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ABSTRACT

Hardware Optimization

The main aim of our project is to optimize the hardware of ECG circuit by reducing the
number of components in the circuitry of ECG to make the system less expensive. The
components we have used in our optimized proposed ECG circuit are Instrumentation
Amplifier, RLD circuit to reduce the common mode interference, reduced DC offset
remover circuit, Notch filter to reduce RF interference, power line interference and muscle
noise. We have used a bio-potential amplifier in such a manner that it reduces noise, RF
interference; DC offset value, and common voltage from the existing circuit. In this project,

we have shown how we can burn FPGA with the help of serial port communication.

Software Optimization

We have collected different ECG images from-
upon which we

have applied data preprocessing, feature extraction, data partitioning and data classification

using SVM classifier. In this project we have use Haar wavelet as feature extraction

technique and calculated several terminologies like overall accuracy, precision,

misclassification rate etc which yields maximum accuracy of 95% if we consider all

features (mean, standard deviation and energy) in one.
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CHAPTER-1
INTRODUCTION TO ECG

Electrocardiography (ECG) is the procedure which records the electrical activity of
the heart using electrodes placed on various parts of the body over a period of
time. An electrocardiogram is a mechanism which detects the troubles associated with the
heart’s electrical activity. An ECG can be used to measure the BPM, heart chamber’s size
and location, and reveals the presence of any vandalism in the heart's muscle cells and the
impact of cardiac drugs. An electrocardiograph is an instrument which is used to implement
electrocardiography, and generates the electrocardiogram. The heartalso known as a
muscular pump consists of four chambers out of which upper two chambers are called atria
and lower two chambers are called ventricles. Contraction of heart muscles occur due to
natural electrical system which pumps blood via heart into the lungs and to the rest of the body.
Heart is a muscular tissue in a way that it allows itself to pump blood throughout the body. The
heart pumps blood due to which an action potential is generated when the heart wall consisting
of muscle cells contracts. This action potential generates currents (electrical) that circulates
throughout the body from the heart. The circulating currents generates minor differences in
electrical potential between various locations in the body and these potentials can be detected
and recorded through surface electrodes attached to the skin. These bio-potentials produces
waveforms which are called electrocardiogram (ECG) waves which is a written graph of the

electrical activities of the heart [1].

A semiconductor device, FPGA which is also an IC can be programmed again and again
after manufacturing by the user to meet his requirements. It comprises of array of
configurable logic blocks (CLB’s) and switches (which forms connection between CLB’s).
Implementation of logic designs can be carried out on FPGA’s by using either VHDL

(VHSIC Hardware Description Language) or Verilog code on Xilinx Simulator [2].
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An array of simple CLBs and switches which are used to identify the connections
between CLBs are called FPGAs. Figure 1.1 shows the comprehensive structure of FPGA.
Configuration of each CLB in FPGA is done individually first and then the configuration
of switches is done to connect or disconnect CLBs to implement algorithm., The most
commonly used technique is based on the usage of RAM/flash switches. Static RAM or
flash bits manage the pass transistors for each interconnection in this technique. For
example, the switch closes or opens by loading bit 1 or 0, respectively. Managing switches
manually is impossible because the current FPGAs contain up to a large number of gates.
Thus for configuring the switches, development software’s are provided by the FPGA

manufacturers that outputs a bit stream.

Symmetrical Array

. BN |

L]
» B Logic
EI/ Block
=1 L -
Switch Block
.//
] = | [H
- - =~ L].{ Interconnect
Bl D/ /./
Ol e

Input ocutput{iO) Pads

Figure 1.1: FPGAs structure [3]
FPGA gives good performance, high speed clock, high bandwidth, and facilitates

simultaneously multiple operations. FPGA’s has its applications in various fields like

speech recognition, computer hardware emulation, metal detection etc.
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1.1 Other ECG Signals

In addition to the conventional ECG signals, there are certain specific signals that are
sometimes required. While the use of these is rare, the biomedical equipment technician or

clinical engineer should be aware of them.
1.1.1 Interdigital ECG

This signal is taken between any two fingers. The inter digital ECG is used
primarily in home monitoring of patients (especially those with implanted pace
makers- reduced heart rate often precedes battery failure). One common technique

is to use the index finger of each hand as signal source.
1.1.2 Esophageal ECG

In this type of ECG recording, an electrode is set placed in the esophagus close to
the heart. A special ECG catheter containing a “pill electrode”, an external bipolar
pacing electrode, or a special electrode equipped nasogastric tube is used to acquire
the electrical signal. An principal application of esophageal ECG is to examine
atrial activity of the heart. The relative amplitudes of the P and R waves are used to
establish the position for atrial sensing.

1.1.3 Toilet Seat ECG

This type of recording uses twin electrodes placed on either side of toilet seat. The
acquired signal is often connected to a computer in which arrhythmia detection
software is running. The purpose is to detect cardiac arrhythmias that sometimes

occur when patient is straining during defecation.

13



1.2 Twelve Lead ECG System

The standard twelve-lead ECG is a depiction of the electrical activity of heart measured
from electrodes placed on various parts of body. Below described are the basic elements of

the ECG and the lead system used to measure the ECG features.

1.2.1 Placement of the 12 Lead ECG:

The 12-lead ECG gives spatial details regarding the electrical activity of the heart

approximately 3 directions perpendicular to each other:

e First: Right & Left

e Second: Superior & Inferior

e Third: Anterior < Posterior

A particular placement in space is represented by each of these 12 leads, as mentioned

below :

Bipolar limb leads (frontal plane):
Lead I, lead Il and lead Il are known as the limb leads. The electrodes placed on the limbs
(one on each arm and one on the left leg) form these signals. The Einthoven's triangle is

formed by the limb leads placed on these points.

e Leadl: Lead I is the difference of the voltage between the LA electrode(+) and
RA electrode(-).
I=LA-RA
e Lead Il: Lead Il is the difference of the voltage between the LL electrode (+) and
the RA electrode(-).

II=LL-RA
e Lead Ill: Lead Il is the difference of the voltage between the LL electrode(+) and
the LA electrode(-).
H=LL-L

14



Figurel.2: Bipolar Limb Leads [4]

Augmented unipolar limb leads (frontal plane):

There are three augmented limb leads- aVR, aVL, and aVF. They use the same three
electrodes as the first three leads of ECG system. But their negative pole is the Goldberger's

central terminal which is a combines the inputs from other two limb electrodes.

e Lead aVR: Lead aVR has the (+) electrode on the right arm. The combination of
LA electrode and the LL electrode becomes the (-) pole. This lead is from RA (+) to
[LA & LL] (-) (Rightward)

aVR =RA-1/2(LA+LL)

e Lead aVL: Lead aVL has the (+) electrode on the left arm. The combination of
the RA electrode and the LL electrode becomes the (-) pole. This lead is from LA
(+) to [RA & LL] (-) (Leftward)

aVL =LA-1/2(RA+LL)

e Lead aVF: Lead aVF has the (+) electrode on the left leg. The combination of the
RA electrode and the LA electrode. This lead is from LL (+) to [RA & LA] (-)
(Inferior)

aVF =LL-1/2(RA+LA)

15



Figure 1.3: Augmented Limb Leads [4]
Unipolar (+) chest leads (horizontal plane):

e Leads V1, V2, V3: This lead lies in Posterior Anterior
e Leads V4, V5, V6: This lead lies in Right Left, or lateral.

Figure 1.4: Unipolar Chest Leads [5]

16



1.3 Block Diagram of ECG

In the following section we are going to study the building blocks of existing ECG circuit

as shown in figure 1.5.

Calibraiien
Clirewit
—
Protection = mcrumentation |} Filiering L1 anc Driver Chart
Cirenit Lewd Selectur .*.'h'n" . .\-plil'lrr Recurder]
—
Drecillissoge
Fault
Diedectar
Inirld srage Pracessing stage Output stage

Figure 1.5: Instrumentation Diagram of ECG [7]

a. Protection Circuit: This circuit protects the electrocardiograph which may damage
under certain conditions due to high voltages or current spikes that may appear at
the input.

b. Lead Selector: The lead selector of the electrocardiograph is connected to each
electrode placed on the human body. This block determines necessary electrodes for
a particular lead and connects them to the remaining circuit. One or more leads to be
recorded are selected by it.

c. Instrumentation amplifier: Sometimes the amplification of the difference of two
signals is desired..Due to its low input resistance, the difference amplifier may not
satisfy criteria for circuit design. .In order to design an IA, a difference amplifier in
combination with two non-inverting amplifiers is used as shown below in fig.1.6

which yields output voltage as:

17



(1)

Figure 1.6: Instrumentation Amplifier [8]

d. Filters: Unwanted noise is eradicated using filters. ECG generates very small
signal levels of around 1mV, so filters are effectively used to remove a wide range
of noise. Several reasons which are a cause of noise are mains hum (50/60Hz),
unstable dc offset, interface of electrode and body , electrical noise from equipment
in the environment, muscle noise and from internal dc/dc converters which are
within the equipment itself.

e. ADC: A process in which a continuously varying analog signal is converted into a

multi-level digital signal is called ADC.

Vdd

s
Analog, | : Binary
signal ADC: output
input ¢ L

€L

Figure 1.7: ADC [9]
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f.

Right leg driven circuit: A reference ground potential point is provided by the right
leg driven circuit on the patient’s right leg as shown in Fig1.8. This circuit is used to
lower down the noise levels on patient and reduces 60 Hz noise in a feedback

configuration. Common mode voltage is as calculated by the formula below :

Rpri
Vem = — 57> (2)

where, RrL stands for Right leg resistance, Rr stands for feedback resistance , ip

stands for Displacement current , Ra stands for Averaging resistance

BrL

e —
Figure 1.8: Right Leg Driven Circuit [7]

g. Oscilloscope: Using driver amplifier and then chart recorder, the output of ECG

system is displayed by this device.

19



CHAPTER-2

LITERATURE REVIEW

Author Year Method Result
Pradhan UU et al [11] 2015 PCB, IC LM324 (preamplifier), 3 Lead ECG amplifier system
IC LM386(ECG amplifier), 3 used to avoid power line
sensors, PSPICE analysis, interference, noise free ECG
software version 1.67 signals with low cost are
designed
Dhiman A et al [10] 2015 Instrumentation amplifier , high Hardware optimization of
pass filter, right leg driven circuit | electronic circuit of ECG by
using biopotential amplifier
GuptaR et al [7] 2014 Instrumentation amplifier , Indigenous design of
protection circuit, lead selector, electronic circuit for ECG
filters, right leg driven circuit
Mesharam VP et al [12] 2014 FFT, Windowed FFT , multilayer | DSP based ECG abnormality
perception(MLP) network to classification using artificial
maximize accuracy neural networks
Mittal V et al [13] 2013 Principle component analysis of Denoising and detection of
PCA, a mathematical procedure ECG point wavelet and PCA
for orthogonal transformation,
wavelet technique
Vikesh V et al [20] 2013 MATLAB Implemented ECG signal
using MATLAB, served as
computerized system
Muthuchudhar A et al 2013 Four processes of ECG signal Study of processes involved in
[14] analysis are defined data ECG signal analysis is done
compression, denoising, feature
extraction, classification
Jembula KK et al [19] 2013 Short term fourier transform, Designed ECG system on
wavelet transformation , wavelet FPGA
analysis using MATLAB
Zhang Y et al [15] 2012 ADS1298, ADC, Integrated input Design ECG acquisition
multiplexers analog low pass system based on ADS1298
filter, digital filter
Khandait PD et al [18] 2012 Wavelet transformation Efficient ECG abnormalities
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techniques for feature extraction ,

recognition using Neuro-

beat detection Fuzzy approach
Shen T et al [16] 2010 Template matching method Implemented 1 lead ECG,
human identification system
on normal population
Wavt Y et al [17] 2007 Preprocessing, Feature Extraction | Analysed ECG for biometric

Classification

recognition
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CHAPTER-3
FPGA IMPLEMENTATION OF ECG CIRCUIT

We have optimized the existing ECG circuit by increasing its efficiency by the usage of
Peak Detection Circuit and Notch Filter. Further we have also implemented our proposed
ECG circuit on FPGA board.

3.1 Existing ECG Circuit 1

Circuit shown in Fig 3.1 is the existing ECG circuit having 1A with preamplifiers and

filters, Right leg driven circuit, DC offset remover circuit.

Instrumentation Amsmplifier
with Preasplifier and fiters
' Ty

Right Leg Dirive Circuit Common mode valtags

Figure 3.1: Existing ECG circuit 1[7]

1. Inverter removal: Inspite of using inverter after RA this point has been kept at the

(-) terminal of IA because for lead I, RA is at (-)terminal and LA is at (+) terminal.
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2.

Common mode values and noise removal: In order to increase CMRR, following

methods are used to eradicate common mode values and noise from ECG

Right leg driven system: This is used to reduce noise when used in Feedback loop.
A reference ground potential point is provided by the right leg driven circuit on the
patient’s right leg. This circuit is used to lower down the noise levels on patient and
reduces 60 Hz noise in a feedback configuration.

DC offset Removal and DC suppression: The key parameters in bioelectric
amplifiers are DC-suppression and DC-offset. A high gain level, a high CMRR [7],
a equivalent input noise of low density, and a high input impedance are required by
Bioelectric amplifiers. An 1A is used as a front stage to obtain most of these
features. But sometimes at the output of the 1A, DC voltage levels appear which are
generated by various things like electrode contact potentials, imbalance in
impedances from electrodes placed at the input and input bias currents. Removal of
these DC levels is important; else, output saturation phenomena will be generated
when amplification is done in subsequent stages. Various techniques employed to

remove the DC levels are described below:

Filters: The Instrumentation amplifier cascaded with the high pass filter with gain
[10] is shown in figure 3.2. This circuit is used to eliminate DC level which
comprises of feedback integrator which acts as an LPF. On the application of
feedback, the DC component present in output voltage is eliminated and this whole
stage therefore acts as a HPF having gain G. This circuit acts like an inverter circuit
since input voltage is applied on inverting terminal as a result of which the input is
amplified. Transfer function for the circuit shown in Figure 3.2 is given by the

following equation:

Vi -G
Hw)=2=—2+ 3
@) == ®
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Figure 3.2: HPF with Differential amplifier part of 1A [7]

LPF is used to reduce RF interference present in circuit [11]. At the front end of
the 1A, Filter should be used. Following figure 3.3 shows IA regulated with low

pass filter as a result of which no filtering is required after IA.

Vi —

Low Pass Filter

Figure 3.3: Low pass filter with 1A [7]
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3.2 Existing ECG Circuit 2:

Fig 3.4 shows the hardware optimized version of ECG circuit 1 for lead Il using IA with

preamplifiers and filters, Right leg driven circuit and DC offset remover circuit.

BTk -+
ar LT
e = K
- s 3 = —
H1 .
bt ims Py Vout
- - ’
|
1 " & \
L |
.'“'
L 'H.'I'
b
LT & r RE
|
L] A5
_R%
- -
'
L H1X
M
 ps K14 Hii
- | Fee = d@
S i - -\.h_\__-!. L
¥ i RID { H12 |
* . \ I, - ‘.--.- 1'

Figure 3.4 : Existing ECG circuit 2[10]

3.3 Limitations of Existing Circuits :

1. 50-60 Hz magnitude power line interference is required to be removed from the
circuit

2. To carry out accurate ECG diagnosis, the detection of failure between electrode
connection and the skin is required.

So, the effectiveness and capability of existing circuits discussed above can be enhanced by
making various alterations .Below discussed are these changes:

1. Asan alternate of low pass filter, application of Notch filter.
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2. Peak detector circuit.

3.4 Proposed Circuit:

Fig 3.5 shows the proposed ECG circuit which includes Peak Detection Circuit, 1A with

notch filter, DC offset circuit, RLD and is a optimized modification of above two existing
ECG circuits

Peak Detection
circuit IA with notch filter
R1 ~ ceuR R.]{ :‘l :-j:;:,.‘:
g = RS \
: H QW o e Vout
R2 5 s G .
o T * R13
|
J_: . 5
_ R10
G R12
/ \\ 1} [ r\\:\ |
R2 '-
RA LEAD-1 | LA f i
S 2 -: < “
R7 e
A ]
T
RL u LL y "
R % . RIS °
DC Offset circuit
Right leg driven circuit

Figure 3.5: Proposed circuit of ECG

1) Notch filter

A band-rejection or a band-stop filter is used to pass most frequencies unchanged and to
lessen those which lie in a certain range to extreme low levels. It is the converse of BPF.

A notch filter is a band-rejection filter consisting of a narrow stop band .It has a high Q
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factor. A particular frequency having a notch where signals are rejected is removed using a
notch filter most of which are fixed frequency, but some of these are able to attune the

notch frequency.

A notch filter is actually a band rejection filter which lets go all the frequencies except for a
particular range of frequencies. It is a parallel combination of LPF and HPF [18].
YATAYA O
R +
+ L

l—-l-::

Vo

T 5

Figure 3.6: Design of simple notch filter using L and C [18]

C

Notch Filter in the audio domain
Anti-hum filter

Countries where 60 Hz power lines are used:

e Low Frequency - 59 Hz
e Middle Frequency =60 Hz
o High Frequency 61 Hz

It depicts that all frequencies are passed through this filter, instead of those in the range
of 59-61 Hz. Though its higher harmonics can still be there, mains hum from the 60 Hz
power line is filtered out using notch filter. The filter has a 49-51 Hz range for countries
having power transmission at 50 Hz. To reduce the hardware circuitry and to minimize the
noise and RF interference, low pass filter is adapted with the IA in the current existing
circuits of ECG. The RF interference and the muscle interference noise are removed using

low pass filter. But to carryout accurate diagnosis and to get waveform free from noise,

27


https://en.wikipedia.org/wiki/Q_factor
https://en.wikipedia.org/wiki/Hertz
https://en.wikipedia.org/wiki/Electric_power_transmission
https://en.wikipedia.org/wiki/Mains_hum

power line interference of magnitude 50-60Hz also needs to be eradicated. A notch

filter/band rejection filter is employed to remove this interference.

Notch filter’s resonance frequency is given by the formula-

fo=3mm= @)

AN

LOW PASS HIGH PASS

gainindb

Removes RF
Interference
and

muscle noise

removes DC
potential

1

N P

60 Hz frequency

Figure 3.7: Notch Filter’s Frequency Response [10]

High pass filter is used to remove DC potentials and low pass filter is used to remove RF
interference. Power line interference is removed by the combination of both. In this project,

60 Hz power interference removal is done using notch filter designing.
Applications of notch filter :

1. In RF domain:

a) Avoidance of the carrier frequency: In order to avoid the carrier frequency, a
very narrow notch filter can be employed while computing the non-linearity of
power amplifiers.

b) Wave trap: A simple LC circuit which is also a notch filter is used for the
removal of particular interfering frequency. Radio receivers that are in the

vicinity of a transmitter are used in this technique to swamp all the other
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signals. The signal is greatly reduced, from the local transmitter by the use of

wave trap.

2. In optical domain : In optical domain, notch filters depend upon
destructive interference.

3. Use in amplifiers : Notch filters are mainly used in the electric guitar amplifiers.
Actually, a ‘hum” at 60 Hz frequency is generated by this electric guitar. In order to
make the best equipment and to amplify the signal generated by the electric guitar
amplifier, this filter is used to minimize the hum. Various other application of notch
filter includes its use in base instrument amplifiers and mandolin.

4. Use in removal of unwanted harmonics : In electronics and communication, the
original signal interferes as a result of which the signal is distorted due to some
noise (harmonics) which generates error in the output. Hence, unwanted harmonics

are eliminated by these filters.

2) Peak Detection Circuit

These are used for quickly transforming input signals which are AC in nature. During the
connection of electrodes with the body of the patient depending upon the selection of leads,
sometimes there is a failure in the connection of electrode and the body of the patient[7].
This can result in no waveform or distortion in the ECG waveform which can lead to

inaccurate analysis.

In to protect our ECG system from such kind of failures, we can include a peak detection
circuit which is simply a connection of diode and a capacitor in series. In this circuit,

capacitor charging and discharging will depend upon time constant t = RC.

3.5 Implementation in MATLAB

Implementation of proposed ECG circuit is done on pspice; some output values are
recorded which are written in a text file and saved in MATLAB directory. To obtain the
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desired ECG waveform as shown in Figure 3.8, the text file is loaded in MATLAB which is
saved in the MATLAB directory.

filtered ecg signal

2

15
5=
3 1
-
s
=
£ 05
o
8
g o w
L5

05

'1 1 1 1 1 1
0 1000 2000 3000 4000 5000 6000

samples in Hz

Figure 3.8: Waveform from our proposed ECG circuit

P, Q, R, S, T peaks of ECG waveform are shown in magnified view of our output in
Figure 3.9. Using this we calculated BPM which comes out to be 67.

filtered ecg signal

150 .

05 1

electrical activity of heart

1 1 1 1 1
2100 2150 2200 2250 2300
samples in Hz

Figure 3.9: Magnified view of ECG waveform

30



3.6 Implementation in PSPICE

Here we have shown the output of 1A part of ECG circuitry using two different waveforms
where simulation settings were shown in Fig 3.10. Firstly we have given two sine waves of
different amplitudes to 1A whose result is shown in Fig 3.11. Secondly we have given two
triangular waves of different amplitudes to IA whose result is shown in Fig 3.12, and then
we have recorded the output waveform for the two cases.

al Simulation Settings - ECG

General Analysis | Corfiguration Files | Options | Data Collection | Probe Window |

Analysis type:

e Run to time: 1000ms | seconds (TSTOP)
Options: Start saving data after: |0 seconds

Transient options

[ ]Monte Carlo/Worst Case Maximum step size: | 0.0001 seconds

[ ]Parametric Sweep ] o : ; ) .

[ Temperature (Sweep) [ ] Skip the initial transient bias point calculation (SKIPEP)
[]Save Bias Point

g;‘:i g?:ciogims L] Run in resume mode  Output File Options...
[]Restart Simulation

Figure 3.10: Simulation settings

3.6.1 Output using sin wave
A) Giving sine wave as inputl
Vorr=>0

VampL>2

FREQ-50

AC->0
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B) Giving sine wave as input2
Vorr20

VampL25

FREQ-50

AC->0

Taking all resistor values to be 1k ohm, output is as shown below:

W

A0 L
o U(U6;00T)

Ay

oy

” I 0| U 1) {
FINN

|
I ) L L L

A

0 U(UB:0UT) ¢ U{Uk:+) 7 U(US:+)
Tine

Figure 3.11: Output on PSPICE using sinusoidal wave

3.6.2 Output using triangular wave
A) Giving triangular wave as inputl:

V1=>0
V22

fs f.1s f.25 0.3s f.4s 0.55 f.6s f.7s
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TD->0.02
TR->0.02
PW->0
PER->0.04

B) Giving triangular wave as input2
V120

V2>5

TD->0.02

TR->0.02

PW->0

PER->0.04

Taking all resistor values to be 1k ohm, output is as shown below:

fs B.1s 0.25 0.3s f.4s f.5s 0.6s B.7s 0.9s B.9s 1.05
0 U(UB:0UT) o U(US:+) 7 U(Ug:+)
Tine

Figure 3.12: Output on PSPICE using triangular wave
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3.7 Implementation on FPGA Board:

The data is sent serially to the FPGA by MATLAB which is a set of database in
binary format.

FPGA is used to implement serial protocol using techniques involving Serial
Communication.

RAM stores the received serial data.

Extracting features from RAM and then saved in new RAM.

The data sent by MATLAB is retransmitted back to MATLAB by FPGA
XC6SLX45

The peak values are computed in new RAM after successful transmission.

The heart rate value will be sent in PC after detecting the peaks of waveforms.

PROVIDE ECG SIGNAL AS INPUT

L

MATLAB SEND DATA SERIALLY USING RS 232
ke
SERIAL PROTOCOL DESIGN IMPLEMENTATION ON FPGA
sle
CREATE BLOCK RAM USING XILINX

e

SERIALLY RECEIVED DATA STORED IN RAM
e

FEATURE EXTRACTION FROM THE RAM

e

EXTRACTED FEATURE IS STORED IN NEW RAM

ke

DATA SEND BACK TO FPGA

S

CALCULATE FEATURE VALUE IN NEW RAM

ke

SEND HEART VALUE ON PC FOR DISPLAY

Figure 3.13: FPGA work flow for ECG implementation[20]
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Explanation of board:

e The name of the FPGA board used here is XILINX Spartan -6 XC6SLX45
e It has two input and output HDMI ports.

e It has trimode Ethernet interface.

e On board USB based FPGA configuration circuitry.

e It has real time power supply monitors.

g SR
DIGILENT |

BEYOND THEORY

- WU UNIUERSITY
(LAY PROGRAM

HOAGDM E

- |

Figure 3.14: FPGA Implementation
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CHAPTER -4

CAD SYSTEM OF ECG FOR BIPOLAR LEADS
USING HAAR WAVELET TRANSFORMATION

In this chapter, we have compared various transforms with wavelet transforms. We have
collected 80 ECG images from database upon which we have applied data preprocessing,
feature extraction, data partitioning and data classification using SVM classifier. Haar
wavelet is used as feature extraction technique from we have calculated overall accuracy,

precision, misclassification rate etc-

4.1 Dataset Description

e |n order to perform any transformation technique, benchmarked database is taken

online from http://www.beecardia.com/physiobank/database/ptbdb/s0530 re-
patient278

4.2 Regions of Interest Selection (ROISs)

The ROI size is chosen such that it should produce a fair amount of pixels. To determine

textural features, sensible ROl size is taken.
4.3 Feature Extraction Module

It is a method used to convert the visually extractable and non-extractable features into
mathematical descriptors. These descriptors are shape-based which are known as
morphological features and the intensity distribution based which are known as textural

features. The intensity distribution methods consist of:

(a) Statistical Methods

(b) Signal Processing Based Methods
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(c) Transform domain methods.
4.3.1 Morphological Features

Morphological methods include the shape based properties which includes Area,
Perimeter, Convexity, Eccentricity, Extent, Euler No., Hole Area Ratio (HAR) and
Solidity [17].

4.3.2 Textural Features
Textural Features are classified into three parts namely- Statistical Features, Signal

Processing based methods and Transform Domain :

4.3.2.1 Statistical Features: Depending upon the gray level intensities of the
pixels of a particular image, this technique is used for fetching the textural

features from an image.

a) First Order Statistics: The first order statistics are derived from the gray

level intensity histograms of the image for each ROI.

b) Second Order Statistics-GLCM Features: Second order statistics includes
the computations with the GLCM which explains the frequent combinations

of pixels pairs in an image.

¢) Higher Order Statistics-GLRLM Features: GLRLM evaluates the higher
order statistics. Texture features are evaluated using the different

combinations of intensities at relative position of each other.
d) Other Statistical Features

e Edge Features (Absolute Gradient): The spatial differences in a
particular image are evaluated by determining the value of absolute
gradient. If sudden differences are present in the image, then gradient

will be high else it will be low.
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e Neighborhood Gray Tone Difference Matrix Features:
Neighborhood Gray Tone Difference Matrix computes busyness,
coarseness, complexity, contrast, and strength and considers a difference
between the gray level between pixels.

e Statistical Feature Matrix (SFM): SFM computes coarseness,
contrast, periodicity and roughness of pixels at different distances within

an image.

e) Gray Level Difference Statistics (GLDS): GLDS computes contrast,
energy, entropy, homogeneity, and mean on the basis of the co-occurrence of
a pixel pair that have difference in gray levels separated by a particular

distance.

4.3.2.2 Signal Processing based Methods

Laws’ Mask Texture Analysis: In this technique small convolution masks
acting as filters are convolved with ROIs so that the texture features are

improved.

4.3.3 Transform Domain based Methods

Feature extraction can also be done in the transform domain over various scales by using
different multi resolution schemes like wavelet packet transform (WPT) and Gabor
Wavelet transform (GWT).

4.3.3.1 Fourier Transform:
The representation of signal in frequency domain is called Fourier Transform. The
term Fourier transform involves mathematical operations that relates the frequency

domain representation of the signal to a function of time. The Fourier transform is
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not confined to functions of time, but to have a unified language, the domain of the

original function of signal is commonly termed as time domain.
It comprises of two types:
a) Continuous Fourier Transform

It breaks signals into the series of complex exponentials exp( —j 2 w f t) . At

angular frequency o =2 nfandtimet, FT is given by:

X(jw) = [ x()eietdt (5)
where X(w) is the Fourier transform of x(t) Condition of convergence of x(t) is as
follows:

Jlx@®12dt < oo (6)

b) Discrete Fourier Transform

Using discrete Fourier transform (DFT), an equivalent-length sequence of equally-
spaced samples of the discrete-time Fourier transform (DTFT) is converted from a
finite sequence of equally-spaced samples of a function. The obtained sequence is

a complex-valued function of frequency and is given by:

X = YN-lx, e 2mkn/N -} ez (7)

c) Short Term Fourier Transform

The short-time Fourier transform (STFT), is related to Fourier Transform used to
find the phase content and sinusoidal frequency of local parts of a signal which
varies with time. Practically, methods for determining STFTs include dividing a
longer time signal into shorter fragments of equal length and computing the FT
separately on each shorter fragment. This is how the Fourier spectrum on each
shorter fragment is revealed. This enables one to plot the changing spectra of the

signal as a function of time.

Continuous STFT is given by:
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STFT{x()}(r,0) = X(1,w) = [ x(D)w(t — T)e"“!dt (8)

Discrete STFT is given by:

STFT{x[n]}(m, ) = X(m, w) = ¥3-_, x[n]w[n — mle /®n 9)

The time and frequency content of a signal x[n] at specific point in TF plane cannot be
determined. It cannot be known that at any given time instant, what spectral
components are present. We can only investigate the spectral components which are
present at any given time interval. This gives rise to an issue of resolution, and becomes
the main reason why WT is preferred over STFT by researchers. STFT provides a fixed
resolution , while WT provides a variable resolution at all times.

f f
A A

~
rd

STET (short-time-Fourier-transformation) WT (wavelet-transformation)

Figure 4.1: Time frequency representation of STFT and WT

e Functions that have discontinuities and sharp peaks are well represented by WT as
compared to FT. It also precisely deconstructs and reconstructs finite, non-

stationary and/or non- periodic signals.
e Various drifts, trends, and sudden changes are not detected by FT.

e The information about at what time, the spectral components appear is not given by
FT.
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4.3.3.2 Laplace Transform

For a function f(t) where t > O,the Laplace Transform is given as below defined over

the interval 0 to oo:

L{f(O} = [, e™Stf(t)dt
(10)

The obtained expression is expressed as F(s) which is a function ofs. To study
continuous signal and to realize analog circuit equivalents, Laplace Transforms are

particularly used.

4.3.3.3 Z Transform
For a signal of finite length, the z-transform is expressed by the expression:
X(2) = Xh_ox[k]z™* (12)

where interval that supports sequence is 0 to N, and z is any arbitrary complex number
Discrete time signals and LTI systems are analyzed using Z-Transform. It also realizes

discrete circuit equivalents.

4.3.3.4 Wavelet Transformation :

Mathematically, = awavelet seriesrepresents areal- or complex-valued square
integrable function according to a particular orthonormal series generated  using
a wavelet. As of now, of all the transformations present, WT is the most popular time-

frequency-transformations.

In wavelet transformation, changes are allowed only in time domain, but not in shape.
An appropriate mother wavelet functions is chosen for this transformation. Variation in
the time domain is anticipated to match to the analogous frequency of the mother wavelet

function. According to the uncertainty principle of signal processing,

AtAw = (12)

N |-
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where time is represented by t and angular frequency is represented by w (v = 2xf,

where f is frequency).
When value of At is large,

1. Time resolution is bad.
2. Frequency resolution is good
3. Frequency is low, scaling factor is large

When value of At is small,

1. Time resolution is good
2. Frequency resolution is bad.
3. Frequency is high, scaling factor is small.

For the required resolution in time to be higher, the resolution in frequency has to be
lower. The value of At depends upon the length of extension of the analysis

window.

a) Two Dimensional Gabor Wavelet Transform

The application of 2D-GWT results in a set of frequency and orientation selective
filters that capture energy at a specific frequency and orientation. The 2D-GWT,
considering three scales (0,1 and 2) and seven angles (22.5°, 45°, 67.5°, 90°,
112.5°, 135° and 157.5°) result in a group of 21 wavelets (7 x 3).

b) 2-D Discrete Wavelet Transform

A two-dimensional DWT when applied to images can be seen as two one-
dimensional transform functions applied to rows and columns of the image
separately [49]. When this operation is applied to an ROI image, a decomposition is

done up to second level.

e Haar Wavelet Transform

The Haar wavelet is a series of "square-shaped” functions which are rescaled and

collectively form a basis or family of wavelet. The representation of a target
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function in terms of an orthonormal basis over an interval is allowed by wavelet
transform which is familiar with Fourier Transform. It is primarily used as a

teaching example and also identified as the first known wavelet basis.
It is the simplest wavelet known.

The mother wavelet function of a Haar’s wavelet can be expressed as:

1 OSt<%
() =4 _1 lot< (13)
2
0 otherwise

Its scaling function can be expressed as given below:

1 0<t<1,
0 otherwise

B(t) = { (14)

The Haar wavelet has many noticeable properties as given below:

1. Approximation of a function which is real and continuous with compact
support can be done uniformly Dby linear combinations of
@(t), 0(2t), D(4t), ... ... ,0(2™t) ... and their shifted functions.

2. Approximation of a function which is real and continuous over the interval
[0, 1] can be done uniformly over the interval [0,1] by linear
combinations of constant functions @(t), (2t), @(4t), ... ... ,0(2™t) ...and
their shifted functions.

Image Compression Example Using Haar Wavelet Lossless image compression
is performed effectively by Haar wavelet compression. It depends upon differencing
and averaging values of an image matrix to produce a sparse matrix which is a
matrix whose most of the entries are 0. A sparse matrix can be stored efficiently
giving rise to file sizes which are smaller. We are using a gray scale image as given
in figure 5.2 which can be represented by a p x q matrix whose values lie between 0
to 255 which are unsigned 8-bit integer values. This image is subdivided into blocks
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of 8 x 8, padding as necessary and these are the blocks on which we work. Given

below is a 512 x 512 pixel grayscale image:

The 8 x 8 upper left section of our image is shown below:

88 88 89 90 92 94 96 97
90 90 91 92 93 95 97 097
92 92 93 94 95 96 97 097
93 93 94 95 96 96 96 96
92 93 95 96 96 96 96 95
92 94 96 98 99 99 98 97
94 96 99 101 103 103 102 101
95 97 101 104 106 106 105 105

Now we will take the first row:

=(88 88 89 90 92 94 96 97)

The transformation process comprises of three steps of which the first step is grouping
of all of the columns in pairs:

[88 88][89 90}[92 94][96 97]
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The first 4 columns of r1 are replaced with half of the sum of above pairs and the
remaining 4 columns are replaced with 1/ 2 of the difference of these pairs. This new

row is given by rih;:

rh=(88 895 93 965 0 -05 -1 -05)

The first 4 entries i.e. 88, 89.5, 93, 96.5 are known as the approximation coefficients
and the last 4 i.e. 0, -0.5, -1, 0.5 are known as detail coefficients. Now the pairing of the

first 4 columns of ry hy is done:

[88 89.5][93 96.5]

And replacement of the first 2 columns of r1 hy is done with the % of the sum of the
values of pairs and the next 2 columns of ry hy with % of the difference of these pairs.

The last 4 rows of ryh; are left unaltered. This second new row is denoted by ri hy hy:

rLh,h =(8875 9475 -075 -175 0 -05 -1 -0.5)

Ultimately, the pairing of the first 2 entries of ry hy hz is done:

[88.75 94.75]

And the replacement of the first column of rlh1h2 is done with the % of the sum of
these pairs and the second column of r1 h1 h, with % of the difference of these pairs.

The last 6 rows of r1 h1 hy are left unaltered which is denoted as r1 h1 hy hs:
r,h,h, h,=(91.75 -3 -0.75 -1.75 0 -05 -1 —05)

This process is then repeated for all the rows of A. Following this, the same process is
repeated for the columns of A in the same way as is done for the rows. The resultant

matrix is given below:
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96 -2.0312 -15312 -0.2188 -0.4375 -0.75 -0.3125 0.125
-24375 -0.0312 0.7812 -0.7812 0.4375 025 -0.3125 -0.25
-1.125 -0.625 0 -0.625 0 0 -0.375 -0.125
-2.6875 0.75 0.5625 -0.0625 0.125 0.25 0 0.125
-0.6875 -0.3125 0 -0.125 0 0 0 -0.25
-0.1875 -0.3125 0 -0.375 0 0 -0.25 0
-0.875 0.375 0.25 -0.25 0.25 0.25 0 0

-1.25 0.375 0.375 0.125 0 0.25 0 0.25

We observe that the resultant matrix obtained is a sparse matrix having several 0 entries
and many entries close to 0 because the consecutive pixels in an image don’t differ much

which is a result of the differencing and averaging.

4.4 Data Partitioning

Partition of different ECG images is done by using Hold out Approach according to which
splitting of the original dataset into two-parts (training and testing) is done and the testing
score is used as a generalization measure.

Out of 80 ECG images, 40 are for training and 40 are for testing.

4.5 Classification Module

The process of making groups of the testing samples into it’s corresponding classes is
called Classification. There are two types of classification : unsupervised classification and
the supervised classification. Different classifiers are used in this module which are:

e PNN

e k-NN

e SSVM

e SVM
In order to classify the testing instances which are unknown, different ultrasound classes

based on the training instances, the above mentioned classifiers are used.
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45.1 Kk-Nearest Neighbour (k-NN) Classifier

In order to estimate the class of an unknown instance from its neighbors, the k-NN
classifier is used. It works on the assumption that the feature vector which are close
to one other belongs to the same class. Hence it tries for the grouping of the feature

vector's instances into same classes which are nearby to each other.

4.5.2 Probabilistic Neural Network (PNN) Classifier

In order to estimate the class of unknown instances , PNN classifier is used which is
supervised Bayesian based feed-forward neural network. There are four layers in
PNN classifier which are pattern layer, input layer, output layer and summation

layer

4.5.3 Support Vector Machine (SVM) Classifier

The class of SVM comes under supervised learning machine and the basis of its
working 1is statistical theory. Using training data SVM’s creates a hyperplane

between the classes.

45.4 Smooth Support Vector Machine (SSVM) Classifier

SVM s related with the traditional quadratic program. In order to unconstraint
smoothing unconstrained optimization reformulation SSVM classifier is employed.
For the classification of pattern, SSVM work on the concept of smoothing the

unconstrained optimization reformulation of the problems related to SVM.

4.6 Confusin Matrix : A confusion matrix is a table which is used to describe the

behavior of a classifier or a classification model on a test data set whose true values are

known is called a confusion matrix.
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We have used Haar wavelet and SVM classifier and determine the confusion matrix

of Bipolar leads.

Table 1: Confusion Matrix for features 6 and 7

Predicted: Predicted:
n= 40 NO YES
Actual:
NO TN = 20 FP=10 20
Actual:
YES FN=2 TP = 18 20
22 18

e Two possible classes used to determine whether a disease is present or not

are: "yes" and "no". "Yes" would mean the presence of a disease, and "no"

would mean the absence of the disease.

e Inour case, a total of 40 predictions were made i.e. 40 patients were tested

to see if the disease is present.

e "Yes" was predicted 18 times, and "no" was predicted 22 times out of 40

cases by the classifier.

e As a result, 20 patients in the sample actually have the disease, and 20

patients do not.

As mentioned in the above table, the terms of the confusion matrix are defined

below:

e True positives (TP): According to the confusion matrix, in these cases we

predicted the presence of a disease (“predicted yes”) and patients actually do

have the disease.
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e True negatives (TN): According to the confusion matrix, in these cases we
predicted the absence of a disease (“predicted no”) and patients actually

don’t have the disease.

e False positives (FP): According to the confusion matrix, in these cases we
predicted the presence of a disease (“predicted yes”) and patients actually

dont have the disease also known as Type 1 error.

e False negatives (FN): According to the confusion matrix, in these cases we
predicted the absence of a disease (“predicted no”) and patients actually do
have the disease.

Some basic terminologies computed from Confusion Matrix:

e Accuracy: This measures the correctness of a classifier.
e (TP+TN)/total
e Misclassification Rate: This measures how imprecise a classifier is.
e (FP+FN)/total
e True Positive Rate: This measures how often it predict yes, when it's
actually yes.
e TP/actual yes
e also known as "Recall" or "Sensitivity"
e False Positive Rate: This measures how often it predict yes, when it's
actually no.
e FP/actual no
e Specificity: This measures how often it predict no, when it's actually no.
e TN/actual no
e Precision: It measures how often it is correct when it predicts yes.
e TP/predicted yes
e Prevalence: It measures the actual occurrence of yes condition sample?

e actual yes/total
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4.6.2 Observation Table

This table shows the confusion matrix for 7 features (mean, standard deviation(SD),
energy, mean + SD, SD + energy, energy + mean, mean + SD + energy) of Haar

Wavelet and shows the calculation of terms like accuracy, true positive value,

specificity, precision etc.

Mean, u = %Z{;lxi (15)
Standard deviation, o = \/ﬁ v (xp — p)? (16)
Energy,E = fjooo |x(t)]2dt (17)

where x; is the observed value, n is the sample size

Table 2: Observation table for Haar wavelet features for Bipolar Leads

For feature 1, 3,4, 5 For feature 2 For feature 6, 7
Confusion
Matrix
TN=18 FP=2 TN=18 FP=2 TN=20 FP=10
FN=10 | TP= 10 IN=5 | TP=15 FN=2 TP =18
Accuracy (%) 70 82.5 95
Misclassification 0.3 0.175 0.05
rate
True positive 0.5 0.75 0.9
rate
False positive 0.1 0.1 0
rate
Specificity(%o) 90 90 100
Precision (%) 80 88 100
Prevalence 0.5 0.5 0.5

where, Features 1, 3, 4, 5 shows the Mean , Energy, Mean + SD, SD + Energy
respectively.
Feature 2 shows SD

Feature 6, 7 shows Energy +Mean , Mean + SD + Energy respectively.

50




Out of all the features, features 6 and 7 shows the maximum accuracy of 95%,
precision as well as specificity of 100% , maximum true positive rate of 0.9 and
minimum false positive rate as 0. Misclassification rate is maximum for features 1,

3,4,51.e.0.3, whereas, all the features have the same prevalence of 0.5.
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CHAPTER-5
CONCLUSION AND FUTURE WORK

In our project, the performance and capability of ECG circuit is improved by using notch
filter at the front end of IA. It is done to remove the power line interference which is of
magnitude 60Hz together with RF interference and muscle noise to carryout precise
diagnosis and to obtain noise redundant waveforms. Since the notch filter can act as both
high pass filter and low pass filter, so it is used to optimize the hardware circuitry of ECG.
So no separate filters are required. DC offset is removed with the help of DC offset removal
circuit. To detect any faulty operations between electrodes and human body contacts, a
Peak Detection Circuit is used. A bio-potential amplifier in used in such a way that it
reduces common voltage, noise, DC offset value and RF interference from the existing
ECG circuit. RLD circuit is used to increase CMRR. Moreover we have introduced serial
communication usage between Xilinx and MATLAB which is used to burn XILINX
Spartan-6 XC6SLX45 FPGA.

We have used Haar wavelet and SVM classifier to obtain the confusion matrix for bipolar

leads. Then, we have computed various terminologies like overall accuracy,

misclassification rate, precision, prevalence etc. for different Haar features.

52



REFERENCES:

[1] CarrJJ, Brown J M,”Introduction to Biomedical Equipment Technology”

[2] Arslan H,”Cognitive Radio, Software Defined Radio, And Adaptive Wireless
Systems”

[3] http://www.rfwireless-world.com/Articles/FPGA-architecture.html

[4] http://ecg.utah.edu/lesson/1

[5] http://www.ponderingem.com/wp-content/uploads/2015/05/precordial-lead-
placement.jpg

[6] Thakor N V, “Electrocardiographic monitors,” in Encyclopedia of Medical Devices
and Instrumentation, Webster J. G., Ed., New York: Wiley, pp 1002-1017, 1988

[7] GuptaR, Singh S, Garg K, Jain S, “Indigenous Design of Electronic Circuit for

Electrocardiograph”, International Journal of Innovative Research in Science,
Engineering and Technology, vol 3(5), pp 12138-12145, May 2014
[8] Franco S, “Design with Operational Amplifiers”, New York: McGraw-Hill, 1988
[9] https://www.allaboutcircuits.com/textbook/digital/chpt-13/digital-analog-

conversion/

[10] Dhiman A, Singh A, Dubey S, Jain S, “Design of Lead Il ECG Waveform and
Classification Performance for Morphological features using Different Classifiers
on Lead Il ”, Research Journal of Pharmaceutical, Biological and Chemical
Sciences (RJPBCS),vol 7(4), pp 1226- 1231, July-Aug 2016

[11] Pradhan U U, Kumar N, “Design of a Three Lead ECG Amplifier
System”, International Journal of Advanced Research in Computer Science and
Software Engineering(IJARCSSE), vol 7(4), pp 77- 80, December 2015

[12] Mesharam V P, Thakre R D, Patil I A, Chintawar | S, Nagrale P N, “DSP Based
ECG Abnormality Classification using Artificial Neural Network ”, International
Journal of Advanced Research in Computer Science and Software Engineering
(IJARCSSE), pp 582- 586, April 2014

53


http://www.rfwireless-world.com/Articles/FPGA-architecture.html
http://ecg.utah.edu/lesson/1
http://www.ponderingem.com/wp-content/uploads/2015/05/precordial-lead-placement.jpg
http://www.ponderingem.com/wp-content/uploads/2015/05/precordial-lead-placement.jpg
https://www.allaboutcircuits.com/textbook/digital/chpt-13/digital-analog-conversion/
https://www.allaboutcircuits.com/textbook/digital/chpt-13/digital-analog-conversion/

[13] Mittal V, Sharma S, “Denoising and Detection of ECG Points using Wavelets &
PCA”, International Journal of Emerging Research in Management &Technology,
Vol 2, August 2013

[14] Muthuchudhar A, Baboo S, “A Study of the Processes Involved in ECG Signal
Analysis”, Research International Journal of Scientific and Research Publications,
Vol 3, March 2013

[15] Zhang Y, Sun G, Yang Y, “12-Lead ECG Data Acquisition System Based on
ADS1298", 2012 International Workshop on Information and Electronics
Engineering (IWIEE) 7(4), 2103- 2108

[16] Shen T, Tonkins W J, Hu W, “Implementation of a one-lead ECG human
identification system on a normal population”, Journal of Engineering and

Computer Innovations Vol. 2(1), pp 12-21, January 2011

[17] Wavt Y, Agraficti F, Kanstantinos D H, Platiniotis N, “Analysis of Human
Electrocardiogram for Biometric Recognition”, Hindawi Publishing Corporation
EURASIP Journal on Advances in Signal Processing, Vol 2008, pp 11,2007

[18] Webster J, Eren H. ,”"Measurement, Instrumentation and Sensors Handbook”
[19] Kalbouneh A | M.”’ECG Circuit Analysis and Design®, Jan 11, 2012

[20] Pokharkar S, Kulkarni A,”FPGA Based Design and Implementation of ECG
Feature Extraction”, International Journal of Advance Foundation and Research in

Science & Engineering (IJAFRSE), Vol 1, Issue 12, May 2015

[21] Baghini M S, Lal R and Sharma D, “An ultra low-power CMOS instrumentation
amplifier for biomedical applications”, in Proceeding of IEEE BioCAS’04, 2004.

[22] Chien C N, Jaw F S, “Miniature Ultra-Low-Power Bio-potential Amplifier for
Potable Applications”, Biomedical Engineering Applications - Basis &
communications, Vol 17 , No 2, pp108-110, April 2005

[23] Baghini, Rakesh L, Sharma D K, “A Low-Power and Compact Analog CMOS
Processing Chip for Portable ECG Recorders”, Proceedings of the Asian Solid-State
Circuits Conference, Hsinchu, Taiwan, pp 473-476 , 1-3 November 2005

54



[24] Rowlands D, James D D, Vanegas C, “Design and fabrication of an ECG
amplifier on silicon using standard CMOS process”, IEEE, Vol 2, pp 1348-1352,
2003

[25] Patil G M, “Embedded Microcontroller based Digital Tele-monitoring system for
ECG”, J. instrum. Soc. India, 37(2), 134-149

[26] Patil R & Ghodekar J G,"Artifical neural network based system using transform
domain methods for ECG abnormality detection™, IETE Technical Review, Vol 21,
No 6, pp 409-416 , November-December 2004

[27] Saxena S C, Kumar V & Giri V K,ECG ,"Data Compression using EBP-NN",
IETE Technical Review, Vol 20, No6 , pp 583-604, November-December 2003

[28] Sing D, Vinod K, Saxena S C & Deepak K K, "Effects of RR segment duration
on HRV Spectrum estimation™, Physiological Measurement, Vol 25, pp 721-735,
June 2004

[29] Sing D & Kumar V, "The time Evolution of frequency compoents of Heart Rate
Variablity Using Wavelets", IETE Journal of Reasearch, Vol 52,No 6 , pp 481-488,
November-December 2006

[30] Proakis &Manolakis,Digital Signals Processing: Principle,Algorithms,and
Applications.3rd. edition,PHI2002

55



List of Publications:

1.

Bansal N, Thakur K, Verma P, Jain S “Hardware Optimization and Implementation of
ECG circuit on FPGA”, Proceedings of the 11th INDIACom: 4th 2017 International
Conference on Computing for Sustainable Global Development, BVICAM, New Delhi,

pp 6251-6254, March 1%t - 3¢ 2017

Proceedmgs of the 11 INDIA Conx INDIA Com-2017. IEEE Confeence ID: 40353
2017 4* Intemational Conference on “Computmg for Sustamable Global Development”, 01 - 03 March, 2017
Boanati Vadyapeeth's Institute of Computer Applixations and Managenent (BVICAM), New Defhi (INDIA)

Hardware Optimization and Implementation of
ECG circuit on FPGA

Nikita Bamsal

Jaypee Unw. of Infornmton Technology,
Sokn, Himachal Pradesh, INDIA

Emmil ldnikeabansall 206 @gmmulcom

Priva Verma
Jaypee Unrv, of Infornmtyon Technology,

Soln, Himachal Pradesh, INDIA
Email I: verma dprya@gnmil com

Abstract ~The main Am of our paper is o optimize e
hardware of ECG circuit by reducing the number of components
in the dredtry of ECG to make the system less expemsive, The
components we have used in our optimized proposed ECG circuit
are Instrumentation  Amplifier, RLD circuit to reduce the
common mode interference, reduced DC offset remover drcuit,
Notch filter to reduce RF inwrference, power lime inwerference and
muscle noise. This paper presents how we can burn FPGA wsing
MATLAB and Serial Port Communication.
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electrodes tha are attached on e surface of our skm. these
potentials can be recognzed and recorded. The final output 5
dsphyed on the osclloscope screen. 12-kad ECG grves
nformation regardmg elkectncal moton of heant m 3 dwrectaons
which are onthozonal to each other that 15 postenor-antenor,
nght-left and supenor-mfenor, There are 3 bipolar hmb leads
which are on the frontal plane e, lead 1 whach are from nght
arm (<) 1o left arm (+). kead 2 whxch are from raght arm () to
left leg (+) lead 3 whxh are from left arm () to left Jeg
(7) Ao, we have augmented wpolar b leads re. kad avR
which are fom razht arm (+) 10 Jeft arm & left leg (). . Jead
avL whxh are fomleft arm (+) to nght am & left leg(-).and
W
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