPGA is
the most important advantagehich makes it a viable option over othehs traditional
ASIC models, any addition or editing is castensive, whereas in FPGA these could be

done at no extra cost.
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Table 4.3 tabulated the utilization of the resources and power by the proposed
architectures. It represents that the sequence architectureheskigar wavelet consurse
minimum resources and power. The Haar wavelet used 309 LUT, 597 Reg@ateiE3
DSP by targeting Zedboard.

Table 4.3:Validation of results by employing wavelet transform

Virtex Board Kintex Board Zedboard
On On- On
Fil Resource Chip Resource Chip Resource Chip
A h‘t‘e: Utilization Power Utilization Power Utilization Power
Architecture
Selection of Coefficients W) W) (W)
Slice Slice Slice Slice Slice | Slice
. DSP | Total . DSP | Total . DSP | Total
LUT | Register LUT | Register LUT | Register
Haar 309 597 18 2.041 309 597 18 0.728 | 309 597 18 0.262
Daubechies 729 1337 34 | 2082 ] 729 1337 34 | 0781 | 729 | 1337 34 | 0316
Collateral
Coiflets 729 1337 34 12079 729 1337 34 | 0777 | 729 | 1337 34 | 0313
Biorthogonal 729 1337 34 120713 | 729 1337 34 | 0770 | 729 | 1337 34 | 0301
Wavelet
Haar 309 597 18 | 2.041 | 309 597 18 | 0.729 | 309 | 597 18 | 0.260
Daubechies 729 1337 34 | 2082 729 1337 34 | 0785 | 729 | 1337 34 | 0312
Sequence
Coiflets 729 1337 34 2.086 729 1337 34 0.779 | 7129 1337 34 0.310
Biorthogonal 729 1337 34 2000 | 729 1337 34 | 0781 | 729 | 1337 34 | 0307

The Haar wavelet function consumes 33@wer resources are compared proposed
window function but in terms of power utilization the selected Haar wavelet consumes

122 mW more powehanthe selected window function.

4.5COMPARISON OF PROPOSED ARCHITECTURES WITH
EXISTING LITERATURE

The collateral and sequence ECG denoisanchitecture ha been proposed by the
authors to diminish all the ECG noises simultaneously. These architectures assure to
consume the low resources and power; which is favorable to the wearable ECG devices.
Table 4.4 tabulated the comparison of propos€dElenoising modules with existing
literature. The three FPGA boarVirtex, Kintex, and Zedboard) ardirectedto calculate
the resource® power utilizationfor the pesentedmodules. The symmetric sequence

architecture has been chosen due to low resoutilization and power consumption. It
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utilizes only 0.86% of LUTs, 11.7% of registeesnd 8.18% of DSPst ktonsumes only
138 mW of power and attains 28.86% improvement in comparison to the recent literature.

Table 4.4:Comparison of Proposed architecture with recent literature

. . . Resource Utilization (%) Power
References Filter design | Noises FPGA i Consumption
technique | Removed LUT Sl"ce 1/0 Block P Percentage
Register (mW)  Improvement
ZedBoard
Proposed Proposed EMG,
Architecture | Technique |BLW,PLI (Zynq-7000 | 0.86 0.514 8.18 138 Selected
AP SoC)
L Zedboard
east-square
. . . 2.819
[132] approximation BLW | (Zyng-7000 | 0.46 0.44 7.58 142 %o
AP SoC)
Spartan 3E
[71] Kaiser EMG [(XC3S500e-| 1.19 1.67 7.32 167 17.36 %
4fg320)
Spartan 3E
[133] Kaiser PLI (XC3S500e-| 2.1 24 9 194 28.86 %
4fg320)
4.6 CONCLUSION

The work in this thesis describesconsistent & efficientmethodology for ECG
denoising by utilizing different windowing and wavelet functioithe benefits of
windows furction and itsability to acquireuseful information fronthe signalhave been in
focus in his research. To implement the ECG denoising block on hardwaee is
challenging task to attain low resource capacity and power consumption. In this dieapter,
acqure the useful ECG signal from the noisy signahlidation of the resultss done by
employing DWTFbased denoising using five wavelet functions (haar, daubechies, coiflet,
symlet and biorthogonal)lhe morphology othe ECG waveform did notalter in allthe
five wavelets. The hardware implementation of the proposed blouk done onDSP and
MCU, but FPGA The proposed collateral and sequence methods were implemented using
windows and wavelet techniques are simulated on FPGA. Among collateral andcgeque
architecture; sequence architecture provides better results as it acquires only 462 Slice
LUTSs, 894 Slice registeraind only 18 DSP for proposed window functi@mly 0.138W

of onchip power is consumed in the proposed architectlihe executionspee &
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utilization represents theapability to perform the transfornemploying the proposed
methodology For the proposed ECG denoising block the resultdeadconcludeonly
0.86% of LUTs, 5.13% of registersié 8.18% of DSP is the resource consump®on
138mW is onRchip power is consumeloy Zedboard; which is less as compared to Virtex
and Kintex FPGA board [149].

Figure 4.7 represents an expert system for ECG denoising block for the removal of
ECG noises simultaneously. Theti@r and 3tier architectures have been purposed to
remove ECG noises simultaneously by utilizing minimum resources. These architectures

are used in the stationary ECG modules where power consumption is not an important

criterion.
Biomedical Types of Signal Data Acquisition Signal Pre-processing
Patient Signals
. —_— - Signal Filtering and Physiological events &
h Online Offline Artifacts removal components detection
I k I Platform Platform

| Symmetrical | | Ami-symmetrical| L

{ i
MATLAB VIVADO
_________________ _|€
[
. v v ¥
! Virtex Kintex ZedBoard
Scope ;—]_—*
Resource Power
Utilization Consumption

Comparison of Results

Figure 4.7: An Expert system for ECG denoising block

To attain low power criterion collateral and sequence architectures have been proposed. To
researchthe next level sequence architecture has been selected because it consumes
minimum resources along with minimum power consumption. Se@tgience architecture

is very useful for the wearable and portable ECG module. This architecture helps to design

an overall expert system for the classification of several CVDs.
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CHAPTER 5
MULTI STAGE HEART RATEKE VARI ABI
CLASSI FI CATI ON SYSTEM

5.1INTRODUCTION

The nervous system directs all body functions altmws a person to adapt to any
internal or external stimuli, like circadian changes, exeraisd emotions. It is composed
of two core divisions: the peripher& centralnervous system (NS). The centidb
compriseghe brain& spinal cordalthoughthe peripheral NS consists of the autonomic
nervous system (ANS), the cranial nerves, and spinal nerves. The vast ANS innervates all
intemal organs and carries messages from the brain and neuroendocrin®regelater
to the organs. The parasympathetic nervous system (N@npathetic nervous system
(SNS)are the twacoreparts of ANS. The SNS exits the spinal cord and enters the small
ganglia near the cord to form a chain that spreads the nervous impulbe post
ganglionic neurons, which reach the organs and glands. The generalized physiological

response of the SNS is commonly known as

PNS that confiredts dme dioggdtsdo functions

The SNSand PNS work together with specialized heart nerves and fibers, to
propagate electrical i mpul ses t hroughout
participate in cardiac function control. At rest, tABIS controls the heart by slow
heartbeats throughrdnches of the vagunerve. In times of stress or activity, the SNS
stimulates the heartds nerves and fibers t
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contract more forcefully;hereby increasing heartbe§i]. A schematic representation

of the eletrical pathway from the nervous system to the heashownin Figure 5.1.

St i mu f \
Br ai
CNS
Spin(
Cor d
\ /

Figure 5.1: ECG waveform generation from various stimuli

HRV appeardo bevery popularthese daygor the researcherst helpsin specialist
careo f t h e i rperforraande,e&meicoesy Many academicians &professional
specifiesHRV as one of therucialmarkersfor the evaluation ofvellness& performance

of a patientds healt h.

5.1.1Heart Rate Variability

HRYV is contolled by the ANSandits parasympathetic &ympathetidranches.tlis
frequentlyrecognizedas a nofinvasive marker oANS activity. The praluction of the
first continuous and accurate recording of ¢tectrical activity of the heawtas invented
by W. Einthovenin the late 1890s. By integrating the galvanometer with photography,

Einthoven made it possible to asstss varation within beatto-beat in theheartrhythm
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[3, 4]. Heart rate is not stable, even at rés¢ time between heartbeats varies slightly.
ConsecutiveRRintervals can be used to calculate the variability in Hfe termed as
HRV. TheRRinterval variability is synchronous with respiration, whereby HR increases
duringinhalationand decreaseas the course oéxpiration,whichwas eventually denoted
as Respiratory Sinus Arrhythmia (RSA).is the variation of heart rate in the frequency
range of respiration, which is a component of HRV, and thus its frequency differs with

breathing rate. During the 1960s research on HRV was popularized and focused on:

a) The physiological mechanisms medigtidR,
b) The relationship between HRV and clinical status, and

c) The relationship between psychologicalggsses and HRV

5.2PROPOSED METHODOLOGY

This section describesthferopasddrmeat h oEdCod
i ncl udsees etcthe on of feat ur ess,angdt anaicshtiinceal!| eaa
algorithms$ hmrpoodd ssedd fmet hodol ogy.
The methodology for HRV based classificatioonsisting acquiring data froam online
ECG database, ECG denoising by employirgitdi FIR filters, QRS complex detection,
extraction of f eat ur #medormainpo frequehegbrhas) raedn t don
geometriedomain, statistical analysis technique by employtrgst, ANOVA and

machine | earning algorithms for classificat
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ECG Database
(a) Normal SinusRhythm ~ (b) Arrhythmia (c) Atrial Fibrillation
4
ECG Pre-processing
(a) Electromyography (b) Base Line Wander (c) Power Line Interference

'

QRS Detection
(a) Squaring (b) Moving Window Integration (c) Adaptive Thresholding

Y

HRYV Feature Extraction
(a) Time Domain ~ (b) Frequency Domain  (c) Geometric Domain

(a) t-test (b) Anova

'

{
[
{ Classification
=

() SVM (b) KNN (c) ANN

Methodology 2 Methodology 3

Feature Selection using statistical analysis }

Proposed Proposed Proposed
Methodology 1

Figure 5.2: Proposed methodology for HRV classification

HRYV Feature Extraction

There are three main approaches for analyzing HRV from an ECG: time domain,
frequency domain & geometric domain methods. Table 5.1 tabulates the description of

HRYV fedures in different domains.
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Table 5.1: HRV Feature Description

Domain Features Description Formula Unit
mean RR Mean of allRRinterval mean RRpf0 B Y'Y ms
Standard deviation AN N
SDNN _ SDNNe Bl=t ms
interval
SDSD Standard deviation of SD | gpsgp: Bl=t ms
Time RMSSD Root Mean Square of SD | RMSSE Bl ) ms
domain
NN50 Number of SD >50ms NN50= number of SD >50m nu
PNN5O0 Percentage of NN50 >50ms NN50*100 %
Max-Min Mean difference between Max-Min HR=Max(HR)- b
m
HR maximumminimum HR Min(HR P
mean HR Mean of total HR Mean HRp70 B "OY | bpm
Geometrical Ratio of integral of density
g . HRVTI distribution ofRRinterval to thel HRVTI= nu
omain . : L
maximum intensity distribution
Absolute power of ULF _
aULF . aULF=B 8 nQ ms
(O 0.003 H
Absolute power of VLF .
aVvVLF aVLF=B 8 1/ Q ms
(0.0330.04 Hz)
Absolute power of LF ~
aLF alF=B § n Q ms’
(0.040.15 Hz)
Frequenc Absolute power of HF -
quency aHF g aHF=B § 1 Q ms’
domain (0.15-0.4 HZ)
Absolute power of total -
aTotal aTotakB 81 Q ms’
frequency spectrum
pVLF Relative power of VLF pVLF= —— pmnm %
pLF Relative power of LF pLF= —— prnm %
pHF Relative power of HF pHF= —— p T %
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Normalized variation of Total Lfnorme
Lfnorm nu
power on LF pTT

Normalized variation of Total| Hfnorme=

Hfnorm nu
power on HF p T
LF/HF Ratio of LF power to HF powe LF/IHF= — p 1T %
NN: Successive Difference between normal to normal R to R peak (exclude abnormal and ectopic beats
N: Total number of RR or NN intervals ULF: WiweFrequency
p(k): Power Spectral Density of frequency spectrum LF: Low Frequency
SD: Successive Difference between consecutive RR intervals. VLF: Very Low Frequency
bpm: beats per minute  nu: No units HF: High Frequency

(a) Time Domain

HRV is computed by various techniques, but the ttloenain parameters atée
simplest among other parameters. The measures are calculated by utilizing the intervals
between consecutive normal rhythms. Rieintervals and HR is determined by correct
QRScomplex detection. Timdomain features are computediuding themeanof NN
interval orRR interval, the differencevithin the longest& shortestNN interval (max
minRR), maXRR minRR and mearRR The simplest and most commonly usate-
domain HRV measures constitute of the standard deviatidfiNeifhitervals (SDNN)&
root mean square of the successolengesof NN-intervals (RMSSD). The SDNN
reproduces an estimate of all the cyd¢éiaturesaccountable for change in tdarationof
recording (i.e. overall estimate of HRV) encompasdinth short termhigh-frequency
changes& the lowest frequencyfeatures [93. An average of normal R intervals
(SDANN) is an equivalent technique that controls the ECG records length. A different
and more reliable time domain parametdRMSSD. Itis a common parameter based on
differences between the longest and shortestintidval and corresponds shortterm
HRV changes [94

Figure 5.3 represents the transformation of the ECGR¥ivinterval spectrum. The
recorded ECG is utilized tafm the successive beftbeat variation. The variations

have been plotted as a tachogram and measured in millisagansds interval number.
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Figure 5.3: Beat to Beat variation d&®-Rintervals (Tachogram)

(b) Frequency Domain

In the 70s and 8Qsseveral academic groups started to apply power spectral
techniques or frequency domain measures of HRV expandingutihent timedomain
techniques.This technique would add insiglmto the nature of HR fluctuations by
separating the overall variabilityto its frequeng components [95 In the analysis of
power spectral decomposition, the serieRBfinterval is considered as a complex sum
of waveforms.The FFTalgorithm is considered to decompose the total variance of the
HR into specific frquency bads The total variance of HR mainly consists of total
power, withthe variance of all NNi nt er v al at O00.4 hertz (Hz
found between the 0.15 Hz0.4 Hz frequency rangdow-frequency (LF) between the
0.040.15 Hz frequency range, amdry low frequency (VLF) between the0030.04 Hz
frequency rangeThe physiological significance of HF is that it is aided by Para
sympathetic variations and represents the respiratory variation while the LF expressed the
modulation by both SNS and PN@&d is affected by baroreflex feedback loops. The VLF
represents the influence of thermoregulatory, peripheral vasonooteninangiotensin
systems The proportionof low frequency to high frequency is used as the reflection of

the sympathetic modulatis but later, the intpretation has been criticized.

The short term recording (2 to 5 minutes) helps to calculate the three spectral
parameters from the PSD. The fluctuation in HR varies ashearentral frequency and
power distribution of LF ash HF variations. For an effective VLF measuleng term

recordings are needed as it measures frequency variation having cycle length between 25

KIRTI 105 JUIT, 2020



Multistage Heart Rate Variability Classification System

to 250 seconds (>4 minutes). To acquire reasonable estimates of power from FT; it
needs more than 40 minutegrecording. Degradation in the accuracy is observed for
short term recordings of VLF. The Ulttaw frequency (ULF) is an added parameteat

is occasionally utilized all through HRV recordings. The FFT helps to convert the
tachogram into a power speaatn and separate them into its corresponding frequencies
comprising VLF, LF and HF as represented in Figure 5.4. These frequency measures are

computed in absolute values of power (milliseconds squared) as aVLF, aLF and aHF.

50 | | | | | | | | |
HF
LF

n AD#\‘ !
e U M\/\/
5 \ Wy
2 30r _YLF

20 0.003 0.04 : l :

] ] | |
00 005 01 015 02 025 03 03 04 04 05
Frequency (Hz)

Figure 5.4: PSD forR-Rinterval

The LF and HF are computed in the normalized units resuhimglative value for
each frequency measure in proportion to the absolute total power (aTotal) minus the VLF
component. The Lfnorm& Hfnorm represents the normalized componéimas highlight
the balanced and contied behavior of PNS and SNS

(c) Geometric Domain

These features are computed by generating the histogrdmasafccessive difference
of the RR interval. HRV Triangular Index (HRVTI) is one of the geometdicmain
featuresthat are the ratio ofthe maximum value irthe histogram to the length of the

histogram.
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Statistical Analysis

The science of collecting data and amaly its trends and patterns is termed
statistical analysis. TheareseveraHRV measuresalculated in various domains (time
domain, frequencgomain and geometric domain); only few represent prominent
effect on the syst e mbexorrplaionfarmongHRY measuredisi e t o
computed at 95% and 99%. For statatianalysisvarious techniques are applied namely
t-test &one way ANOVA two way ANOVA, many more. In this researchtest& one
way ANOVA is considered. Thetest is used to compare two groups of ECG dataset and
the ANOVA test is employed for three groups. Theest verifies two hypotheses about
the HRV features sample data; one is the null hypothesisharather isthe alternative
hypothesis. In this design, two taitdsts are employed for analysasd its fornulation is
specified in Eq. (5.1).

=2 "o (5.1)

Annotations @is the sample meawyo representshe mean ofhe null hypothesis{is is

the standard deviation of the sample anslthe number of samples.

A two-tailed test is effective in determining the difference between the two datasets. It
is due to the utilization of both the positive and negative tails of the distribatibwe t-
test. In other words, it testifies the options of positive or negative differences. When there
is a comparison between more than two groups ANOVA technique is employed. This

method also considered two hypotheses expressed in Eq. (5.2).

Ho: Ma=H2=Hs (5.2)
Hi: at least one of the mean is unequal

Where |, is the mean othe NSR HRV parametent, is the nean ofthe AR HRV

parameter &us is the mean othe AF HRV parameter
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Classification

To analyze the effectiveness of statistical analysis after HRV feature extraction,
several classificatiomethods are used. These classifiers investigate the performance of
HRV measures to distinguidtetweennormal and abnormal ECG sigaabome of the
classifiers utilized in this thesis a8/M, kNN & ANN [150]. The authors have utilized
the training dataset as 70% arlde testing dataset as 30%. The performance of these
classifiers is improvised by employingf®ld crossvalidation. It has been perceivéuht
the overall accuracy of classification is increased after feature selectiempigying
statistical analysis [15156.

(a) Support Vector Machine (SVM)

SVM represents the theory afaximum margin theory and is a supervised learning
algorithm. Binary classification is a widespread algorithm for-tiea¢ problemdq157-
160]. A threedimensional plane termed ashyperplane in SVVhelps to separate the
different classes present in the dataset. The vector present nearest to the hyperplane is
labeled as SV (Support Vector). The longest distance towards SV which aims to
maximize the margin between hygaane and reduce the generaliaaterror is termed
as functional margin. SVM classification is a tlewel concept: training and testing. The
best feature among trained data is chosen, and then it is ajgpliadeen data duriritpe
testing period. The given set of training daxg (ies in betweenX, Xz, Xs...... %) of n
point represented by Eq. (5.3):

AR MB88A (5.3)

The output Q1, Oz, Os......0O,) can bel or 1, which represent different classes for input
data Ki, Xz, Xa...... Xn) during binary classificationThe generalized equation for

hyperplane which separates the classes is given by Eq. (5.4).

WP 6 1 (5.4)

AnnotationsiP is weight vector,®is the input vector anB is the bias.

SVM classification is based on tlselection ofkernel selectioras it comprises of

various SVM kernels: lineaiGGaussian radial basis function (RBF) kerrpd)ynomial
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etc. These types of kernels are tested on HRV features but Gatssmibdal Basis
Function (GRBF) gives better accuracy due to higher dimensional space to separate the
training data in their respective classes. The researchers have employed cubic and coarse
Gaussian Radial Basis Function in this work. The-ioear equatio of GRBF is
represented by Eq. (5.5).

MM B wLh & O (5.5)

B b

wherev Gy A @D (5.6)

WhereX, is the input vectork; is the support vectoB is bias and weight vectoYy is

weight, U is theGaussian distribution.

(b) k-Nearest Neighbor (kNN)

The kNN classifier is thesimplest and widelyemployedsupervised classification
algorithm. The KNN is firstly theorized [19], that further developed by [20] to
conceptualize theveighted kNN20]. It is based on théheoryof the Nearest Neighbor
rule as itassigns a poind xtdthe class maximurthat existed amongst thé kpoints in
the training set nearest to x Bhe decision ihosenon thefoundationof the points
which are nearesto the Euclidean distance. Thehole points in the neighborhood
appendequally to theconclusionfor 6 x 6rhe ease of implementation anficteency
helps authors to select kNN, but it has less accuracy as compared to other classifiers. For
the improvisation of this drawback, weighted kNN and cubic KNN are considered. The

general equation for weighted kNN is represented in Eq. (5.7).

AJCAB )& 0 O (5.7)

In the weighted kNN, every neighbom n.of kNN is equipped with a weighit .Where

() is the functiontd&.o determine the class
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(c) Artificial Neural Network (ANN)

For developing an intelligent system for classification numerous reseascheka
done in the literaturg35, 36]. Most of these systems are inspifeglthe human brain
including how they process the information. The high performance of the ANN
classification process required a high number of interconnected ng@ihd64]. A
node is the basic computational unit in artificial neurons; it receives ti frgm the
environment or the external source. Each node is associated with some weight that
calculates the function of the weighted sum of its input. The selection of learnisg rule
and activation functiosiis an essential structure afneural networkThe feedforward
networks and feedback networks are two types of neural network architefd6rds
The basic architecture of ANN comprising three types of layepsit, hidden & output
Theneuronghatexisted inthe nput | ayer x;¢ e(pirrepsletnt\weac tasr )o
neurons ofthe hidden layer Theneurons of thid ay er t p élsowith itsanput 6
signalsoi@ar e assigned with mw@slpeeoverall mput ofvthei g ht
activation block,net, is calculated by the ddion of the inner product of the input,
weight vect or n dumbat of bdurars inlEq (5i8)nagd the output of the
activation functionQ))is expressed by Eq. (5.9B86].

£§'Q0 OQMIB 0 » (5.8)
0 e £QO0 (5.9)
wherees denotes the activation function of the neuron. These machine learning techniques
help the authors to propose different methodologies to notice the effect of statistical
analysis on classification accuracy.
In the proposed methodology as shown in Figu& the authors have conducted three

types of pilot studies by employing different domain features and statistical analysis.
a) Classification of AR and NSR by employing tirdemain features

b) ComputerAided Diagnostic for FeaturBased Classificatio(CAD-FSQ
c) Multi-Stage Heart Rate Variability Classification System
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5.2.1 HRYV Classification by empbying Time-domain features

The proposed methodology comprises of AR and NSR dataset. The FIR Kaiser
Window function helps to eradicate the artifacts from the smwal. The PaiTompkins
algorithm is utilized to detect QRS complex from the signal, which helps to compute the
HR from the ECG waveform. Tirrdomain HRV features are computed by utilizing HR
parametes and a t-test is employed for statistical analys8YM and kNN machine
learning algorithms are applied for classification as shownguarEi5.5.

FIR Kaiser Window
OnlineECG Digital filter

\If_lﬂ > »| QRS Complex Detection
FIR Kaiser FIR Kaiser

(a) Normal ECG  (b) Amhythmia ECG LowPass Filter High Pass Filter
signal signal
ECG Database ECG pre-processing
Y
HRYV time-domain features
The t-test is utilized for the comparison HRV Feature
between Nommal ECG signal and Amhythmic =
Feature Selection ECG signal. Hypithesis testing is taken as : [[reen mﬁ*:‘ minRR mi:s'" SDNN |E
\ Vv Null Hiypothesis (F6): pope o — :
‘ SVM ‘ ‘ kNN ‘ Negati signi;can- Positive P?:Sc:}"ve
Null Hypothesis (Fh): p/pe cu?r%?a‘t‘i’:n “)I' q correlation ]| - on
correlated [ i
o , with HR ith an with with
p=mean of Amhythmic ECG HRV feature et || MRR | RR
| Overall Accuracy ‘ po= mean of Nomnal ECG HRYV feature
ECGHRY Classification ECG HRV Feature Selection ECG HRV Feature Extraction

Figure 5.5: Proposed Methodology dime-domainHRYV classification

The timedomain HRYV classification utilized only tirdomain features. To enhance the
performance of the classification methodology the authors have used freguency

geometric domain attributes also.
5.2.2HRV Classification by employing CAD-FSC system

The CADFSC system consists of NSR, ARnd AF dataset from the online
platform. The different noises of ECG are eliminated by employing digital FIR filters.

The QRS detection helps to compute the HR which is an essential parameter for

evaluation of HRV features using different domains (time domain, frequency domain).
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The fourtypes of classifiers namely Cubic SVM-GVM), Coarse Gaussian SVM
(CG-SVM), Cubic kNN C-kNN), and Weighted kNNW-KNN) are utilized to compute
the performance parameters for the methodo[d§®-171] The proposed methodology
also observes the effect rlassification accuracy before feature selection and after

feature seleadn as represented in Figure 5.6

'd ™\
ECG Databasc
§ (2) Nommal Sinus Rhythm (b) Anhythmia (c) Atrial Fibrillation )
'd ¢ ™
ECG Pre-processing
(a) Electromyography (b) Base Line Wander (c) Power Line Interference

v

N
{ QRS Detection

(3) Squaring (b) Moving Window Infegration (c) Adaptive Thresholding

¢

HRYV Feature Extraction
(a) Time Domain (b) Frequency Domain

4
[ Feature Sclection using statistical analysis ]

[ Classification I ]<

>[ Classification IT ]
Time Domain

Frequency Domain

U
Classification ITI
Time Domain & F Domain

e

____________________________________________________

Figure 5.6. Proposed CAEFSC Methodology
The CADFSC system utilizes all domain featuresndnitors the effect of statistical

analysis on the performance of the presented methodofogyagewise classification

has also been performed to categorize the HRV based CVDs.
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5.2.3 HRYV Classification by employingMSHVC system

ECG filtering techniques are applied on the ECG databasesRgmebks are
identified usingthe ParTompkins system [153]. Various HRV measures are obtained in
time, frequency & geometrical domain. The classification is performed using SVM, KNN
and ANN clasifiers as ngresented in Figure 5.7

i / BCG QRS HEV Feature
ECGI 9 Pre-processing [ Detection % Exftraction

A 4
HRV Statistical
Analysis
Classifieation
o B ] | vV
g.g 2-stage dlassificaion Normal Class Abnormal Class
- |
A 4 \ 4 A2
: 3-stage classificafion ‘ Normal Sinug Arthythmia Atrial
: { Fhythm Fibrillation

Figure 5.7: Proposed methodology for the classification of Heart diseases

The proposed methodology comprises of a-Btage and a threstage classification.
For the twestage classification normal (NSRhdh abnormal ECG (AR and AF) are
separated; which is followed by the distribution of the abnormal ECG into AR and AF for
threestage classification. The novelty of this study lies in extensive feature selection
employed orthe extracted feature set to choose the most significant measures that give
additional useful information than othersThe extraction of features is done from a
filtered signal which is a crucial part of the design process. HRV measures are distributed
in three domains: time, geometric & frequency. The spectrum of powbetdchogram
is represented in Figure 5.2. Table 5.2 tabulated the brief explanation of all the HRV
measures along with their formulation and units. In this design procetsgINOVA

technique is employetbr the seletion of the evidenHRYV attributes.
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5.3RESULTS & DISCUSSION

This segmentlucidates the thrdandsof proposed methodologies and their findings
in terms of sensitivity, specificity, accuracgnd PPV. The percentage improvement in
the overall accuracy after employing statistical analysis techniques is showcased.

5.3.1HRV Classification by employing Time-domain features

The normalization ofhe dataset is the initial step before applyargjatistical test on
different HRV[168]. The Graphical and Exact metlsate used to verify the normal data
distribution in the statistical analysis. The graphical method helps to visualize the
normality by using the histogram plot,-Q plot and box plot, etc. Figure&.Figure 59,

& Figure 5.10represented the histogram plot;@plot, and box plot respectively to
visualize the normality of differe HRV features. From Figure 5.8 has been interpreted
that the data is approximately normally distributed. Figuea&presents that most of the
data lie on the straight line or atminimal distance from it, signifying that data is
normally distributedFigure 5.10explains the symmetrical property of tARRV features
with the mean, mediarand center. In me&R and maxmin RR feature, one outlier is

present; however, the dassapproximately distributed.

maxRR minRR

4 | 1IN

100 10 2
SDNN HR

T
400 500

maxminRR

Figure 5.8 Histogram Plot#) meanRR1f) maxRR ¢) minRR @) maxminRR €¢) SDNN ¢) HR
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In the Exact methodnumerical values are extracted and compared tivétlstandard

range of nor mal i 2 Galuedof the daia bsucbrisidered to Tind ¢he 6
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skewness and kurtosis, which must ilh betweenrr1.96to +1.96 T e agdd v@l ues
of different HRV features anélustrated in Table 5.2.

Table 5.2 :z& p value of HRV parameters

F(la-laTeres Skewness(z) | Kurtosis(z) | p value (p>0.05)
meanRR 0.89 1.245 0.334
maxRR 0.55 -0.99 0.322
minRR 0.714 -0.59 0.306
maxminRR -2.14 2.69 0.142
SDNN -1.28 1.14 0.789
HR -0.40 -1.06 0.317
Table 5.3:Correlation ofHRYV features
mean max max-min
HRV Features RR RR minRR RR SDNN HR
mean RR 1 0.26 0.57 0.29 0.50 -0.66
max RR 0.26 1 0.45 0.99" 0.92" 0.19
minRR 0.57 0.45 1 0.44 0.37 0.15
max-minRR 0.23 0.99° | 0.44 1 0.91 0.22
SDNN 0.50 092" | 0.37 0.91 1 0.15
HR -0.61 0.19 0.15 0.22 -0.15 1

** Significance value at 0.01 Tevel {failed)

* Significance value ad.05 level (2tailed)

From Table 5. 2, it is i1l wwstvaltweds tfhan
features lie betweenl.95 to +1.96. This illustrates that the database considered are
approximately normally distributed. There aeveralfeatures present in the ECG signal,
out of which few features contain more useful information than others. Feature selection
plays an important role in whidhe correlation of features with each other is considered.
Subsequently, to test the sample dataa particular condition for different timgomain
HRYV features a statistical hypothesis test termedtast is utilized as represented in Eq.

(5.1). Spearman correlation is used for observing the correlation between different HRV
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features. It definethe relationshipbetween different HRV feature3able 5.3 tabates

the correlation matrix among different HRV features.

Table 5.3 tabulated that minRR is not relatedther HRV parameters. Thdest is
used for statistical analysis, which cdica t e 9 &alue dor different HRV features
signifies the comparison between normal and arrhythmic ECG signal expressed in Table
5.4. Inthetable, if values lie irthe range 0.05p(0.10 it is suggestive significant if it is
0.01<p O0.05 then it is moderately significant and valuepi® 0.01 than strongly
significant. where table defines MearsStandard Deviation value.

Table 5.4:Comparison of normal ECG and arrhythmic ECG

HRV Features | Normal ECG(sec) Arhythmia p value
ECG(sec)

meanRR 666.58+115.65 678.61+40.88 p >0.05

maxRR 666.83+115.44 834.41+88.22 p <0.01

minRR 666.33+115.874 562.41+46.83 p <0.01

maxminRR 0.5+1.73 272+78.48 p <0.01

SDNN 0.35+1.22 122.8+40.07 p <0.01

HR 93453 8919 p >0.05

From Table 5.4, it is observed that mB&hand HR values have suggestive
significant changes. All other features such as RRvmMINRR maxmirRR and SDNN
have strong significant changes. It signifies that if a person has these types of variations in
HRYV features; probably he will be suffag from arrhythmia diseasé&his is because of
the inverse relation betwedRR interval and HR interval (60/RR sec), for arrhythmia
signal the RR interval gets decreased with an increase imkt@ntrast taa normalECG
signal The statistical analysis ofie time-domain HRV feature illustrates that out of six
features; four features have strong significant changes and the other two have suggestive
significant changes. Thselected HRYV features help in the classificatid AR ECG and

NSR ECG.
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To analyze the effectiveness of our proposed methodology the ECG classification has
been done by using differentachine learning algorithmét has been observed that the
overall accuracy of classification is increased afterufeaselection by-test The overall
accuracy attained by SVM and kNN classifiers is 78.7% and 75.4 % respectively. After
consideringa two-tail t-test for feature selection, the accuracy has been improved to

80.3% and 82% for SVM and kNN respectively.

(a) Percentage Improvement during timedomain classification

This study represents the statistical study of tdoeain HRV features for
arrhythmia disease. The SVM classifier signifies 2% improvement and ikb¥trates
14.02% percent improvement in the overall accuracy after feature selection. This
methodology is capable to classify arrhythmia and normal sinus rhythm with 82% overall

accuracy when only timdomain features are present.

5.3.2HRV Classification by employing CAD-FSC

The suggestedCAD-FSC system isdistributed into three Ileels of feature
consideration.

a) Performanceparameterof CAD-FSC before& after applying statistical analysis by
considering timedomain features.

b) Performance parameter of CAESC before & afterusing statistical analysis by
considering only frequenegomain features

c) Performance measures of CAESC before and after employing statistical analysis by

consideringhetime and frequenegdomain features.
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These levels are further classified into two sections: the accuracy computed before
applying statistical analysis and the accuracy achieved after removing redundant features

using ANOVA test as shown in Figure 5.11

0.95 |
0.9
0.85 |
0.8 1
0.75 1 ——p=0.05
0.7 1
0.65 -
0.6 A
0.55 -

D -value

p-value

0.45 A

o - H =
SSSIRTEES IS SIS S SAAS IS
& HRV features ¢

Figure 5.11 Feature selection criteria based uponpghalue

HRYV features that provide significant variatibetweenmean walues: weak significant
(WS) & strong significant(SS) aredeliberatedwhenthe p-value is greater tha@.05 &
less than or equal t®.05 respectivelyThe prominen variation in HRV featuresof
different databasedenotedby mean tstandard dviation (SD)notation The parameters
thataccomplishep O 0 . @Bosen &additionalparametershatacquiredp > 0.05 are
rejectal arerepresented in Figure 5.11

Case A Performance parameter of CABSC before & afteapplying statistical analysis

technique by considering tintomain.
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The CAD-FSC systers overall accuracy is low for the chosen classifiers before
employing statistical analysis. The highest accuracy of 78.7% & 65.6% are attained by
employing CSVM & CG-SVM respectively but it is very less fahe achieves only

65.6% accuracywhichis very bw for notable classification illustrated in Table 5.5.

Table 5.5: Performancearametenf classificationsystemutilizing time-domainparametersgefore& after

HRYV statistical analysis

Classification /|
. /
Technique
/S C-SVM CG-SVM C-kKNN W- KNN
S/
Ve
Pert
/Performance . ] . ] . ] . ]
// Metrices Before After Before After Before After Before After
PPV, 86.66% | 93.33% | 94.44% | 94.44% | 94.44% | 94.44% | 89.47% | 89.47%
PPV PPV, 66.66% 68% 0% 87.50% 60% 80.95% | 77.27% | 77.27%
PPV, 86.36% | 85.71% | 53.48% | 62.85% | 60.71% | 80.95% | 89.47% 85%
Seny 72.20% | 77.77% | 94.44% | 94.44% | 94.44% | 94.44% | 94.44% | 94.44%
Sen, 80% 85% 0% 35% 45% 80% 85% 85%
Sen.
Sen, 42% 78.26% 100% 95.65% | 73.91% | 73.91% | 73.91% | 73.91%
Spo 95.30% | 97.67% | 97.67% | 97.67% | 97.67% | 97.67% | 95.34% | 95.34%
Sp. Spy 80.48% | 80.48% 100% 97.56% | 85.36% | 85.36% | 66.66% | 87.80%
Sps 92.10% | 92.10% | 48.64% | 65.78% | 71.05% | 89.47% | 92.10% | 92.10%
Accg 88.52% | 91.80% | 96.72% | 96.72% | 96.72% 96.72 95.08% | 95.08%
Accy 80.32% | 81.96% | 65.57% | 77.04% | 72.13% 83.60 86.88% | 86.88%
Acc.
Accy 88.52% | 86.88% | 67.21% | 77.04% | 72.13% | 88.52% | 85.24% | 85.24%
Overall Accuracy 78.7% 80.3% 80.3% 75.4% 75.4% 82% 82% 83.6%
AUC 0.95 0.96 0.96 0.95 0.95 0.94 0.94 0.94

After employing thefeature selectiomethod prominentievelopmentis perceivedn the
classificationaccuracy ofthe system In which C-SVM achieves80.3% & CG-SVM
acquiresr5.4%overallaccuracy taategorizeéhe dataset inhreeCVD groups.

Case B: Performancparameterof CAD-FSC before& after using statistical analysis by

considering only frequeneyomain features.
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On consideration of frequenadomain HRV measurkeforethe feature selectigonly C-
SVM & CG-SVM attains 49.2% & 41 % of classification accuracy as represented in
Table 5.6.

Table 5.6: Performancgarametr of classificationsystemon utilizing frequency domain parameter

before& afterusing statistical analysis

Classification

Technique
C-SVM CG-SVM C-kNN W- kNN
Performance
Metrices Before | After Before | After Before | After Before | After

PPV 54.16%)| 38.46% | 0% 0% | 32.43%| 44.73%| 40% | 55.55%
PPV | PPV 45.45%) 31.57%| 100% | 80% 40% 60% 30% | 57.14%
PPV, 46.66%| 50% | 38.98%| 41.05%| 44.44%| 75% |31.25%| 65%

Sen 72.22%| 55.55%| 0% 0% | 66.66%)| 94.44%)| 55.55%| 83.33%
Sen 50% 30% 10% 20% 30% 45% 30% 40%

Sen 30.43%)| 34.78%| 100% | 83.33%| 17.30%)| 26.08%| 21.73%| 56.52%
Sp 74.41%| 62.79%| 100% | 100% | 41.86%)| 51.16%| 65.11%| 72.09%
Sp. | Sp 78.37%| 68.29%| 100% | 100% | 87.80%)| 78.57%| 65.85%| 85.36%
Sp 78.94%| 78.94%| 5.2% | 13.15%| 86.84%)| 94.73%| 71.05%| 81.57%
Accy 73.77%| 60.65%)| 70.49%| 7049% | 49.18%| 63.93%| 62.29%| 75.40%
Accy 63.93%| 55.73%| 70.49%| 72.13%| 62.29%)| 72.13%| 54.09%| 70.49%

Sen.

Acc.
AcCC, 60.65%)| 62.29%| 40.98%| 45.90%| 60.65%| 68.85%| 52.45%| 72.13
Overall
49.2% | 39.3% | 39.3% | 44.3% | 44.3% | 52.5% | 52.5% | 59%
Accuracy

AUC 0.72 0.82 0.82 0.62 0.62 0.67 0.67 0.74

The W-KNN algorithm attains 59% overall accuracy for the classification. A
noticeable increment in the overall accuracy is observed on consideration of both the time
& frequency domain HRV parameteas shown in Table 5.7t has been perceived that
C-SVM achievesa maximum of 96.72% accuracy before employing statistical analysis
methods & after using these techniques the classification accuracy able to accomplish

98.4% which is very effective taategorize three CVD classes.
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Case C: Performancparametersof CAD-FSC before and after employing statistical
analysis by considing time and frequenegiomain.

Table 5.7. Performancgarametersf the classificationsystemon utilizingtime-domain& frequency
domain before &afteremploying statistical analysis

Classification
Technique
C-SVM CG-SVM C-KNN W- KNN
erfo.l‘ma.nce Before | After | Before | After | Before | After | Before | After
Metrices

PPV, 100% 100% 100% 100% 100% 100% 100% 100%
PPV PPV, | 9047% | 95% 0% 100% | 41.17% 70% 63.63% | 84.21%
PPV, 100% 100% | 55.81% | 72.72% | 53.84% | 78.26% | 62.5% | 87.50%

Seny 100% 100% 100% 100% 100% 100% 100% 100%
Sen, 100% 100% 0% 52.63% | 36.84% | 73.68% | 36.84% | 84.21%

Sen.

Sen, 91.66% | 95.83% | 100% 100% | 58.33% 75% 83.33% | 87.50%

Spo 100% 100% 100% 100% 100% 100% 100% 100%
Sp. Spy 95.23% | 97.61% | 100% 100% | 76.19% | 8§5.71% | 90.47% | 92.85%
Sp2 100% 100% | 48.64% | 75.67% | 67.56% | 86.48% | 67.56% | 91.89%

Accy 96.72% | 100% 100% 100% 100% 100% 100% 100%
Accy 96.72% | 98.36% | 70.49% | 85.24% | 63.93% | 81.96% | 73.77% | 90.16%

Acc.

Accy 96.72% | 98.36% | 68.85% | 85.24% | 63.93% | 81.96% | 73.77% | 90.16%

Overall 96.72% | 98.4% | 98.4% | 85.2% | 85.2% | 82% | 82% | 90.2%

Accuracy
AUC 0.97 1 1 0.93 0.93 0.91 0.91 0.86

The proposed methodology concludes that tHeMM classification algorithm is chosen

when the HRVparameters from both the domasr® taken after exercisiritpe ANOVA

test.

(a) The Percentage Improvemetiitroughoutthe proposegystem

The enhancemenin percentages calculatedto validate the performance adifferent

stagef the presentd systemlt hascomputedthe percentage improvemedesigned for

three classes

i. Percentage Improvement in classificati@eccuracy & AUC by considering Time

domain measures The developmentin CAD-FSC systemcarried by time-domain

paramedrs before& after employingthe feature selection methodfhe C-kNN attains
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determinng improvementin AUC of 4.25% & classification accuracy of 14.0%

respectively ashownin Figure 5.2.

16 -

14.02 %

14 -

12 - 12.9% 11.72%

10

== A cCuracy

4.25% —8—AUC

Percentage Improvement

1.99%
3.19%

1.04% 1.05%

C-SVM CG-SVM C-kNN W-KNN

Classification techniques

Figure 5.12 Percentage improvement for AUDd accurachy utilizing Time-domain

ii. Percentage Improvement in classification ARCGAccuracyby considering=requency
domain measures The consideration of frequendpmain HRV parameter for the
system attains 41.69% of classification later employirlgANOVA technique.The G
kNN algorithmattained 17.91%nhancemenin AUC afterthe selectionof featuresas
illustratedin Figure 5.13

70

60 16.21%

17.91%
50

41.69%

40

30 == AUC

9.67% = A cCuracy
12.19%
20

10

Percentage Improvement

5.38%
7.45%

C-SVM CG-SVM C-kNN W-KNN
Classification Techniques

Figure 5.13 Percentage imprament forAUC and Accuracyy utilizing Frequencyglomain
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iii.  Percentage Improvemeint classificationAUC & Accuracyby consideringluring
Time and Frequenegomain: When both tne & frequencydomain featuresre
taken thenthe classification accuracy getsproved significantly. The &NN
classifier attain2.07%classificationaccuracyenhancement W-kNN achieves
16.28%enhancemerih AUC as shownn Figure 5.14

40
35
16.28%
30

18.18%

1.66%
0 - —#—AUC
C-SVM CG-GSVM C-kNN W-KNN

Percentage Improvement

=== Accuracy
Classification Techniques

Figure 5.14 Percentagenhancemerfor accuracy and AUC by utilizing Tim@omain and Frequency
domain

Multiple studies have been proposed for featased classification using HRV
features. The nineteddRV measuredrom the time & frequency domairare obtained
The classificatioraccuracy ienhancedy removing theunnecessarfeaturesemploying
the ANOVA method The nine HRV measures are chosen due their valuable
significance. The parameters aBSD, NN50, RMSSD, mean HR pNN50, aVLF,
aULF, aTotal & aHF. There hee been six cases are considebaded orfeature selection
to validate the classification accuradine system ofCAD-FSCis justified by takig four
classifiers(C-SVM, CG-SVM, C-kNN &W-kNN). The interpretation of the outcomes
that theoverall classificaton accuracy has beeenhancedup to 99% afteremploying

feature selectioby takingall domainsHRYV features.
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5.3.3HRYV Classification by employing MSHVC

Table 5.8 tabulates the comparatogtcomesof the ANOVA method whichdepicts
the prominendistinctionamongthe features of different databases. It shdvesvalue in

Mean = Standard Deviation (SD) form.

Table 5.8:Comparison table of HRV measures by ANOVA test

Domain Hi MIT/BIHNSR | MIT/BIH AR | MIT/BIH AF
Features p-value
Database Database Database
mean RR 6.63e2 £ 6.72 | 6.71e2+14.40 | 6.77e2 £25.96 p =0.05
SDNN 1.44e2 £ 3.89 | 1.42e2+17.20 | 1.46e2 £9.17 p =0.05
, _ 1.97e2 + )
SDSD 1.98e2 £ 5.53 | 1.84e2+20.76 13.47 p <0.05
RMSSD 1.98e2 +5.64 1.84e2 £20.75 | 1.97e2+13.47 p <0.05
Time NN50 7.88e2+19.23 | 5.37e2+28.54 | 8.09¢2 +50.45 p <0.05
Domain PNN50 52.28 £0.89 5551 £2.65 5480 £3.12 p <0.05
Max-Min | ¢ 112076 | 61782100 | 6128=1.18 | p>0.05
HR
" " . . 2 0.0l<p =
mean HR 97.05+1.83 93.78 £4.05 94.89 £5.32 0.05
Geometrical | HRVTI 22.24 £3.63 26.92 £5.23 21.49 £6.50 p <0.01
Domain
aULF 0.07 £0.008 0.073+0.007 | 0.76 £0.008 p <0.05
aVLF 1.34 £0.03 1.33+£0.058 1.37+0.041 p <0.05
aLF 4.08 £0.60 401+0.11 3.95+£0.66 p =0.05
aHF 9.34+0.082 9.13+£0.25 8.890 £1.90 p <0.05
Frequency aTotal 14.76 £0.14 14.47 £0.37 14.81 £0.29 p <0.05
Domain pVLF 9.07£0.18 9.17+0.28 9.27 £0.30 p =0.05
pLF 27.64 £0.27 27.72 £0.47 27.72 £0.36 p =0.05
pHF 63.28 £0.21 63.04 £0.58 63.06 £0.57 p =0.05
Lfirorm 0.30+0.002 0.30+0.005 0.30+0.004 p =0.05
Hfinorm 0.70 £0.002 0.69 £0.005 0.69 £0.004 p =0.05
LF/HF 0.44 £0.005 0.44+0.01 0.44 £0.009 p =0.05

The HRV measures values depend on the waveform daoratid sampling frequency of
the signal utilized during processing. In this design, the results are takesaatpling

frequencyof 1000 Hzfor a lengthy ECG dataseffter investigatingthe result of the
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ANOVA method, it is perceivethat some HRVparameters§DSD, RMSSD, NN50,
PNN50, HRVTI, aULF, aVLF, aHF, and aTofadrovidea strongcautionto rejectH,. It
signifies that these HRVeaturesprovide aprominentchangein its mean value. The
remainingHRV measures signifyveak sign against to rejet H,, except mean HRhat
delivers moderate significant variatioNormally, the HRV measureexplainsa strong
significantvariationthat signifiesthere is asubstantiabifferencearises among different
database After validating the p-value of ANOVA aprominentvariation in different
datasetsis chosen The selectedfeatures aranean HRSDSD, aTotal, NN50,aULF,
aVLF, RMSSD,aHF & pNN5Q Table 5.9%tabulateghe performance daflassifiers in the

MSHVC system.

Table 5.9: List of experiments performed for MSHRYV system

Case Level Experiments Description
EXP 1 The performance measure of MSHVC befq
1 2- Stage statistical analysis
" | Classification EXP 2 The performance measure of MSHVC aft

statistical analysis
EXP 3 The performance measure of MSHVC befq
3- Stage statistical analysis
Classification EXP 4 The performance measure of MSHVC aft
statistical analysis

i. The performance measure of MSHVC before statistical analy3isio-stage
classification classifies the dataset into normal and abnormal ECGssigjhalfirst level
images are signified as Normal ECG and Abnormal ECG. The outcomes stddge
classification before statistical analysis using SVM, kNidd ANN are tabuated in
Table 5.10.

For two-class classification before statistical analysis, the features determining the normal

and abnormal ECG gives 86.9% using SVM classifier, 95 % using, k4t 96.7 %
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accuracy usinghe ANN technique. The best results were obg¢dirusing ANN having
100% specificity and 95.3% sensitivity.

ii. Performance measure of MSHVC after statistical analyBiso-stage classification
classifies the dataset into normal and abnormal ECG signal. The first level images are
signified as Normal ECG andbnormal ECG. The outcomes of &age classification
after statistical analysis using SVM, kiNahd ANNaretabulated in Table 5.11.

Table 5.10:Performance measure tbie classification system for twstage classification before HRV
statistical analysis

Classification Confusion
Technique for Matrix
Features 2-stage without Sensitivity | Specificity | Accuracy | PPV | AUC
feature N | AN
selection
N |10| 8
SVM 100% 55.5% 86.9% | 84.3%| 0.94
AN | O | 43
HRV N | 18] 1
features kNN 95.23% 94.73% 95% 94% | 0.95
(TD,FD,GD) AN 2] 40
N |18] O
ANN 95.3% 100% 96.7% | 100% | 0.96
AN | 2 | 41
N T Normal, ANT Abnormal, PPV Positive Prediction Value, AUCArea under the curve

Table 5.11:Performance measure of classification system forstage classificatioafter HRV statistical

analysis
Classification )
Technique Confusion
Features for 2-stage Matrix Sensitivity | Specificity | Accuracy | PPV | AUC
with feature
selection N | AN
N |18 1
SVM 95.23% 94.73% 95% 94% | 0.95
AN | 2| 40
HRV
N |18 1
features kNN 97.6% 94.7% 96.7% | 97.6%]| 0.96
AN | 1| 41
(TD,FD,GD)
N |18 O
ANN 97.67% 100% 98.36% | 100% | 0.98
AN | 1| 42
N1 Normal, ANT Abnormal, PPY Positive Prediction Value, AUCArea under the curve
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For two-stage classification after statistical analysis, the features determining the normal
and abnormal ECG gives 95% employing SVM classifier, 96.7 % using, kNl
98.36% accuracy by ANN technique. The best results were obtained using ANN having
100%specificity and PPV alongith 97.67% sensitivity. It can be seen that classification

accuracy has been proved after feature selection.

The 3-stage classificatiordivides the abnormal ECG into two types of heart disease:
Arrhythmia and Atrial Fibrillaibn. The evaluation parameters of classification are
tabulated in Table 12 and Table 13.
I.  The prformance measure of MSHVC before statistical analyigie result of 3
stage classification before statistical analysis using SVM, kil ANN is

tabulated inTable 5.12.

Table 5.12: Performance measure of classification system fstage classification before HRV statistical

analysis
Classification
Technique
SVM kNN ANN
Performance
Metrices
N | AR | AF N AR | AF N AR | AF
Confusion N 9 2 7 15 1 2 18 0 0
Matrix AR 0 3 17 0 6 14 1 17 0
AF 0 0 23 0 0 23 2 1 22
PPV, 100% 100% 85.71%
PPV PPV, 60% 35.29% 94.44%
PPV, 48.93% 58.97% 100%
Sen 50% 83.33% 100%
Sen. Sen 15% 30% 94.44%
Sen 100% 100% 88%
Sp 100% 100% 93.02%
Sp. Sp 92.85% 97.56% 97.60%
Sp: 36.84% 57.89% 100%
Accy 85.24% 95.08% 95.08%
Acc. Accy 68.85% 75.40% 96.72%
Acc, 60.65% 35.29% 95.08%
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Overall Accuracy

59%

72.13%

93.4%

AUC

0.91

0.93

0.96

For 3 stage HRYV classification, SVM employs only 59%, weighted kiddicts 72.13 %

and ANN provides 93.4% overall accuracy for classification. The better results are

obtained from ANN having more AUC of 0.96 than other classifiers.

ii.  The mrformance measure of MSHVC after statistical analyEige result of 3

stage classification after statistical analysis using SVM, kiNd ANN is

tabulated in Table 5.13.

Table 5.13: Performance measure of classification system for three stage classification after HRV

statistical analysis

Classification
Technique
SVM kNN ANN
Performance
Metrices
N AR | AF N | AR | AF N | AR | AF
Confusion N 15 2 1 18 0 0 18 0 0
Matrix AR 0 7 13 1 17 0 0 20| O
AF 0 0 23 2 1 22 1 0 22
PPV, 100% 85.71% 94.73%
PPV PPV, 77.77% 94.44% 100%
PPV, 62.16% 100% 100%
Sen 83.33% 100% 100%
Sen. Sen 23.33% 94.44% 100%
Sen 100% 88% 95.65%
Spo 100% 93.02% 100%
Sp. Sp 95.12% 97.60% 100%
Sp 63.15% 100% 100%
Acco 95.08% 95.08% 99%
Acc. Accy 75.40% 96.72% 100%
Acc; 77.04% 95.08% 99%
Overall Accuracy 73.77% 93.4% 99%
AUC 0.92 0.94 1.00
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After statistical analysis of-8tage classificatigran increment in the overall accuracy has
been observed. For- 3tage HRV classification, SVM results in 73.77% of overall
accuracy, weighted KNN gives 93.4% and ANN resuit®9% overall accuracy for
classification. The remarkable results are obtained using ANN and a significant
improvement is observed in overall accuracy after feature selection.

(a) Percentage Improvement in MSHVC system at various level of abstraction

The percentagenhancements deliberatedto justify the performance atarious
levels of abstraction ithe classification system. le computations donein three parts:
percentage improvement ofsPage classification, percentage improvement -stage

classificationand percenige improvement of MSHVC system.

Percentage improvement ofsage classificationFor the 2stage classification phase, a
significant percentage improvement in the performance parameters for all the
classification approaches fbee HRV statistical analysis and after HRV statistical
analysis using three classifiers is observed. SVM provides the maximum percentage
improvement of 11.7% in the overall accuracy and ANN depicts a maximum of 3 %
improvement for Area underneath the Biger Operating Characteristics (ROC) curve.

Figure 5.15 visually represents the percentage improvement in accuracy and AUC.

A significant percentage improvement has been drawn during multistage classification.
For 27 stage classification system SVM, kINBhd ANN give 11.7 %, 1.6 %and 3.3 %

of improvement respectively. Forsdage classification the presented system observed
noticeable improvement, it gives 20.02% in SVM, 26.66% in ki 6.6% irthe ANN

classification system.
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Figure 5.15: Percentge Improvement for accuracy and AUC durirg @assification.

Percentage improvement during-sBage classification: For the 3stage
classification phase noteworthy percentage improvement in the accuracy and
AUC parameters is seen before HRV statisticallgsis and after HRV statistical
analysis. kNN achieved the maximum percentage improvement of 26.63% in the
overall accuracy and SVM gives 7.14% improvement for Area under the Receiver
Operating Characteristics (ROC) curve. Figure 5.16 depicts the pmgeen

improvement in accuracy and AUC forsBage classification.
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Figure 5.16: Percentage Improvement for accuracy and AUC durista8e classification.

iii. Percentage improvement in MSHVC systed: considerable percentage
improvement has been drawn duritg MSHVC system demonstrated in Figure
5.17. For 2i stage classification system SVM, kiNBnd ANN result in 11.7 %,
1.6 % and 3.3 % improvement respectively. Rbe 3-stage classificatignthe
proposed system observed noticeable improvement. It results in 20.02% for SVM,

26.66% for KNN and 6.6% fothe ANN classification system.
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Figure 5.17:Percentage improvement during MSHVC classification.

An MSHVC system illustrates the detectiohAR, AF, and NSR ECG. Detection of
these diseases is dobased orong-term HRV analysis. The twenty featuresiie time-
domain, frequencgomain and geometrical domain were extracted. Onlga@ameters
are chosemamely RMSSD, SDSD, HRVTI, NN50, pNN50,aHF, , aVLF, aULF, &
aTotal. A total of four experiments tsbeen performed two each irsBage classification
and 3stage classification. All the performance parameters are evaluated before statistical
analysis and after statistical anatystThe SVM, kNN and ANN classifiers are compared
with the MSHVC system. The conclusion has been drawn thath®proposed system
ANN has attained 99% overall accuracy astdge and -3tage classification. The
innovation of this work manifested in theasstical study, which is used to extract the
most significant features vithe ANOVA technique. It is observed that classification
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performance parameters ofstage and -3tage classification are significantly improved

after statistical analysis.

5.4 COMPARISON OF PROPOSEDMETHODOLOGIES WITH
RECENT LITERATURE

The three proposed methodologies are compared with the recent classification
techniques. The presented methodology implemented -staie classification to
diagnose AR, AR NSR ECG. hble 5.14tabulateghe comparisorby consideringhe
database utilizedthe number of featuresised, timelength, classification algorithm
employed and performance parameters. The presented methodology contributes
multistage classification of AR, Aland NSR longerm ECG by extracting twenty HRV
features from frequenegomain, timedomain and geometricalomain. Popular
classification techniques namely SVM, kNAnd ANN are applied on nine significant
features computed from ANOVA. It is observedttA&N shows remarkable results for
MSHVC classification.

Table 5.14:Comparison with existintiterature

Previ Number Ti Classificafi Overall
W r;:(w;us Database used |  of , 'mt‘; ;ss:]l?a ton Accuracy | Specificity | Sensitivity Accuracy
ork (Year) features eng echnique Improvement
Time domain | NSR and AR 4 24-h kNN 82% 90.83% 82.7% 17%
Tgﬁ:ﬁg NSR, AR and AF| 9 2-hr MSHVC 99% 100% 98.55% Selected
CAD-FSC  |NSR, AR and AF| 9 24-h CAD-FSC 97% 90.20% 98.61% 202%
. 0
T X . . o, y o 0.4%
[173] NSR, CHF 34 S-min 3-stage classifier 98.2% 08.1% 97%
A0
[107] NSR, CHF 9 2Tr SVM 94.44% o8 33 86.67% 460%
.33 70
[107] NSR, CHF 3 5 min SVM 96.67% 93.33% 135%
’ 98.33%
[17] NSR, CHF 9 5-min SVM 90.95% 90.03% 9131% 8.13%
[105] AFPDB 2 S-min SVM 87.7% - 86.8% 1141%
[108] NSR, CHF, Long| oqpy | Ensemble of bagged 98.1% 99.3% 98.57% 1%
term ST-T decision tree
] 1000 RR- ; 11.44%
[115] NSR, CHF 4 s kNN 87.9% 04100 80%
[110] AFPDB 26 15-min SVM 79.3% 81.1% 79.3% 19.89

A 3-stage classifier tetect Congestive Heart Failure (CHF) from NESRoroposed in
[173]. He extracted thirtyour features for Snin of time length and obtained 98.8%, 98.1

% and 100 % of accuracy, specificity and sensitivity respectivalyj107] classifies
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similar database using SVM fortur & 5-minute frames length is taken. It attains
94.44%& 96.67%classfication accuracy respectively. I[172] practice SVM with CHF
and NSR on nine feature and attained 90.95% of accuracy, 90.03 % of speeifidity
91.31% of sensitivityAn Atrial Fibrillation Predicton (AFPDB)system is presented
2016 and 2018 to classify paroxyml atrial fibrillati@mploying SVM & acquiring
79.3% of accuracyin 15-minute durationand improved accuracy of 87.7% ftire 5-
minute time length of ECG105, 110. Ensemble classifier is applied §$08] to
diagnose CHF, NSRand longterm STT database based on three HRV features, he
obtained 98.1%, 100% and 98.57 % of accuracy, specjfaitg sensitivity respectively
[108]. Lastly, kNNis appliedto detect CHF and NSR using four HRV feature for 1000
RR-intervals and attained 79.3 % accuracy, 81.1% specifiaig 79.3 % seiisvity
[115. Our proposedsystem outperforms all the recent techniques and attained 99%

overall accuracy.

5.5CONCLUSION

The main aim of this chapter is to detect the most appropriate HRV features for the
classification of sinus rhythm, arrhythmend atrial fibrillation diseases. The elimination
of the unwanted noise is done usiagligital fiter anda QRS detection algorithm is
employed to calculate HR from the ECG waveform. The HR helps to compute several
HRV features; which @formsa significant role to classify heart disease to deliaer
precise nofinvasive diagnosis. All the HRV measures provide diverse information of the
ANS and PNS. The statistical analysis helps to select these significant features from the
group of HRV features by elimating redundant and irrelevant features. Calfew
attributes signif a prominent effect on the classification accuracy and by utilizing these
features three methodologies are proposed to develop an algorithm for better
classification. A maximum of 82%97% and 99% of overall accuracy is obtained by
time-domain methodology, CAIFSC systemand MSHVC system respectively by
applying SVM, kNN and ANN classifiers.
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CHAPTER 6
CONCLUSANNUTURE SCOPE

6.1 CONCLUSION

The objective of the conclusiochapter is to summarize the crux of the presented
research that aims to design an expert system for low power wearable ECG module. This
research focuses on the FPGA based EC@aiging architectures using digital filters.

The noisefree ECG signals is verdecisive in the detection of various HRV based CVDs.
Many windows based digital FIR filter architectures are utilized to eradicate the EMG,
BLW & PLI noise. The clean ECG facilitate good performance in the classification
process of various CVD$&everalfindings have been observed during the research, which
is concluded chapteawxise in this section. The future scope has also been discatsted

end of this chapter.

The detailed functioning ahe human cardiac system has been discussed in the first
chapter. The cardiac system regulates the flow of blood in the entire body. The
repolarization & depolarization in cardiac cells lstmlgenerahg the ECG waveform that
helps to diagnose various CVDs. Different kinds of low & HKigdguency noises that
contaminate the ECG signal during the acquisition that deteriorates the informatory ECG
signal has been deliberated. This study focuses on the noise removal techniques and

extraction of useful ECG sigrsal

An extensive literature survey has beerriedrout in the second chapter. A review has
been performed in the field of QRS detection algorithms, several kinds of CVDs, FPGA
implementation of digital filter design. An extensive study on the machine learning
algorithms based on HRV is accomplishetle Exhaustive study of the popular and recent
literature assists the researchers to discover some of the researcBaggub.onthese

research gaps, different objectives were framed for this research work.

The executionof various Biesignal processg approachedor the eradication of
artifacts from the raw ECG signal described in the third chapték.low resource, real

time acquisition of ECG signal denoising circuit is simulated in VIVADO software by
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targetingthe Zyng-7000 board. It is analyzew find the effectiveness dhe circuit to
acquire reatime noisefree ECG signals. The FIR windebased functions for the
simultaneous removal of ECG noisa® applied. A modified hamming window has also
been proposed & selected for its better freqyeresponse. The modified window
consumesfewer resource in comparison to classical window functions due to its
symmetrical nature. It consumes less than 1%hefresourcedhat existed in the latest
FPGA board. The proposed XSG architecture consumed pwwer in comparison to the
existed literature. These architectures have been utilized in stationary ECG module, where

power consumption is not an important parameter.

The wearable & portable ECG system neatrge battery life, which is an imp@ant
parameter. It is achieved by introducing a poef#icient ECG denoising module. In the
fourth chapter poweefficient collateral & sequence XS@rchitecturehas beemesigned
& evaluated These architectures attain the low power criterion along with simultaneous
removal of all the ECG noises. The simulation & synthesization of the XSG model is done
on the VIVADO tool using the Verilog HDL language. The sequence XSG model has
been selectedecause it consumes only 0.138 Watt ofchip power. The selected
sequence XSG architecture using modified window function sequence consumes low
resources & power in comparison to existing literature which is favorable for handheld
ECG devices. A noiseds & clean ECG signal is very important to categorize the CVDs

by employing machine learning approaches.

The fifth chapter of this work proposes a novel approach and methodology for the
HRV based classification system. It incorporates various mecksarning algorithms
namely SVM, kNN & ANN. A multistage HRV based classification system has been
introduced for the classification of Arrhythmia, Atrial Fibrillation & Normal Sinus
Rhythm. A total of 21 HRV features are extracted frin@time, frequeng & geometric
domain. The SPSS tool has been utilized to remove redundant featuresteShek
ANOVA technique helps to remove the irrelevant features & only 9 features have been
selected that givea prominent effect on the classification accuracy. Tiheee
classification system namely time domain, GABC & MSHVC has been introduced to
classify arrhythmia, atrial fibrillation & normal sinus rhythmased orextracted features,
feature selection technique & classifier used. The MSHVC system attains @&#ll o

accuracy that facilitates the ECG classification system to classify the CVDs accurately.
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This thesis work finally proposed a low power expert system developed for HRV based

multi-stage classification as shown in Figure 5.18.

Biomedical Types of Signal Data Acquisition Signal Pre-processing

Patient Signals
© — ] Signal Filtering and | Physiological events & Objective 1
Online Otfline Artifacts removal components detection

I _ | Platform Platform

Signal Post-Ps ing & Analysi .
Jrait Osl-Frocessing alysis
Classification for . ) Event analysis and Wavelet
Clinical diagnostic |« Statstical Analygs | Waveform Feature ‘ - e
decision or Feature Selection Extraction ’ Syrmnemc” ‘ Allh-syll]l]letl‘lta|| L
Proposed Archifectures
Geometric | || | =—r=—r=—rm— ——— [ ==~ ST
ANN
test ANOVA Domain i 1
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SUM kNN Time Frequency MATLAB '
Medical domain domain o -
Practitioner . ! v i |
| vitex || Kintex || ZedBoard |
|
Scope ‘—L‘,

LI
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y

Proposed Proposed Proposed —rmo= b= 0= e =0 =0 .l. =
Methodology 1 Methodology 2 Methodology 3

Comparison of Results

Objective 3 |

Figure 6.1 An expert system for lowqwer wearable ECG module

It incorporates the proposed ECG denoising architecture for thgrpecessing block. The
expert system also comprises of proposed methodologies, which are based on different
types of feature extractiorstatistical analysis & classifiers utilized to categorize the

arrhythmia, atrial fibitlation & normal sinus rhythm.

An expert low power wearable multistage HRV based classification system is

introduced during this research work that will help théiiidual in monitoring cardiac

KIRTI 139 JUIT, 2020



Conclusion and Future Scope

health. Finally, the methodology of a powedficient wearable ECG expert system for

HRV based classification has beenesented

6.2FUTURE SCOPE

Based onthe results attained in this reseayctvork improvement has been done
concerninga recent study The possibility in the application areas of ECG wearable
modules is exhaustive & timeconsuming. This research focuses on the knowledge
escalation on the clinical utilization of biomedical devidagture researclexamined the

possible area for the new technology in biomedical ECG devices.

1. In this study,the ECG signal assistto classify various CVDs. To enhance the overall
diagnostic accuracy other bfgnals such a#trial Blood Pressure (ABP), Pulsatile
cardiovascular signals (PPG) & ECBerived Respiration (EDR) signal must be

considered.

2. The hardware implementation afow-power ECG denoising module on VIVADO has
been achieved in this work. The work can be further extended by implementing the
classification methodologies on FPGA. Thus, an overall expert system for wearable ECG

device can be designed.

3. The wireless protocol can be utilized to enhance the applicability of the research work.
loT based design can be employed in the design methodologyefvable ECG module.
By using this feature patiestan directly connect to their clinicians using its dedicated

android app.
4. All the existed work incorporates the time plane features & amplitude information. A
further investigation can be done by calesingthe fusion of these HRV based features &

their effect on the classification accuracy.

5. Apart from the Arrhythmia & Atrial Fibrillation CVD utilized in this work. A robust

classifier can be designed by considering other types of abnormalities.
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6. The proposed research is basec&aemall group of subjects. To apply the classification
onalarge dataset, Deep Neural Network (DNN) can be employed to verify the feasibility
in this application. DNN can easily handle a large number of databasesedscés the

execution of complex computations during the extraction of features.
7. The proposed design is verified with physionet database-tRealdata can be taken

from hospitals, which consider different sex, age, disease community to authenticate the

applicability area of the presented methodology.
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AP P E NOER S

APPENDIX A

This section describes the PAampkins reatime QRS detection adgithm represented

in Figure 1 The algorithm consists of a seriesdfi gi t al ylters and si
implemented in a digital processing unit. The signal processed is the outp@nfrabC,

at a sampling rate of 200 Hz. It passes t#h
eliminate noise before it continues thghia ylter thatapproximates derivative. Tereis

an amplitude squaring process before the signal passes through a wawilogy

i ntegrator. The ynal step is an adaptive t|
signal peaks.
ECG Database Band Pass o Derivative Squaring
Filter
\
Computing RR interval and Threshold Moving Window
Heart Rate A Adjustment = Integration

Figure L PanT omp ki nés QRS Detection Algorithm

i. BandpassFiterThe bandpass ylter reduceslzthe i
interference, baseline wandemnd T-wave interference. The desired passband to
maximize theQRSe ner gy i s approximately 5115 Hz.
zeros on the unit circle of theplane. The cascading of low pass filter and high
pass filter forms the bandpass filt@ihe lowpass filter tma cut-off frequency of
about 11 HzThe high pass filter havingutoff frequency is about 5 HEigure 2
(b) represents the output of the fikdrECG signal.

ii. Derivative The signal is differentiated to provide the slope informationhef
QRSc o mp | e x-pointAderiyative is usetb approximatean ideal derivative
between dc and 30 HEigure?2 (c) shows the output afederivative ECG signal.

li.  Sgquaring Squaring Function The signal is now squared point by poitite raw
ECG signal.All data points are now made positive, and the squaring also does a

nonlinear ampliycation of the derivative
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iv.  MovingWindowintegratiort The movingwindow integration results in waveform
information and the slope of tie wave. The width of the window should be
approximatelythe same as the widest possilild&RScomplex. A narrow window
will produce several peaks in the integoatiwaveform, while a wide window will
merge th&QRSandT waves. For a sample rate of 200 Hz, a window of 30 samples
has proven to be a good size.

v. Threshold adjustmentThe time duration of the rising edge of the integration
waveform corresponds to the dtion of the QRS complex. Thresholds are
automatically adjusted to po-toinoiserator t he
i mproved by the bandpass ylter, l ow t hr
used to detect RScomplex. The higher the twditesholdswi | | identiye.
peaks of the signal. |l f no peaks have b
the | ower threshold is wused to ynd a i
thresholds are adjusted as the integrated signal moves forwayae 2(e)
represents the QRS complex detection after employing thresholds.

Hndgmi Band Pass Filtered

\u wmvjm [ W*le l L

>

Amplitude(mV)
Amplitude(mV)

A5

A g o o

mﬂ“
(a) Raw Signal (b) Filtered signal
: Filtorod with the derivative filter ‘ Soand
| o8}
% ol ) i
4 l . r 3o
% ol ’f',!f-\\tj lr':‘.r i h’{“‘" '.’n' \'U ‘(«\".”‘Pq_\—.‘\l l/’J || |W ol P ‘\ J ;‘.»“‘L Hf %N»
£
T Hl ll L] ||
50 1000 150 0 50 1000 150 ) %0 2000 0
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Figure 2: Simulation Results (a) Noisy ECG signal (b) Filtered Signal (c) Derivative signal (d) Squaring (e)

QRS complex detection

vi.  RR Intervals Two RRintervalsare maintained. Onés the averageof the lasteight

beats, regardless of their values. The second is the awefréige eight last beats
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that fall within certain limits. The reason for this is to be able to adapt to quickly
changing or irregular heartbeats.

vii T-Wave | denlttheyRR anterivad is less than 360 ms, the peak detected
might be a peak frorthe T wave. Ifthe maximal slope from the wave misses less
thanhal f of the preceding one, theitispeak i
determinedas aQRScomplex.

viii. Heart Rate Variability Heart rate variability is the variation in the time between
heartbeats. The Rmnterval calculationsoutput the heartbeat. Thedifference
betweeneach of these outputs will give the heart rate variability measwed

time.
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APPENDIX B

The traditional window function description is given in this appendix.

Rectangular Window

It is a commonly utilized window function having advantages corresponding to the
smallest main lobe width arttle highest peak athe side lobe in various applicationsof~

the past few years, researchers have not used it widely in signal processing applications
due to its lack of flexibility. The rectangular window function is represented by equation

Le p (1)
Hanning window

The Hanning window is named after Julius Von Hann and the raised cosine window. The
endpoints of the Hann window just touch zero as compared to the hgnmmdow

function. The window function of hanning is represented by Bq. (
Ve ™ TWAI & (2)
Hamming window

It delivers good siddobe attenuation in comparison tioe rectangular window function.
The hamming window function minimizes the highest side lobe, provide it a hafight

approximately 1/% of theHanning window. This window functiois illustrated by Eq. {3

VE ™WT T AT 6- (3
Kaiser Window
This window function is designed with minimum stband attenuation. It also provides
maximum stogband width to acquire the appropriate sbt@md attenuation. It depends on
various types of constragt | i ke -bol® 4t edeuati on), U (Kai
as it affects the sidldbe attenation as represented by Eq..(4Where,l= zerd™order

modified Bessel functiorfh = parameter to allova tradeoff between siddobe amplitude

and maindbe width.
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VE O p — p )T (4)

From the various literaturé has been inferred th#te Kaiser window performs better as
compared to other window functions because passbandtaptand ripple size is not
affected by the variation in the window length.

Bartlett window

This window function is relatable to the triangular window function. The triangular
window has nofzeroes at first and last samples as compared to Bartlett Wagheroes
at first and last samples. The weight functionhefBartlett window is signified in Eq5j.

S =

0 & p

©)
Blackmann window

Blackmann window is &sily applicableo digital signal processing applications. It returns

the Lpoi nt (positive integer) symmetric wind
window functions have somewhat wider central lobes alwith minimum sideband

leakage as compared tiee same order Hamming and Hann window functions. Blackman

window is defined by Eq.6).

Ve ™MW MMAT 6 TIYAT & (6)
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APPENDIX C

Wavelet Functions

For the DWT special families ofavelet functions are developed. These wavelets are
compactly supported, orthogonal or biorthogom@ad are characterized by lgvass and
highpass analysis and syntdaewaselydt ef anctFiron
scaling functiven G(t) can be de

1. Daubechies

The Daubechies family is named after Ingrid Daubechies who invented the compactly
supported orthonormal wavelet, making wavelet analysis in distnetepossible. The

yrst order Daubechies wavel einwhichshewaveleo know
function resembles a step function. The wavelet and scaling functions for the Daubechies
functions with order 4 are represented in this section. The Haar wavedtlozan be

written as Eql and represented in Figute

1 ifzel0s 1]
0 ifzg¢[0 1]

. 1 ifzel0 1
B(t) = { 0 if z ¢ {U 1%-

{ 1 ifzel0 05

D

(t) o(t)

-2 -2
0 02040608 1 0 02040608 1

Figure 1: Haar wavelet

Higherorder Daubechies functions are not easy to describe with an analytical expression.
The order of the Daubechies functions denotes the number of vanishing moments or the
number of zero moments of the wavelet function. This iaklyerelated to the number of

oscillatiors of the wavelet function.drger the number of vanishing moments, the better
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the frequency localization of the decomposition. The dependence between wavelet

coe cients on di erent sletardez[d] decays with i
¥it) b(t)
2 2
1 1
0 {]/Vk
-1 -1
-9 -2
0 2 4 6 0 2 4 6

Figure 2: Daubechies 4 wavelet

The order of the wavel et functions can be
Daubechies wavelets are compactly support ec

minimump h a s e ygure? dustsates the idb4 wavelet.
2.Coi pet s

Coi pet s dhbyé Daubeshesttharequest of R. Coifman. Coifman wavelets are
orthogonal compactly supported wavelets with the highest number of vanishing moments

for both the wavelet and scaling fucth f or a gi ven support widt
are more symmetric and have more vanishing moments than the Daubechies vaavelets

represented by Figu@

P(t) ¢(t)
2 2
1 1
0 0 —/ \—n
-1 -1
2 2
0 5 10 15 20 0 5 10 15 20

Figure 3: Coiflet 4 Wavelet
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3. Symlets

Symletsare also orthogonal and compactly supported wavelets, which are proposed by
| . Daubechies as modiycations to the db f am
least asymmetrys signified in Figure 4 The associated sc-aling

phag ylters. The properties of symlets are n

Figure 4: Symlet4 wavelet

5. Biorthogonal

The biorthogonal family contains biorthogonal compactly supported spline wavelets. With

these waveletsymmetry and exact reconsttionarepossible using FIR (Finite Impulse
Response) ylters, which is impossible for
ylters). The symmet r yalineae ghass. The bierthogandi mmily | t e r
uses separate wavelet and scalingctions for the analysis and synthesis of a signal
illustratedin Figure5. The reverse biorthogonal family uses the synthesis functions for the

analysis and vice versa.

Figure 5: Biorthogonal wavelet

The wavel et coe cients in the di erent frec

sever al ways. By adjusting the wavelet CC
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