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Abstract 
Wireless patient monitoring systems have been used to track the physiological health 

conditions of sportspersons, athletes, and patients after/before hospitalisation without 

interrupting their routine activities.  Electrocardiogram (ECG) and Blood Pressure (BP) are 

two vital signs from which heart related problems can be diagnosed. Blood Pressure 

measurement using cuff based technique provides the measurement of blood pressure 

intermittently. This research work addresses an important problem of quantification of 

blood pressure using cuff-less measurement.  

An ECG and PPG based distributed model approach has been proposed to estimate the 

blood pressure using back propagation neural network and support vector regression.  The 

thesis work also proposes algorithms on wavelet based R peak detection of ECG and 

feature extraction from PPG. Algorithm for accurate R Peak detection from ECG has been 

validated systematically with Matlab simulated ECG, standard MIT-BIH database, and 

wirelessly captured ECG using prototype device. Subsequently a multi-channel wireless 

monitoring system has been built to acquire ECG and PPG simultaneously form the 

subjects using different sampling rate as small as 100 Hz in order to minimize the power 

consumption and improve longevity. The metrics of performance are quantified and 

benchmarked against standards. 

The proposed distributed model architecture using machine learning method overcomes the 

problems of current methods used in blood pressure estimation and improves the 

performance compared to state of art work. The performance of proposed algorithm is 

validated on standard patient’s database as well as wirelessly captured signals using 

hardware prototype. The results have been quantified and benchmarked with standards to 

demonstrate the efficiency of the algorithms.  The Research work in PhD thesis is useful in 

wireless monitoring of patients to track the heart rate and blood pressure determination 

without interrupting their routine activities.  
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CHAPTER 1  

Introduction 

1.1  Introduction 

Patient monitoring system is an interdisciplinary research area widely studied by chemical 

engineers for sensors; electrical and electronics engineering for system integration, sensors 

and communication; computer scientists for development of representations, sensing and 

planning algorithms, and neuroscientists to understand how biological organisms solve 

similar problems. 

Wireless patient monitoring systems have been used to track the physiological conditions 

of health for sportspersons, athletes, and patients after/before hospitalisation without 

interrupting their routine activities. Today humans want to make their life easier and longer 

and are becoming surrounded by different health related assistive technologies. Demand 

for assistive technology is becoming more important in everyone's life.  

People with chronic heart diseases need early attention and prevention to manage worst 

situation. Electrocardiogram (ECG) and blood pressure (BP) are two vital signs from 

which heart related problems can be diagnosed. For diagnosis of cardiac disorder, ECG 

being non-invasive technique is extensively used by medical fraternity. In ECG, QRS is a 

prominent feature that corresponds to ventricular excitation of heart cycle. Detection 

accuracy of R peak in QRS wave is important for diagnosis of various cardiac disorders 

including heart rate variability. Blood pressure, another vital sign is a pressure exerted by 

blood on walls of blood vessels. To prevent the risk of cardiovascular diseases, blood 

pressure is needed to be monitored continuously. For patients with hypertension, blood 

pressure needs to be monitored to adjust the dosage of drug.  Blood pressure measurement 

using cuff-based technique provides the measurement of blood pressure intermittently. 

Wireless patient monitoring is a research area that deals with remote monitoring of health 

of patients or other subjects under investigation. In order to satisfy human quest to 

construct intelligent diagnostic machines to match or even surpass human’s own 
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capabilities, capturing wireless data and accuracy of disease prediction are very 

challenging tasks.  

Our focus in this research is to address the challenging issues for wireless data acquisition 

of ECG and PPG signals and estimation of other biological parameters from above vital 

signs. 

1.2 Motivation 

Research in the domain of patient monitoring system is motivated by the present gap 

between the existing technology and what new applications demand. Current diagnostic 

systems have low autonomy as final diagnostic decisions are taken by expert doctors who 

are limited in numbers and not easily accessible or available to the bottom most fraternity 

living in villages. At the same time, there is a clear market for computer assisted patient 

monitoring system. Health care has been a very highly profitable commercial business. The 

patients are charged very heavily for medical treatment. Frequent visit to doctors has been 

very burdensome and costly affair for retired, old aged people.  

For patient monitoring system, accurate diagnosis in wireless environments is a complex 

and challenging task.  In spite of remarkable advances in the field of medicinal assistive 

technologies in last few years, a number of problems still exist. Most of the difficulties 

originate in the nature of real-world e.g. physiological conditions of patients vary due to 

subjects’ movements and uncertainties as well as inaccuracy that are inherent to data 

acquisition. When monitoring system is executing its operations for different subjects than 

trained or previously diagnosed, prior acquired knowledge about the features is important. 

In general, it is incomplete, uncertain as well as approximate and hence unreliable, e.g., 

due to faulty sensors, non-calibrated equipments etc. Errors in the measurement process 

may lead to incorrect beliefs. Finally, the effects of diagnostic results are not completely 

reliable, e.g., improperly trained machine learning algorithms may give inaccurate test 

results. 

General theory for wireless patient monitoring  can be viewed as follows : the system  must 

be able to (i) Sense the patients' physiological conditions, (ii) Process and extract 

meaningful information and then (iii) Act (predict/ diagnose) correctly.  

Wireless patient monitoring system after acquiring signals, should be supported with 

different diagnostic algorithms.  Accurate R peak detection from ECG helps in arrhythmia 

detection. The shape of QRS and noise in ECG has kept the problem of extracting exact 
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morphology of QRS challenging in spite of various algorithms available for R peak 

detection. In case of wireless transmission ECG signal acquired at low sampling frequency 

is advantageous to have lower power consumption in vital sign monitoring system. But 

reconstruction and feature extraction from ECG signal is a challenging issue.  

Traditional methods used for blood Pressure measurement give intermittent reading of BP. 

However, for accurate diagnosis and control of hypertension, continuous monitoring of 

blood pressures is an area of research. Inflated cuff-based method is very inconvenient and 

disruptive technique for blood pressure measurement of patients in sleep conditions during 

hospitalisation. Cuff less techniques for blood pressure are more convenient for patients   

whenever, continuous monitoring is desired. Continuous BP monitoring using ECG and 

PPG signals is a work for research in order to help doctors to diagnose and control 

patients’ hypertension in an effective way. Researcher are motivated to work in the field of 

cuff less blood pressure monitoring systems and to find out reliable, more accurate and 

widely acceptable solutions for continuous patient monitoring. However, literature survey 

reveals that currently used such techniques do not give good accuracy for blood pressure 

estimation, especially in systolic pressure reading. This has motivated us to investigate the 

possibility of improving accuracy of continuous blood pressure estimated using 

physiological signals ECG and PPG acquired with the help of non invasive sensors and 

wireless monitoring system. 

1.3 Problem definition 

Investigate an algorithm for accurate R peak detection of ECG; derive important features 

from PPG with reference to accurate detection of R peak, and estimate cuff less continuous 

blood pressure that will help in the efficient diagnosis of cardiac related problems. 

Physiological signals ECG and PPG are to be acquired using multichannel wireless 

monitoring system. 

1.4 Objectives and scope of work 

In the field of patient monitoring systems, major objectives are to acquire vital signs from 

patients under observation, correct interpretation of acquired data, analysis and generating 

control actions etc. Advancement in signal processing techniques and machine learning 

algorithm helps diagnosing various diseases in the field of biomedical. Considering various 

requirements of patient monitoring systems and ability of machine learning algorithms to 
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execute better control actions once trained properly, we have indentified objectives as 

under: 

1. To acquire ECG and PPG signals using wireless monitoring device. 

2. To investigate algorithms that pre-process signals for efficient noise removal.  

3. To extract essential features from ECG and PPG signals those are useful for heart 

rate derivation and blood pressure estimation.  

4. To investigate an efficient machine learning algorithm that estimates systolic and 

diastolic blood pressure using features of PPG and ECG. 

A number of approaches for patient monitoring systems have been proposed in the last 

couple of decades.  Detailed survey of these approaches is depicted in the next chapter. 

After going through literature papers, scope of work can be identified as follows: 

1. All existing methods for cuff less techniques of BP measurement struggle to meet 

BHS standard grades especially in case of estimating systolic pressure. Careful 

investigation reveals that compared to different estimation problems, blood 

pressure estimation is a challenging problem for machine learning algorithms. 

These challenges are due to (a) variability found in input data and (b) non uniform 

training samples.  In case of (a), it is found that slight variations in input data 

results in changing blood pressure significantly while in case (b) when data is taken 

from unclassified subjects, available data is non-uniform for different blood 

pressure range. i.e. most of the training data for systolic pressure found near 110- 

125 mm of  Hg  and significantly less  data in range of 150 mm of Hg and above. 

This introduces unintended bias while training machine learning algorithms.   

2. In case of R peak detection algorithm, available methods use MIT-BIH  records in 

which ECGs are captured at 360 Hz  sampling frequencies and do not consider 

reducing power consumption by lowering the sampling rate at the time of  

acquisition of signals. 

3. Generally, all research algorithms are validated using signals available from 

physionet website but they do not consider wireless modes of capturing data. So, 

we have validated all proposed algorithms on wirelessly captured data using multi 

channel monitoring system along with standard database.  
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1.5 Contribution of the thesis 

1. Algorithm for R peak detection for wireless ECG has been proposed. The algorithm 

improves the state of art in ability to extract R peaks of ECG signals at different 

sampling frequencies and results in lowering power consumption of wireless 

monitoring system.  

2. The proposed algorithm exploits capacity of discrete wavelet transform and 

utilising entropy of wavelet coefficients as a measure for selection of coefficients, 

helps improving results for different sampling frequencies. 

3. In this thesis, proposed algorithm for R peak detection is also tested on (i) 

Simulated ECG model with variable heart rate (ii) Wireless ECG acquired using 

wireless monitoring device in addition to standard (iii) MIT-BIH database generally 

used in the literature. 

4. The thesis has investigated multi-patient monitoring using Bluetooth piconet, by 

simultaneously capturing ECGs. Performance of algorithm is evaluated for ECG 

acquired from two subjects doing activities like cycling, jogging and staircase 

climbing which add high motion artifacts while capturing signals. The work 

demonstrates sequential removal of various noise and successful R peak detection 

from ECG.  

5. This thesis proposes an algorithm for time domain features extraction from 

photoplethysmograph (PPG) with the help of accurate R peak detection of ECG. 

Algorithm pre-processes signal and detects index points like dicrotic notch, peak 

and valley of PPG, using which various features of PPG are derived. 

6. In this thesis, a novel distributed modelling architecture for estimation of blood 

pressure using extracted features has been proposed to overcome the shortcomings 

of current approaches. Current approaches use single model to estimate blood 

pressure. Proposed distributed model approach improves the accuracy of blood 

pressure estimation compared to similar work and results in high acceptability 

according to BHS and AAMI standards. 

7. The proposed approach uses various machine learning techniques like support 

vector machine (SVM), support vector regression (SVR) and back propagation 

neural network (BPNN) and validated on Multi parameter Intelligent Monitoring in 

Intensive Care (MIMIC) database and wireless ECG-PPG signal acquired using 
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multi channel monitoring device. In comparison with similar work, proposed work 

shows significant improvement. 

1.6 Significance of work 

Wireless health monitoring systems have applications everywhere for health concerned 

people. The people in rural area, children and aged people after surgery, pregnant woman, 

sport persons and athletes etc. can be benefited by this system. The same system can be 

useful at the time of natural or manmade disaster to decide who needs hospitalisation on 

priority basis. 

1.7 Organisation of thesis 

The rest of thesis is organised as follows: 

Chapter 2 discusses brief review of basic theory and literature survey for R peak detection 

of ECG as well as for continuous blood pressure estimation techniques.  Later part of 

chapter 2 covers hardware architecture of wearable multi-channel data acquisition system 

(DAQ) for the proposed work of vital sign monitoring. It deals with the hardware design of 

front end for ECG; Bluetooth-based wireless transmitter and receiver system. It also 

describes the non invasive sensor used for PPG and analog front end used with it. 

Chapter 3 introduces the proposed algorithm for detection of R peaks for wireless ECG, its 

step wise implementation and testing results of algorithm on simulated ECG, MIT-BIH 

databases and wireless ECG. 

Chapter 4 describes various features of photoplethysmogram (PPG) and a proposed 

algorithm for extraction of described features. 

Chapter 5 addresses proposed methods for continuous blood pressure estimation using 

traditional architectures like multiple linear regressions (MLR), BPNN and SVR. 

Chapter 6 introduces the proposed distributed model architecture for blood pressure 

estimation that overcomes problems with current single model approaches used in 

literature. It also demonstrates comparison with similar work according to BHS and AAMI 

standards for MIMIC databases and wireless data.  

Chapter 7 concludes the thesis and suggests future scope of work. 
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CHAPTER 2  

Literature Survey and Hardware Description 

2.1 Introduction 

According to WHO report, in India total annual death toll is 5.8 million due to non-

communicable diseases (NCDs) and one  person out of four  is having a risk of dying from 

cardiovascular diseases, diabetes or cancer[1]. Out of total death reported in 2016, 85% 

were due to heart related diseases [2] and it is now the number one cause of mortality [3]. 

The patients with Cardiovascular Diseases (CVDs) need continuous monitoring of their 

heart status, failure to which can reach to non-curable stage [4]. Monitoring of vital signs 

has been considered an important strategy by hospital consultants to reduce hospitalisation 

cost [5].  

2.2 Introduction to wearable health monitoring system 

Wearable health monitoring system has been active, multidisciplinary  research area for 

last many years and is used to monitor vital signs including ECG and PPG [6]. Wearable 

device gives an advantage of knowing the health status of patient anywhere, anytime using 

non-invasive sensors for measuring vital signs. It improves quality of life, bringing benefits 

to patients by reducing hospitalisation cost; assist medical personnel, and society [7]. Vital 

signs indicate the clinical measurements from subject’s body which reflects the 

physiological condition of subject [8]. For wireless module of monitoring system; 

reduction in power consumption, latency and efficient connectivity are desired features for 

monitoring of vital parameters.  

General block diagram of wireless health monitoring systems can be considered as shown 

in Fig. 2.1. Analog signals are captured from subject’s body using non-invasive sensors. 

Utilising Analog to Digital Converter (ADC), they are converted to digital form and then 

further pre-processing tasks like compression, removal of motion artifacts are either 
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performed using microcontroller or using base station like laptop/ Personal Digital 

Assistant (PDA). Microcontroller is attached to wireless transceiver, which transmits signal 

to base station using wireless protocol. In general, patient monitoring involves periodic 

transmission of vital signs and sending alert messages in case of crossing the signs beyond 

threshold to consultant doctors [9]. 

 

FIGURE 2-1 Block diagram of health monitoring system 

2.2.1 Brief review of health monitoring systems 

CodeBlue project from Harvard [10] is one of the examples of wireless monitoring system 

project. As a collaborative project, main aim for CodeBlue is to design a system that 

transmits wireless data from two sources namely a pulse oximeter as well as a two lead 

ECG and helps to monitor individual patient. AMON [11] is a monitoring and alert system 

that can be worn on human wrist and helps to track cardiac patients' health related data. 

AMON is unable to efficiently process captured ECG signals and fails to diagnose cardiac 

problems due to unreliable heart rate calculations. MEDiSN [12,13] is a wireless device 

monitoring physiological signs in hospital and during disaster events. It contains various 

physiological monitors-motes attached to body sensors, which sample vital signs according 

to configuration parameters, and sends the data to relay points which further divert data to 

gateways. MEDiSN uses dedicated wireless systems and main thrust has been data 

management through relay points to gateways and vice versa. MediSN has been 

experimented in hospital environment and proved accurate for multiple mobile motes. In a 

WBAN based system [14], real-time EEG signals are collected, stored in the online 

database and subsequently analysis is done by physicians or researchers. The acquisition 

module is capable to connect to eight different EEG signal nodes. Personal Health Monitor 

in[15] has used Bluetooth enabled smart phone to capture as well as monitor health data 



Literature Survey and Hardware Description 

9 
 

and is able to call emergency services at patient's location. KNOWME [16]  works on body 

area network connected with mobile phone to sense, process and analyze physiological 

parameters of a subject. Table 2.1 summarizes details as reported in [17] regarding health 

monitoring projects practiced at different institutes or organizations. 

TABLE 2.1 Brief reviews of few known health monitoring systems 

Project /Year 
Researcher(s) / 

Institute 
Wired/ Wireless Main Objective 

Tracked 
parameters 

CodeBlue / 2005    
[10] 

Harvard University 
 

Wireless, IEEE 
802.15.4 

Multi  patient 
monitoring 

 
ECG,  SpO2 , 

Heart rate, 
Electromayogram 

 

AMON/2004[11] Individual  Author 
Wired  and Cellular 

network (GSM) 

Unobtrusive 
monitoring of 
physiological 
parameters. 

 

One  lead  ECG , 
BP, SpO2 

 

MEDiSN 
/2010[13] 

National Science 
Foundation and 
Department of 

Homeland 
Security, USA 

IEEE 802.15.4 

Internet 

Medical emergency 
notifications 

ECG, HR, SpO2 

 

Chen et al. /2009 
[14] 

Korea Research 
Foundation Grant 

 
Zigbee Internet 

 

 
Monitoring of 
brain signals. 

 

 
EEG 

 

Personal Health 
Monitor /2007[15] 
 

University of 
Technology, 

Sydney 

Bluetooth ,Cellular 
network 

Personal health 
monitoring using 

mobile phone 

blood pressure,     
ECG, SpO2, 

Weight 

KNOWME 
/2012[16] 

University of 
Southern 

California, USA 

Bluetooth ,Cellular 
network 

 

Pediatric, obesity 
patients treatment 

 

 

ECG, SpO2 

 

2.2.2 Wireless transmission media 

Wireless technologies like Zigbee, Bluetooth, RFID, NFC, IEEE 802.11 etc. are mainly 

used in medical field based on application specific requirements [18]. Selection of  

wireless technology to be used depends mainly on parameters  like amount of  data to be 

transmitted, distance between transmitter and receiver, power limitations, number of 

simultaneously connected devices [19]. 

Currently Bluetooth and/or Wi-Fi are most commonly used media for wireless health 

monitoring [20]. Efficiency of transmission protocol is dependent on relative amount of 
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payload and overhead transmitted during transmission of one packet. Reliability is a 

measure to provide another checksum for quality of transmission. Throughput that is 

amount of useful payload transmitted to receiver side per unit time and Latency in critical 

applications like sports and fitness are also issues to be addressed. Peak power 

consumption is a critical issue to design long lasting sensors. However, requirement of 

high peak current may degrade battery life.  

Bluetooth works in ISM band (unlicensed 2.4-GHz). Bluetooth uses frequency-hopping 

spread-spectrum (FHSS) and has good features like speed, security and auto 

synchronization. Major drawback for Bluetooth is ability to work only within short ranges 

communication (around 10 meters). Bluetooth Low Energy (BLE) or Bluetooth v4.0 is  a  

standard for low-power personal area network (PAN) introduced by Bluetooth Special 

Interest group (SIG) with an aim to give  additional features like seamless connectivity and 

longer range (approximately 280 meter). Comparison of various wireless technologies is 

given below in a Table 2.2. 

TABLE  2.2 Comparison of various wireless techniques [18] 

Parameter 
\Technology 

Bluetooth Zigbee ANT Wi-Fi 
802.11b 

Bluetooth 
 Low 
Energy 

MAC 
standard 

IEEE 
802.15.1 

IEEE 
802.15.4 

Proprietary IEEE 802.11 BLE 4.0 

Frequency band 
(GHz) 

2.4 - 2.4835 2.4 2.4 GHz 
 

2.4 - 2.4835 
 

2.4 

Speed 
(Mbps) 

1.0 0.250 NA 10 1 

Throughput 
(Mbps) 

2 0.100 0.020 6 0.3 

Range 
(Meters) 

10-100 100 30 150 280 

Power 
Consumption   
(μW /bit) 

1 185.9 0.71 0.00525 0.153 

Latency 
(ms) 

1 20 0 1.5 2 

Peak Power 
consumption 
(mA) 

NA NA 17.5 116 12.5 

RF Modulation FHSS FHSS NA DSSS FHSS 

 

Some wireless transmission issues like latency and throughput are observed and described 

in [21] when data is received wirelessly. This problem becomes more significant if battery 

level of monitoring system is low. The length of data received at receiver side is not the 
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same as transmission. Sometimes it may shift the level of signal or make it difficult to 

reconstruct.  

2.2.3 Parameters for patient monitoring 

Most tele-monitoring devices include non-invasive blood pressure, pulse oximeter, 

temperature sensor and single lead ECG for heart rate measurement. Blood pressure and 

blood oxygen concentration indicate amount of oxygen distribution throughout body 

organs and very critical measurements for patients with respiration problems, hard workers 

and senior citizens. 

Blood pressure monitoring: 

Blood Pressure (BP), a vital sign, is a pressure applied by blood on walls of blood vessels 

and it varies between a maximum (systolic pressure) to minimum (diastolic pressure) 

values, during each heartbeat. According to WHO report [22], hypertension and cardiac 

diseases prevail in many people due to luxurious lifestyle. Heart contraction generates 

systolic blood pressure, whereas heart relaxation causes diastolic blood pressure [23]. BP 

monitoring can control hypertension and the risk of Cardio Vascular Diseases (CVDs) 

[24]. Minimum values of systolic pressure 140 mm of Hg and diastolic pressure value of 

90 mm of Hg are considered to be alarming and the patient having  BP more than these 

values is said to have hypertension[22].  In order to supply enough blood to different 

organs of human body, it is necessary to have a Mean Arterial Pressure (MAP) of at least 

60 mm Hg. The normal MAP range is between 70 to 100 mm of Hg. In catheterization, an 

invasive blood pressure measurement technique, a strain gauge is used to measure 

instantaneous blood pressure. The clinical standard technique to measure blood pressure is 

using sphygmomanometer [25], where listening to korrotkoff sound, systolic and diastolic 

pressures are noted at appearing and disappearing of sound. However, when data is 

recorded and indicated digitally, it is known as ausculatory method which works on the 

same principle. In this method, arteries are occluded using cuff pressure above arterial 

pressure and then pressure is released gradually. Another non-invasive method is 

oscillometric method, which measures systolic, diastolic and mean arterial pressure by 

pressure sensor located inside the cuff. This method is most widely used in at home BP 

monitoring devices. Mostly in oscillometric method, systolic and diastolic pressures are 

derived empirically from mean arterial pressure [26]. This method is cuff-based technique 

and non-continuous method and measures the pressure at discrete time interval of 20-25 
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minutes. However, these methods are very inconvenient and interrupt sleep of patients 

when long term monitoring is to be carried out. For continuous blood pressure 

measurement, tonometry method is used. Accuracy of pressure measured depends on 

applied force and placement of force sensor.  

Readymade commercial solution for blood pressure measurement is acquired in many vital 

signs monitoring equipments. Most commercial blood pressure monitors are battery 

operated with Bluetooth enabled device and oscillometric type. According to patients’ 

point of view, continuous non-invasive blood pressure measurement should be safe for 

long time monitoring, as they are more comfortable and non-occlusive methods and do not 

require continuous attention from experts [27]. Cuff less method relates pulse wave 

velocity (PWV) to arterial pressure and nowadays used in many monitoring systems. 

Linear or nonlinear models are derived to estimate blood pressure based on Pulse Transit 

Time (PTT) which is inverse of pulse wave velocity. Continuous blood pressure 

monitoring using ECG and PPG is a work for research [28,29,30,31,32,33]  for effective 

diagnose and monitoring hypertension. 

Pulse Transit Time (PTT) is a time index showing the time delay blood takes to reach 

along arterial site after ventricular contraction of heart[23,34]. Blood density, diameter of 

arterial wall, and elasticity of walls affect the pulse wave velocity PWV [32]. Moen and 

Korteweg [35] gave relation of PWV and PTT, as given by (2.1).  

D

tE

PTT

L
PWV




                                                                                                      (2.1) 

Where, L is length of vessel, t is thickness of wall of vessel, E is young modulus for 

elasticity of walls, D is diameter of vessel, and   is blood density. PTT is a good 

indicator for arterial wall elasticity. 

Temperature measurement:  

In [36], authors have used temperature sensor that gives an analog output proportional to 

temperature, which is to be converted to digital and read by PC or microcontroller. From 

the skin temperature measured at a wrist strap. It is roughly estimated that the body 

temperature is approximately 50 C higher than skin temperature [36]. For measurement of 

body core temperature, there must be a sensor that will be at the same temperature as the 

body core. The problem with temperature sensor is to define body core [37]. Many of the 

medical grade studies use thermistor as temperature sensor. Thermistor-based temperature 
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sensor is accurate, cheap, and very easy to use. In [38] thermistor is selected as temperature 

sensor. 

SPO2 measurement: 

The amount of oxygen inhaled and utilized by the human body per minute is called 

gaseous oxygen (O2).  Cardiovascular system transports oxygen from lungs to the cells and 

is utilized for production of ATP. Breath monitoring is the generalized technique for 

measurement of the body oxygen consumption which is important for diagnosis. Different 

gaseous oxygen sensors having optical measurement techniques have been applied to 

measure O2 in breath. Nowadays, pulse oximetry being a non-invasive, is widely used 

method for measurement of oxygen. In this method, a clamp is placed usually on a finger 

or ear, and then different wavelength red and infrared light absorbed by the blood is used 

to derive the rough oxygen concentration of the patient. For human beings, regular range of 

oxygen concentration is 95-100 % [39]. 

ECG monitoring: 

ECG is actually an electrical signal that is generated because of heart activity.  Despite 

other advancement technologies in the field of cardiology, ECG is the most useful non-

invasive and quick diagnostic tool. ECG signals comprises of waves like P, Q, R, S and T 

are generated sequentially during heart cycle [8]. Following paragraph describes fiducial 

points in an ECG waveform and sequence of events in heart and waves.  

P Wave: Slow moving depolarization of the atria is triggered by SA node firing. This 

results into generation of P wave. P wave is a slow waveform with low amplitude (0.1-0.2 

mV) having around 80 ms duration. 

PQ segment: The excitation wave generated gets delayed at the AV node which results 

into baseline or isoelectric interval known as PQ segment (duration ~ 80ms). 

QRS Wave: The purkinje specialized system of conduction fibres propagate the stimuli 

further to ventricles. This causes contraction or depolarization of ventricular muscles. It 

generates QRS wave having 1 mV amplitude and 100 ms duration. 

ST segment: ST segment is the flat isoelectric segment related to plateau in action 

potential of left ventricular muscles cells (100-120 ms). 

T wave: Relaxation of ventricles generates T wave having 0.1-0.3 mV amplitude and 120 

ms duration.  Cardiac rhythm is expressed in beats per minute which is a measure of 

frequency occurrence of a beat or R peak of QRS wave. The R-R interval is the time 
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between the R peaks of a two consecutive heartbeats. A cardiac rhythm expressed in 72 

bpm is more understood than a corresponding R-R interval as 0.833 sec.  

Arrhythmia is rhythmic activity disturbance in the heart.  It is caused due to abnormality in 

either firing patterns of SA node or other parts of the heart [8]. Arrhythmias can be 

separated into two groups (a) life threatening and requiring emergency therapy e.g. 

tachycardia (b) Not life-threatening but may require preventive measures [40].  

2.3 Detection of R Peaks from ECG signals  

For diagnosis of cardiac disorder ECG, being non-invasive technique, is extensively used 

by medical fraternity. ECG is an electrical signal captured using non invasive electrodes 

and it is a combination of impulse generated from contractile activity of heart as described 

before [8]. When ECG signal is captured using electrodes, it is being contaminated by 

many artifacts classified as (a) low frequency noise  e.g. baseline wander (BW)  (b) high 

frequency noise  e.g. power-line interference (PLI) and noise due to electronics 

components used with sensor assembly. These artifacts strongly affect the various features 

of ECG and degrade the signal quality [41].  

Artifacts present in ECG must be removed before extraction of various features.  Features 

of ECG help in identifying various heart related diseases.  Depending upon usability, 

feature extraction can be accomplished either directly from the source (time) domain or in 

the transform (space or frequency) domain [42]. The most common features found in 

literature are determination of R-R interval and QRS complex detection. QRS wave is 

prominent signal, corresponds to ventricular excitation of heart cycle. Detection accuracy 

of R peak in QRS wave is important for identification of various cardiac related disorders 

like variability in heart rate [43]. Arrhythmia due to irregular heartbeats can be diagnosed 

by accurate heart rate derived using R peak detection of ECG [42].   

Successful QRS detection is essential for ECG analysis and various algorithms for the 

same are proposed [43,44,45,46,47,48,49] but the shape of QRS and noise in ECG have 

kept it challenging to extract the exact morphology of QRS. In fact, QRS detection has 

been interesting and difficult because of problems, such as interference of various noises 

with ECG signal, and sometimes amplitude of T wave is found similar to QRS complex. 

Generally, two stages are used for R peak detection (1) pre-processing stage (including 

amplification and filtering) and (2) decision stage (or peak detection), as shown in Fig. 2.2. 
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FIGURE 2-2  Basic block diagram of ECG R peak detection 

2.3.1 Pre-processing techniques for ECG  

Pre-processing stage is used to retrieve valid ECG by removal of unwanted noise in order 

to have easy interpretation. The pre-processing steps comprise various signal processing 

methods to remove noise.  Almost all methods of pre-processing use high pass filtering 

technique to remove base line drift. Low pass filters help to attenuate high frequency noise. 

Hence, cascading (sequential implementation) of low and high pass filtering effectively 

implements band pass filtering.  

Some relevant contributions have proposed solutions for removing unwanted noise using 

linear filtering techniques [43,44,49,50,51,52,53,54]. Finite impulse response (FIR) 

filtering is commonly found method used to remove high frequency noise due to its ease of 

implementation in microcontrollers [55].   

Implementation of median filter and subtraction from the original signal to produce 

baseline corrected ECG signal is used in literature [40]. Power line hum and high 

frequency noise were removed using FIR filter with 35 Hz stop band frequency. The 

filtered signal was then used for automatic heartbeat detection in further stage [40,56].  

Adaptive filtering techniques are best suited to non-stationery nature of ECG. The adaptive 

filters continuously adapt to the changing characteristics of signals as well as interference. 

In [57], system impulse response was acquired using Least Mean Square (LMS)-based 

filter and then it was applied for arrhythmia detection in ambulatory ECG recordings. 

Efficient adaptive filter was suggested for artifact removal of ECG for wireless telemetry 

[41]. In [44], authors used simple digital band pass filter composed of cascaded high pass 

and low pass filters to enhance signal to noise ratio. A real-time cardiac arrhythmia 

classification system with wearable sensor networks utilizing second order IIR with a 

notch frequency at 50/60 Hz and S-Golay smoothing filter is applied [58]. In [59] filtering 

is demonstrated using moving average and S-Golay techniques on wireless ECG. A novel 

filtering algorithm known as Peak Rejection Adaptive Sampling Modified Moving 

Average (PRASMMA) has been proposed for wireless ECG signal [21], capable to remove 

motion artifact without attenuating the shape of QRS complex and  is able to remove errors 

occurring due to wireless transmission fidelity. 
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Comparisons of some of ECG filtering techniques have been shown in Table 2.3 with their 

advantages and disadvantages. 

TABLE  2.3 Comparison of ECG filtering techniques 

Pre processing 
Technique 

 Ref. 
work 

Advantages Disadvantages 

FIR filter 
(High pass filter) 

[55] Removes base line drift due to 
motion artifact below 0.5 Hz 

Higher order of filter, 
Large number of 
coefficient make them 
impractical for real time 
implementation 

Adaptive LMS/NLMS 
approach 

[57] Coefficient of filters are 
derived every time to 
minimize the ideal signal and 
current signal error every time 

High computation is 
needed 

Moving Average filter 
(Low pass filter) 

[59] Successful  in removal of  
small amount of high 
frequency noise  

Window size must be 
chosen properly. Too large 
size will increase latency. 

Fast Fourier 
Transform-Inverse 
Fast Fourier 
Transform(FFT-IFFT)  

[21] Removes baseline wander 
from ECG caused due to 
respiration or low frequency 
noise. Retains QRS shape. 

Computationally intensive. 
Three stages are needed: 
FFT + Windowing + IFFT 

IIR Filter  [58]  
[60] 

Order of filter is less IIR may cause unwanted 
distortions and  
Due to Complexity, 
implementation is 
challenging 

PRASMMA  [21] Modified version of moving 
average filtering. Preserve the 
features of QRS. Takes care 
of issue of wireless ECG.  

Assume R-R frame length 
and does signal processing.  

S-Golay smoothing 
filter 

[60] Preserved features of relative 
maxima, minima and width, 
otherwise flattened  

 Not effectively reducing 
low frequency noise 
component 

Wavelet Transform [61] Filtered the noise accurately Search of mother wavelet 
is an issue. 

 

2.3.2 QRS Peak detection algorithm 

Among many approaches found in literature for QRS detection, few are described as 

follows.  

Derivative-based approach: 

In a cardiac cycle, the largest slope is found in QRS complex due to depolarization of large 

sized ventricles. The steep shape of QRS is easily detected by taking derivative of ECG 

signal. This is most widely used initial step in many QRS detection algorithms. 
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Differentiator (derivative) is realized as high pass filter. However, as a side effect; the 

undesirable high frequency noise is also introduced in ECG due to derivative amplifies. 

Rarely, QRS complexes having low R wave slope and sometimes ectopic beats are missed 

with pure derivative algorithm. Difference equations based on differentiator filters are 

applied on signal [50,62], differentiation is performed and after comparison with given 

threshold, QRS complex is detected.  The value of threshold is derived as 30-40 % of 

maximum value of signal.  

Filtering approach:  

The frequency components of QRS complex continues up to 10-25 Hz. However, 

frequency components only up to 10 Hz are present for P and T waves. A very famous R 

peak detection algorithm is proposed by Authors in [44]  a long back. Band pass filters are 

applied on acquired ECG signal to remove low frequency pulses P and T wave and also 

high frequency noise. Subsequently, differentiation is applied on filtered ECG followed by 

squaring and thresolding on the resulted signals. The advantage of this algorithm is that it 

has simple filtering techniques and simple logical way to detect beats. It is also assumed 

that QRS complex is having frequency components within the pass bands of the band pass 

filters. The procedure results into pulse width equivalent to QRS width. This method being 

very sensitive to noise, smoothing filter is needed to use the signal further.  Moving 

average filter after first derivative and subsequently simple peak searching algorithm is 

implemented in [63].  

Algorithms based on digital filters [64,65,66,67] are reported in literature. The low 

frequency noise using series of high pass filters and high frequency noise is removed using 

low pass filters of specific cut off frequencies. The accuracy of R peak detection depends 

on selection of bandwidth of the filters. Difficulties in application of digital filtering-based 

methods arise due to QRS frequency band changes from person to person and also 

overlapping of some artifact signals with ECG. To solve the problem of fixed cut-off 

frequency, adaptation with signal shapes and noise levels in adaptive matched filters is 

proposed [68]. Artificial neural network (ANN)-based systems have shown better noise 

attenuation for adaptive matched filtering [69]. 

Template matching approaches: 

QRS template matching approaches have been proposed [69,70] that safeguard  QRS 

detection  against  noise like baseline drifts, power-line interference, and P and T waves  
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that exhibits similar morphologies to the QRS complex.  Cross correlation-based similarity 

matching detection between windowed ECG selected segment and template are been used. 

However, wide use of such method is restricted because of heavy computational load [71]. 

Neural network -based approaches: 

Artificial neural networks have been widely applied in nonlinear signal processing [72,73]. 

In the case of R peak detection, neural network can be utilized as nonlinear adaptive 

predictor. Based on past few samples from input ECG, present sample of ECG is predicted.  

For the signal component of ECG varying with low frequency, predictor is able to predict 

non-QRS segment of ECG signal. Large and sudden variation in prediction error that 

occurs due to arrival of QRS segment can be utilized as a feature signal for detection of 

QRS. 

Wavelet QRS detection: 

For Pre-processing ECG, wavelet transform have already been used 

[47,74,75,76,77,78,79,80]. It is also used for QRS detection widely as wavelet provides 

simultaneous localization of time as well as frequency and introduces flexibility plus 

adaptability to ECG feature analysis. Issues of selection of type of wavelet and localization 

accuracy for QRS complex detection are addressed in literature [46,79,80]. Computation of 

detailed wavelet coefficients for the accurate detection of R peak is used in [46].  The 

frequency-energy characteristics of wavelet have been utilized for analysis of R peak. The 

power spectra of QRS complex shows that QRS frequency is within 25 Hz for normal as 

well as abnormal waves.  

2.4 Techniques of blood pressure estimation  

In this section, we present literature review of various approaches for blood pressure 

estimation. They are primarily classified namely (i) traditional regression models and (ii) 

machine learning-based approaches. 

2.4.1 Traditional regression models  

Multi linear regression, decision tree regression, Adaptive Boosting (AdaBoost), Random 

Forest Regression (RFR) are commonly found approaches in literature and reviewed 

briefly in this subsection. 
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Multi Linear Regression (MLR): 

Linear regression models have been used to train the linearity between input-output 

relations. Due to their simplicity, ease to train and being less prone to over fitting 

problems; simple linear regression implementations are found more efficient for many 

problems. In case of continuous blood pressure monitoring, most regression -based 

approaches use measurement of PTT i.e. the time delay for the pressure wave to travel 

between two arterial sites. Literature study presented in this sub-section is based on work 

reported in [24]. 

Many physical models address non linear relationship between BP to PTT [81,82,83,84] as 

shown in (2.2) where, K1, K2 are unknown and subject-specific parameters. 

 K + (PTT)ln  K 21BP                                                                                                    (2.2) 

In addition, some physical models have been derived by (a) taking in to account a sigmoid 

compliance-BP relationship [81]  or by (b) elastic modulus relating to pulse pressure [81] 

or (c) measure of in arterial vessel radius [85]. One physical model is proposed in [85] to 

predict asymptotic behavior as given in (2.3). 

32
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                                                                                                   (2.3) 

In literature, experimental data showing relations between PTT–BP have been used in 

many papers [81,86,87,88,89,90,91] as regression model. Many of these models assume 

PTT vs. BP as a straight line having a slope and intercept. It has been revealed that BP is 

inversely related to PTT [92,93,94]  and estimated by relation as given in (2.4). 

2
1 K

PTT

K
BP 

                                                                                                               (2.4)  

However, final trained linear models, as discussed above, cannot be used in cases where, 

the feature vector and the target show nonlinear relationship. Hence, to improve overall 

accuracy, some researchers have used nonlinear functions including quadratic 

[87,94,95,96]. In general, more than two unknown parameters are used for estimation 

require more PTT–BP pairs. In order to improve training, some special cases should be 

included like subjects doing exercise (e.g., walking, jogging) or postural changes (i.e., 

sleeping, standing), sustained handgrip to consider case of increase in BP. In case of 

hospitalized subjects, training should include anesthesia induction [97], surgery and ICU 

therapies [86,91]. In order to include cases that contain major BP changes [83], mere 
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addition of a training cases may not be effective when generalization is applied during 

testing. In order to create effective prediction model, number of required training PTT–BP 

pairs should generally exceed by 3-4 times than the number of parameters. It is found that 

least squares regression models have been commonly used for parameter estimation 

[86,87,89,91,85,98,99]. In many cases, more sophisticated methods like maximum 

likelihood estimation (MLE) gives better results. 

Decision tree regression: 

Decision tree regression models are like a tree structure, in which selection of a branch 

depends upon a training conditions of given decision nodes [100]. An input signal passes 

through various nodes of a tree and finally prediction value is determined by a leaf node. 

Decision tree models are aimed for speedy solutions and are easy to understand as well as 

interpret. However, they are not able to generalize well in all cases, and hence their poor 

performance is observed in some problems [28]. 

Adaptive boosting (AdaBoost): 

In this technique, final prediction is computed by combining the outputs of many decision 

trees by taking their weighted sum. It has been proved in many applications that even 

though performance is insufficient for a simple decision tree model, weighted combination 

results into good performance. It is worth to note that AdaBoost models require less 

training samples and are less prone to over fitting.  In [28,101], authors used “AdaBoost 

R2” algorithm to train their regression models. In [102] AdaBoost was utilized as a binary 

classifier machine. However, in all these methods resultant accuracy for systolic pressure 

estimation was observed low. 

Random Forest Regression (RFR): 

In random forests regression [103] methods, final prediction is the combination of 

predictions from a number of decisions.  This method works on a principle of ensemble 

learning   where, in order to (a) avoid undue bias on specific patterns and (b) to achieve 

good variance (i.e. low), training data is divided into random subsets, and each participant 

tree is trained. For a given regression problem, average is taken from predictions by each 

regression tree and final prediction by model is computed. In principle it works better than 

simple linear regression. However, error introduced in computation at any of tree is 

propagated to the top and may hamper final, average result as reported in [28]. In [104] 
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authors used random forest model for BP measurement but MAE was large and the 

accuracy of systolic pressure estimation was low. 

2.4.2 Calibration as tool for improving regression analysis 

In order to improve accuracy of  regression-based methods, in addition to utilizing  PTT, 

many times additional covariates are  also  used like include heart rate [91,105],  variability 

in PTT as a symptom of neural control [99] etc. In some cases, at the time of estimating the 

one parameter, long term average value for other model parameters are used [81,87,106]. 

Another methods used in literature are exploitation of cuff deflation - perturb and measure 

BP [90] or utilize pulsatile variation in BP.   However, it is worth to note that calibration-

based methods  can be applied for BP monitoring in short intervals such as exercise tests  

but they should not be aimed as replacements of the conventional BP measurement devices 

[107]. 

2.4.3 Machine learning-based methods for BP estimation 

Support Vector Regression (SVR) for BP estimation: 

SVR method approximates a function that maps data from an input space to output space-

based on training data. SVM regression [108] relies on kernel functions and commonly 

used ε-SVM regression aims to approximate a function that deviates from true response yi 

by a value not greater than ε for each training input xi. During training of the record, coarse 

values of three design parameters namely cost, precision epsilon  and kernel scale width 

are selected using guidelines given in [109] and they are further fine tuned for deriving the 

final model.  In literature, approaches are found [28,110]  where, SVM approach is used 

for blood pressure estimation. In [28] authors evaluated  performance of calibration based  

in addition to standard calibration-free methods using the Association for the Advancement 

of Medical Instrumentation (AAMI) and the British Hypertension Society (BHS) standards 

to improve accuracy of estimation of blood pressure. 

Back Propagation Neural Network (BPNN) for BP estimation: 

Neural network, due to its generalization ability, is capable to solve many nonlinear 

function approximation problems with good accuracy [111]. With its self adaptive learning 

ability, it tries to find the function mapping between input features with targeted output 

value.  Back- propagation neural network can learn and store various input-output mapping 

relationships.  It is known as ‘model free estimator’ and for complex mapping problems it 
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is proven better than other mathematical model-based estimators [112]. In [113] it was 

proved with experimentations that neural network exhibits better accuracy in BP 

estimations, as it does not require any boundary conditions. Fig. 2.3 shows details of 

classical approach of multi layer perceptron network proposed to solve the estimation of 

blood pressure using features extracted from PPG.  Two outputs namely systolic and 

diastolic pressures are to be estimated using neural network. For training of neural 

network, 22 input features are derived from PPG in [114]. Blood pressure is estimated 

utilizing spectral components plus two morphological features of PPG signal. In [115], 

with the help of correlation analysis for various features; it was shown that HR and PTT 

are two strongest features and should be used for BP prediction. Hence, prediction using as 

many as 22 parameters as in [114] may be non efficient feature extraction. Also, in some of 

the approaches data are not collected for wide range. However, in [115] data were 

collected to the limited age group i.e. subjects with age between 18 to 22 years. This may 

give good result in that range but tend to less accurate prediction of BP for the elderly 

persons in which BP abnormality is more. 

 

FIGURE 2-3 BP estimation using neural network [114] 

2.5 Summary of Literature Survey and outline of proposed work 

From available literature study, objective is confined to acquire vital signs from subjects 

under observation using wireless monitoring system which enables to monitor ECG and 

blood pressure. ECG signal captured wirelessly includes various types of noise. From 

recent reviews it is clear that in wireless transmission of ECG signal, reconstruction and 

feature extraction of ECG signal acquired at low sampling frequency is challenging, as 

with low sampling frequency there will be lower power consumption for monitoring 
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system. For pre-processing of ECG, FFT-IFFT is used to remove the effect of baseline drift 

generated due to low frequency noise while PRASAMMA is used to remove high 

frequency noise as well it takes care of wireless transmission issues of ECG. Accurate 

detection of R peak in QRS wave is important for diagnosis of various cardiac disorders 

and for heart rate derivation. In this research work, we propose R peak detection algorithm 

based on Discrete Wavelet Transform (DWT). Wavelet transform is very much suited tool 

for QRS detection, as wavelet transform of ECG provides local information in time and 

frequency domain. The proposed algorithm uses wavelet coefficients generated from DWT 

decomposition.  

Blood Pressure measurement using cuff based method provides the measurement of blood 

pressure intermittently. This work demonstrates distributed model architecture for cuff less 

and continuous measurement of blood pressure using Photoplethysmograph (PPG) and 

ECG using support vector regression (SVR) as well as back propagation neural network.    

The algorithm for time domain features extraction from ECG and PPG is described. 

Extracted features are used as an input to distributed model architecture using machine 

learning techniques that works as intelligent model showing relation between features of 

PPG and blood pressure.  

2.6 Performance measures for R peak detection and blood pressure 
estimation algorithm 

Evaluation of performance of algorithm quantitatively, is a challenging task. Most of 

difficulties encountered are lack of significant, widely accepted, standardized performance 

metrics in given research domain. Sometimes, evaluation factors are contradictory to one 

another and depend upon application specific requirement. Many factors are involved to 

evaluate and quantify the performance of blood pressure estimation task that requires 

estimations in different  environment  conditions like jogging, cycling, playing, resting. In 

this section, we introduce quantitative evaluation parameters used in this thesis to carry out 

blood pressure estimation task using different techniques in different environment 

conditions.  

According to Association for the Advancement of Medical Instrumentation (AAMI/ANSI) 

standard [116], performance of QRS detection algorithm can be evaluated using statistical 
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parameters namely, Sensitivity (S), Positive Predictivity (P) and detection error rate (E) as 

defined in (2.5), (2.6) and (2.7), respectively. 

FNTP
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                                                                                                                    (2.5) 
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                                                                                                                    (2.6) 
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                                                                                                                   (2.7) 

where, TP (True Positive) indicates the number of heartbeats correctly found, FN (False 

Negative) are beats that should be detected but are missed and FP (False Positive) positive 

happens when the beat is assigned incorrectly or wrong peak detected. TB (Total Beats) is 

actual beat annotated by an expert. 

Mean Absolute Error (MAE), Mean Squared Error (MSE) and Root mean squared error 

(RMSE) are one of the most common metrics used for predictive modeling and used for 

blood pressure estimation as performance evaluation measures. MAE, MSE and RMSE are 

quantitative measures of estimators. MSE and RMSE are more useful if we are concerned 

about large errors whose implications are bigger.  

Mean Absolute Error (MAE): 

The mean absolute error (MAE) identifies closeness of prediction to the actual outcomes.  

MAE is defined in (2.8) as the average value over the absolute differences between 

prediction and actual value of the variables where, all errors have equal weight.  
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Mean Squared Error (MSE):  

MSE, defined as (2.9), is an average of squared error between expected and actual 

values. It is differentiable and non-negative function for which values nearer to zero are 

considered better. 
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Root Mean Squared Error (RMSE): 

RMSE is the square root of MSE and is given by (2.10). Relatively high weights are given 

to large errors. MSE and RMSE are more useful when large errors are not desired. 
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AAMI standards: 

AAMI[117] requires blood pressure measurement device/method to have Mean Error (ME) 

and Standard Deviation (STD DEV) values below 5 and 8 mm of Hg, respectively. Mean 

Error and Standard Deviation are defined in (2.11) and (2.12), respectively.  
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BHS standards: 

Cumulative error, for estimation of the correct BP value, is tested according to British 

Hypertension Society (BHS) protocol. BHS-standard [118] grades blood pressure 

measurement devices or methods, on the basis of their cumulative percentage of errors as 

shown in Table 2.4.  

TABLE 2.4 BHS Standard grades blood pressure measurement 

 Cumulative percentage of errors 

BHS 
Grade 

<5 mm of 
Hg 

<10 mm of 
Hg 

<15 mm of 
Hg 

A 60% 85% 95% 

B 50% 75% 90% 

C 40% 65% 85% 

According to BHS protocol, the blood pressure measurement device or method gets grade 

A if for an experiment 60% of results having error less than 5 mm of Hg, 85% results 

having error less than 10 mm of Hg and 95% of results have error less than 15 mm of Hg. 
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2.7 Hardware description for wearable multi-channel data acquisition 
system 

This section describes hardware system where integration of ECG and PPG sensor with 

analog frontends has been carried out and it is used for capturing wearable multi channel 

data acquisition system i.e. wireless ECG and PPG signals from subjects.  

2.7.1 Block diagram of wireless Bluetooth-based system for ECG-PPG acquisition 

Fig. 2.4 shows block diagram of wireless Bluetooth-based system for ECG-PPG data 

acquisition. The transmitter system consists of signal processing boards, analog frontend 

and Bluetooth transceiver. The captured signals (in mV) are amplified, filtered and 

converted to 0–5 Vdc using amplifier and carried forward to the Bluetooth transmitter 

module. Bluetooth module comprises of a built-in processor, 16 bit ADC and smart 

Bluetooth radio [21]. 

 

FIGURE 2-4 Block diagram of Wireless Bluetooth-based system for ECG-PPG acquisition 

Analog signals are converted to digital using ADC and sent to processor. This is serial port 

profile (SPP) enabled and user can select different parameters like input channel to be 

used, data transmission rates etc. using Bluetooth wireless link. Bluetooth radio sends 

signals to receiver in hexadecimal format using Bluetooth SPP service. Bluetooth is low 

cost, less complex and widespread technology used due to license free ISM band, available 

with all electronics Gadgets and range of transmission up to 100 meters. The transfer data 

rate is 115,200 baud. To establish Bluetooth connectivity between Transmitter-receiver, 

Bluesoleil software [119]  is used. 
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At the receiver, Teraterm Pro is used as a terminal emulator to collect real time data and 

data is logged in text format. Further processing and analysis of data received (in 

hexadecimal form) is carried out in MATLAB version 7.12.  

The hardware system used to acquire ECG and PPG signals is described subsequently in 

following section.  

2.7.2 Acquisition of ECG signal   

ECG is a signal generated due to heart activity and can be sensed using electrodes on outer 

skin surface of the body. The ECG signal is captured using Ag-AgCl2 use and throw 

electrodes in lead I configuration at various sampling frequencies. The electrical signal 

ECG is an AC signal of amplitude of around 1mV P-P (peak-to-peak) having frequency 

between 0.5 to 100 Hz. Because of low amplitude, ECG is interfered with various types of 

high frequency as well as low frequency noise. At the time of acquiring signal using 

electrodes, the common mode noise also gets added. Using right leg driven circuit with 

instrumentation amplifier [120] is used to amplify and to filter noise, primarily. The circuit 

for ECG analog signal conditioning is described in Appendix C. 

At the base station, received ECG data in the form of hexadecimal is converted to decimal 

value and then scaled to 0-5 Vdc using (2.13). 

uedecimalval*
162

5
Vout 








                                                                                   (2.13) 

In our experimentations, ECG signals are captured at different sampling frequencies e.g.  

100 Hz, 150 Hz, 200 Hz, 250 Hz and 500 Hz. The data acquired are of 3 to 10 minutes 

duration from different subjects in different positions like sitting, standing, jogging, 

staircase climbing, cycling etc. One such sample wireless ECG signal captured at 150 Hz 

sampling frequency is shown in Fig. 2.5.  It can be easily seen that signal is corrupted by 

noise.   
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FIGURE 2-5 Wireless ECG signal captured at 150Hz sampling frequency in standing position 

2.7.3 Acquisition of PPG signal   

Plethysmograph is used to measure blood volume. Photoplethysmograph is a device to 

capture pulse rate of a patient through transmittance/reflectance mode of optical devices. 

The output of Photoplethysmograph is named as photoplethysmogram. PPG is an acronym 

used to refer both Photoplethysmograph and its output. To capture PPG non-invasive 

sensor HRM-2511E made by Kyoto Electronic Co., China using flexible silicon rubber 

material is used, which operates in transmission mode. The finger is illuminated by 

infrared light source, which is detected by photo detector at other side of the finger. The 

variation in output of detector is related to changes in blood volume of tissues in finger. 

The sensor with signal conditioning circuit detail is given in [121]. The photograph of 

sensor is shown in Fig. 2.6.  

 

FIGURE 2-6 Acquisition of PPG signal using non invasive sensor HRM-2511E [121] 

Analog front end for PPG contains the circuit for filtering of noisy PPG signal and 

amplification of the signal. The high pass filter with cut-off frequency of 0.5 Hz and low 

pass filter having 5 Hz cut-off frequency is used. The output of filter signal is passed 

through buffer having unity gain. Analog PPG output from frontend is in 0-5V.  



Literature Survey and Hardware Description 

29 
 

Snapshot of system hardware showing ECG front end, PPG sensor, disposable electrodes 

Bluetooth module and patient cables is shown in Fig. 2.7. The detail description of analog 

frontends for ECG and PPG signals is given in Appendix C. 

 

 

FIGURE 2-7 Snapshot of system hardware showing ECG and PPG sensors 

 For further processing, signals from analog frontend are acquired inside personal 

computer/laptop using two different techniques. Wirelessly acquired Signals are shown in 

Fig. 2.8.  

 

FIGURE 2-8 ECG and PPG acquired using wireless Bluetooth transceiver system 
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To cross verify the results of wirelessly acquired signals, the signals are captured in 

parallel using wired techniques with Advantech data acquisition card PCI-1710. The data 

acquisition card is used acquire these signals in MATLAB simulink environment using real 

time windows target. After selecting sampling frequency, signals are acquired in PC. Data 

logging in .mat file format makes the job of further processing at base station very easy 

and fast. MATLAB simulink environment gives real time visualization in oscilloscope 

while data being logged. Block diagram for acquisition of ECG-PPG using wired 

technique through PCI DAQ card is shown in Fig. 2.9. Simultaneous acquisition of ECG-

PPG signals using PCI card is shown in Fig. 2.10.  

 

FIGURE 2-9 Block diagram for acquisition of ECG-PPG using wired technique through PCI DAQ 

 

FIGURE 2-10 Simultaneous acquisition of ECG-PPG signals using PCI card 

32 33 34 35 36 37 38 39 40 41 42
1

2

3

4
 ECG signal

32 33 34 35 36 37 38 39 40 41 42
1

1.5

2

2.5

3
PPG signal



Literature Survey and Hardware Description 

31 
 

2.8 Conclusion 

In this chapter, we have reviewed literature survey and presented hardware description for 

multi channel patient monitoring systems. Exhaustive literature survey with focus on R 

peak extraction methods from ECG and machine learning- based approaches for blood 

pressure estimation is presented.  From the study of available literature, the outline for the 

proposed work is discussed.  
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CHAPTER 3  

R Peak Detection for Wireless ECG Using DWT 
and Entropy of Coefficients 

3.1 Introduction 

Investigation of patient’s ECG helps to diagnose various heart related diseases. With the 

help of correct R peak detection in ECG wave, classification of arrhythmia can be carried 

out accurately. However, accurate R peak detection is a big challenge especially in 

wireless patient monitoring system. In addition, in wireless system, in order to reduce the 

power consumption; it is desirable to capture signals at lower sampling rate. In this 

chapter, we propose an algorithm for R peak detection using Discrete Wavelet Transform 

(DWT) in which detailed coefficients are selected based on entropy. The proposed 

approach overcomes the shortcomings of other approaches in terms of acquisition of 

wireless ECG at adjustable sampling rate from different subjects using prototype Bluetooth 

ECG module and accurately detects R peaks.  The proposed algorithm is also validated 

with standard MIT-BIH database and its performance is compared with similar work. 

3.2 Proposed algorithm for R peak detection 

3.2.1 ECG model 

The ECG data is collected using wireless ECG prototype at different sampling rates with 

subject‘s sitting and standing positions. Fig 3.1 shows the ECG acquired using prototype 

device at different sampling frequencies. This data contains substantial motion noise 

during recording, which may weaken diagnostic correctness. The ECG signal, during its 

acquisition, is encountered with various types of predominant noise. This noise includes 

power-line interference (PLI), baseline wander (BW), muscle artifacts (MA) and motion 

artifacts (EM). The effect of these artifacts is very strong and it degrade the signal quality 



R Peak Detection for Wireless ECG Using DWT and Entropy of Coefficients 

33 
 

[41]. Pre processing of ECG includes implementation of various filtering algorithms, 

before feature extraction.  

 

FIGURE 3-1ECG acquisition using prototype systems at different sampling frequencies 

The primary objective of pre-processing of ECG signal is noise removal from it. ECG 

signal  contains  various noises that can be categorized into two types (i) low frequency 

noise e.g. baseline wander noise and (ii) high frequency noise e.g. motion artifact, muscle 

noise and (iii) power line noise [122]. By considering ECG corrupted with noise, its model 

equation can be written as (3.1) 

][][][][][][ nXnXnXnXnXnX
HLPLIMABW

                                                                   (3.1) 

Where, 

 X[n] is acquired ECG signal 

 XBW[n] is low frequency baseline drift noise of 0 to 0.5 Hz frequency, sometimes up 

to 1Hz for wireless ECG and it causes baseline drift. 

 XMA[n] is high frequency motion artifacts of frequency up to 1 KHz and due to 

muscle contractions. It can be represented as signal of limited bandwidth and zero 

mean Gaussian signals. 

 XPLI[n] is power line interference with ECG due to power line pick up noise, 

represented as sinusoidal signal of 50 Hz frequency. 
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 XL[n] is lower frequency portion of signal which is changing very smoothly and 

slowly like  P wave and T wave, including low frequency portion of QRS. 

(frequency range 2-6Hz) [78] . 

 XH[n] is higher frequency portion of ECG signal, (3 Hz to 25 Hz) which shows sharp 

edges, transitions, and jumps or fast variation, also resembles QRS portion of ECG. 

3.2.2 Objectives of R peak detection  

Given ECG signal, R peak detection algorithm should be able to 

a. Detect R peaks accurately on wired data /wireless ECG transmitted at different 

sampling data rate. 

b. Reject the artifacts introduced while acquisition of signals  

c. Reject Power line interference 

d. Have good accuracy level +/- 0.5% for wireless database. 

In addition to wireless database, the algorithm should pass the test for MIT-BIH database 

with good comparable accuracy with available state of art. 

3.2.3 Baseline drift removal using FFT-IFFT 

For removing low frequency baseline wandering or drift in ECG, FFT-IFFT is used as 

filtering technique. After taking FFT of signal X[n], amplitudes of number of frequency 

bins below absolute frequency derived from following equation are made zero and hence, 

the portion of signal due to 1 Hz frequency is removed. 

Let FFT of ECG signal X[n] be X[m]. Then we can write 
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                                                                                           (3.2)      

Where, m=0,1,2......N/2 for real signal. N=length of Signal. 

Absolute frequency of mth bin centre is given by 

N
s

mF
f 

                                                                                                                          (3.3) 

Where, Fs=Sampling frequency of ECG, N is length of ECG.  
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If ECG signal is acquired at different sampling frequencies and if length of ECG sample is 

taken for 4096 samples, then number of samples below 1Hz absolute frequency of ECG 

acquired at different sampling frequency is given below in Table 3.1. To remove noise 

below 1 Hz, number m bins whose amplitude are made zero are given below. 

Subsequently, effect of noise due to 1Hz frequency is removed. 

TABLE  3.1 Number of bins to be removed for removing 1 Hz noise after FFT 

Sample 
frequency 

Length of 
signal 

No of bins to remove 1 
Hz frequency 

100 4096 0:40 and 4056:4096 

200 4096 0:20 and 4076:4096 

250 4096 0:16 and 4080:4096 

360 4096 0:11 and 4086:4096 

500 4096 0:8 and 4088:4096 

After finding the number of bins, whose amplitude are made zero is represented by 

following equation. 

0):1]([ 
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Spectrum of ECG signal captured at 360 Hz before taking FFT of signal is shown in Fig. 

3.2 and Fig. 3.3. High amplitude is observed in encircled part of Fig. 3.2 at bins less than 

10. Similarly high amplitude is encircled in Fig 3.3 for frequency less than 0.5 Hz. 

 

FIGURE 3-2 Magnitude spectrum after FFT of ECG signal with noise as bins as x-axis 
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FIGURE 3-3 Magnitude spectrum after FFT of ECG signal with noise as frequency as x-axis 

Once baseline drift in ECG is removed in frequency domain, IFFT of the signal of 

modified X[m] is taken to reconstruct the original signal as 
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                                                                                          (3.6) 

Frequency spectrum after removal of baseline drift is shown in Fig. 3.4.  It can be noted 

that PLI and high frequency motion artifacts are still needed to be filtered out.  

 

FIGURE 3-4 FFT spectrums after removal of 1Hz noise from ECG 

The ECG signals acquired at 360 Hz sampling frequency before and after removal of 

baseline drift are shown in Fig. 3.5. 
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FIGURE 3-5 ECG captured before and after removal of baseline drift 

3.2.4 Peak Rejection Adaptive Sampling Modified Moving Average (PRASMMA)  

High frequency noise caused due to motion artifacts as well as power line interference 

noise are removed using Peak Rejection Adaptive Sampling Modified Moving Average 

(PRASMMA) algorithm[21]. The algorithm helps in removal of high frequency noise 

caused by motion artifacts as well as resolves the issues related to wireless ECG. The steps 

of PRASMMA are reproduced from [21] in the form of flowchart, as shown in Fig. 3.6. 

 

FIGURE 3-6 Flow chart of high frequency removal algorithm [21] 

As the length of ECG wave is 0.6 Sec, if it is sampled with 100 Hz then after every 60 

samples R peak should be repeated. To find out the frame length at different sampling 

frequencies, the empirical formula, as given in (3.7), is used. 
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6.1

Fs
hFramelengt                                                                                                             (3.7) 

Total number of samples required to form QRS complex, is determined by (3.8) 
 

50

Fs
SamplesQRS                                                                                                             (3.8) 

where, Fs is sampling frequency.                            

For different sampling frequencies for capturing wireless ECG, Table 3.2 helps to find R-R 

frame length and number of samples forming QRS complex. 

TABLE 3.2 Parameter selections for PRASMMA 

Sampling Rate 
100
Hz 

150 
Hz 

200 
Hz 

250 
Hz 

500 
Hz 

Smoothing Factor M 4 6 8 10 20 

R-R frame length 
=Sampling frequency/1.6 

63 93 125 156 312 

Number of Samples forming 
QRS complex 

5 7 9 11 21 

Now, on all samples of ECG except QRS samples, modified moving average with 

smoothing factors M given in table is applied. 

ECG is divided into three segments, as shown in Fig. 3.7. Initial segment Sin represents the 

number of samples  from initial  sample to samples before QRS complex, middle segment 

Smid represent QRS samples, final segment Sfin represents number of samples from the end 

of  QRS sample number up to last sample forming ECG. Smid segment does not go through 

any process but, on Sin and Sfin segments PRASMMA is applied.  

 

FIGURE 3-7 Division of ECG into three segments for application of PRASMMA [21] 

 

The result of PRASMMA on ECG signal is shown in Fig. 3.8 for wireless ECG. 
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FIGURE 3-8  High frequency noise removal using PRASAMMA 

At the end of PRASMMA stage, XMA[n] and XBW [n] part of noisy signal from ECG X[n] 

form equation (3.1) have been removed.  

3.2.5 Coefficient extraction using wavelet decomposition   

Wavelet is a very useful approach to unfold information in both time as well as frequency, 

simultaneously [123]. Wavelet Transform of continuous time signal is given in (3.9) as, 

dt
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Where, g (t) is wavelet - scaled and shifted (by factors a and b; respectively). 

In Discrete Wavelet transform (DWT), time scale is sampled at a discrete interval of time 

and is defined in (3.10) as per [124].     
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Where, g[n] is a mother wavelet, or scaling function which is scaled by ma   and 

translated by 0, n, 2n. 
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To derive various wavelet coefficients, mother wavelet is scaled and shifted. These 

coefficients are very important and show correlation of given wavelet to the effective 

section of the original signal. This is the first approach of deriving DWT. Second approach 

of deriving DWT is practically useful in signal processing [125]. In this approach, DWT of 

any function is equivalent to decomposing the function into sub signals with different 

frequency components as coarse approximation and detailed information. The 

decomposition of original signal is obtained by passing the time domain signal to pairs of 

successive High Pass Filter (HPF) and Low Pass Filter (LPF). The output from LPF is high 

scale approximate (coarse) component. The output of HPF is low scale detailed 

component. By conversion of the signal energy into very few detailed coefficients using 

DWT, information is compacted for further processing. In each stage of decomposition in 

DWT, half of the samples are filtered out and the scale of the signal is doubled. Detailed 

components are retained while, decomposition of approximate components is continued 

until two samples are left [123,126]. 

If we consider the wavelet transform similar to a filtering bank, then wavelet transforming 

a signal is similar to transfer the signal through banks of filters [127]. The transform 

decomposed the signal into different resolution using high pass and low pass filtering. The 

equations for decomposition are given as (3.11) and (3.12). 

 
n

nkxnhka ]2[*][][                                                                                                 (3.11) 
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nkxngkd ]2[*][][                                                                                                (3.12) 

Where, 

 h[n] is the half band low pass filter, 

 g[n] is the half band high pass filter,  

 a[k] is the output high pass filter (the approximation)  

 d[k] is the output low pass filter (the detail) 

The output from high-pass contains the smallest details also known as approximate 

component, and we could stop here. However, the output of low-pass contains some 

details, known as detail components and we can split it again.  The process of splitting the 

spectrum is graphically displayed in Fig. 3.9. 
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FIGURE 3-9 Signal decomposition using filter banks 

ECG being a non-stationery signal, wavelet transform is very much suited tool for QRS 

detection, as wavelet transform of ECG provides local information in time and frequency 

domain. The process of short-time Fourier Transform (STFT) is similar to wavelet 

transform, but wavelet transform has significant advantages over STFT for representing 

functions that have discontinuities and sharp peaks [128]. DWT decomposition using 

Multi-Resolution signal Analysis (MRA) technique unfolds ECG related information into 

detailed and smoothed versions. There are various types of implementation of 

decomposition using DWT whereby, Mallat algorithm [129] is widely used. In ECG 

analysis, QRS portion contains sharp edges, transitions, and jumps. As stated earlier, using 

the DWT decomposition technique ECG signal is decomposed into two other signals; one 

is the approximate version, and the other is the detailed version. However, in the first level 

of decomposition, the detail component contains very high frequency, which may be noise. 

To further extract the significant information, the approximate component derived from 

low pass filter, is further decomposed using pair of filters, and thus at each level detail 

components are generated, which may contain sharp edges, transitions, and jumps which 

are related to QRS information.  
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3.2.6 Selection of wavelet and its coefficients  

Although no theoretical rules are established for the selection of wavelet for particular 

application, wavelet selection can be based on either type of original signal or desired 

objective [46,61]. Numbers of experiments were carried out using db4, db6, sym4, haar 

wavelets. Db4 not only resembles its shape with ECG but also R peak can be detected 

without modifying threshold for almost all wireless experimental data. Sensitivity and 

vanishing moment are better in db4 compared to haar. 

Selection of detailed coefficients of wavelet plays important role for enhancing overall 

performance of the system. Entropy provides amount of information content in any 

distribution [130,131] and hence entropy of wavelet coefficients has been utilized as a 

measure for selection of coefficients in our approach.  The idea to utilize entropy is found 

in literature for process of decision making in different manufacturing and material 

selection procedure as well as biomedical analysis [132,130].  Entropy of all detailed 

signal coefficients after decomposition of signal is calculated using Shannon’s entropy and 

three coefficients having the highest entropy values are selected and summed. After 

decomposition of ECG signal using db4 wavelet, Shannon’s entropy of each wavelet 

coefficient is calculated and then further procedure is described stepwise below to detect R 

peak of ECG.  

Step 01: Normalize detail coefficient array to generate vector Pij using (3.13). 
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1                                                                                                                    (3.13) 

Where, dij  is wavelet detailed coefficient for each level k. 

Step 02: Compute entropy (Ej) using (3.14) 

ij
P

ij
Pk

j
E ln.*  where, 

)ln(

1

m
k                                                                         (3.14) 



R Peak Detection for Wireless ECG Using DWT and Entropy of Coefficients 

43 
 

Correspondence between detail coefficients and frequency range is given in Table 3.3.  

The power spectra of QRS components indicate its frequency components lies within 5-

25Hz. Table 3.3 summarizes selection of wavelet coefficients for ECG sampled at different 

frequencies. It shows that for 100 Hz signal analysis selection of D2, D3 and D4 

coefficients is a good choice for further processing as it covers the required frequency 

component of QRS from ECG. Similarly for ECG signals sampled 150 Hz, 200 Hz and 

250 Hz, it is evident that D3, D4 and D5 are good choice while; for 360 Hz and 500 Hz, 

results suggest to consider D4, D5 and D6 for further processing.  

TABLE 3.3 Detailed coefficient selection on the basis of frequency 

 
Detailed Coefficients’ frequency after wavelet decomposition 

Sample 
frequency 

 
D1 D2 D3 D4 D5 D6 

100Hz 25-50 12.5-25 6.25-12.5 3.12-6.25 1.56-3.12 0.78-1.56 

150Hz 75-37.5 18.75-37.5 9.37-18.75 4.68-9.37 2.34-4.68 1.17-2.34 

200Hz 50-100 25-50 12.5-25 6.25-12.5 3.12-6.25 1.56-3.125 

250Hz 62.5-125 31.25-62.5 15.62-31.25 7.81-15.62 3.90-7.81 1.95-3.90 

360Hz 90-180 45-90 22.5-45 11.25-22.5 5.62-11.25 2.81-5.625 

500Hz 125-250 62.5-125 31.25-62.5 15.62-31.25 7.81-15.62 3.9-7.81 

Step 03: Entropy of all detailed signal coefficients is calculated using Shannon’s entropy 

and three coefficients having the highest entropy values are selected and summed. As 

shown in Table 3.4, for 100 Hz sampling frequency, entropy of D2, D3 and D4 are highest 

among six detail coefficients. For signal sampled at 150 Hz, 200 Hz, and 250 Hz entropy 

values of D3, D4 and D5 are highest, whereas for signal sampled at 360 Hz and 500 Hz, 

the entropy values of D4, D5 and D6 are highest and three detail coefficients having 

highest entropy are considered for further calculation.  

From results of Table 3.4, the selected detailed coefficients on the basis of entropy values 

are same as Table 3.3, where detail coefficient is selected on the basis of frequency-energy 

characteristics.  
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TABLE 3.4 Detail coefficient selection using their entropy 

Sample 
frequency 

Hz 

% 
Entropy 

of  d1 

% 
Entropy 

of  d2 

%  
Entropy  

of  d3 

% 
Entropy 

of  d4 

%  
Entropy    

of  d5 

% 
Entropy 

of  d6 

100 8.19 18.78 25.65 26.43 13.25 7.70 

150 1.42 8.11 17.90 35.84 20.37 16.36 

200 11.71 8.41 16.84 26.69 22.86 13.49 

250 9.91 10.74 14.42 28.07 24.90 11.95 

360 0.03 1.16 8.94 21.12 32.34 36.41 

500 3.67 6.35 3.84 16.49 29.03 40.61 

Fig. 3.10 shows the bar chart for percentage (%) of entropy in coefficients of decomposed 

ECG signal sampled at 360 Hz and 100 Hz.  

 

FIGURE 3-10 Bar graph showing percentage entropy of detail coefficients of ECG after DWT for (a) 360 Hz 

and (b) 100 Hz 

Step 4:  Find sum of three detailed wavelet coefficients having highest entropy called 

coeff_sum as (3.15). 


j

DsumCoeff _
                                                                                                            (3.15) 

Where, Dj is three coefficients having high value of entropy among all. 

Step 5: When hard thresolding 22% of maximum of coeff_sum is applied, array of index 

greater than threshold is generated. 

Threshold (T) =α*max (coeff_sum)                                                                               (3.16) 

Step 6: Find out QRS candidate indices (R (i)) where, coeff_sum > T. first index is R (1).  
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Step 7: Identify rest R (i) peak indices by ensuring the minimum difference between two 

consecutive indices to be more than 100 ms that is standard QRS period.  This can 

achieved easily following equation:  Ignore R (i) if condition given by (3.17) is satisfied. 

)1.0*()1()( FsroundiRiR                                                                                   
 (3.17) 

 

The complete algorithm is flexible and modified according to sampling frequency of ECG 

signal.  Fig 3.11 shows output generated after implementation of various steps of algorithm 

starting from filtered selected portion of ECG up to successful R peak detection of ECG. 

part (a) shows small segment of wireless ECG signal, part (b), (c) and (d) plots the detail 

coefficient D4, detail coefficient D5 and detail Coefficients D6, part (e) plots summation 

of detail coefficients D4, D5 and D6 - having highest entropy in detail coefficients and part 

(f) shows the  application of threshold, and resulted signal after thresolding.  Detected R 

peaks on ECG (shown with circle marked on QRS portion is shown in part (g).  

 

FIGURE 3-11 Results of stepwise implementation of proposed algorithm  



Pseudo code for and flow chart for proposed algorithm for R peak detection 

46 
 

3.3 Pseudo code for and flow chart for proposed algorithm for R peak 
detection 

Pseudo code for proposed R peak Detection algorithm as discussed in section 3.1 is 

summarized below, the same algorithm is shown in flow chart form in Fig. 3. 12.  

 

FIGURE 3-12 Flow chart of proposed R peak detection algorithm 
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1 Remove baseline drift of ECG using FFT-IFFT.  

2 Apply Peak Rejection Adaptive Sampling Modified Moving Average 

(PRASMMA) [21] to remove high frequency noise in signal. 

3 Select a small time segment of ECG for further analysis. 

4 Apply db4 wavelet decomposition up to 6 levels. 

5 Select the wavelet coefficients for further processing based on their entropy value.  

6 Apply threshold on sum of wavelet coefficients. 

7 Identify R peak indices from QRS portion of ECG. 

3.4 Results and discussion  

The algorithm is validated on three different experimental setups described below. 

3.4.1 Performance evaluation on simulated ECG  

ECG signal is periodic and can be generated in simulation using Fourier series. ECG 

model, as described in section 3.1, is generated in MATLAB. Normal ECG signal P, QRS, 

T, U wave, with amplitude of all individual waves along with duration between them is 

shown in Fig. 3.13. Different QRS, P, T and U waves are first individually generated and 

then combined to generate ECG cycle. 

 

FIGURE 3-13 Normal ECG Signal with different amplitude and duration of P, QRS, T, U wave 

Using Fourier series, ECG cycle is generated periodically. Fig. 3.14 shows ECG generated 

using equations implemented in MATLAB. 
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FIGURE 3-14 Simulated ECG in MATLAB 

The common noise that affects at the time of ECG signal being captured is low frequency 

noise due to respiration effect which causes baseline drift in ECG. The signal may be 

corrupted badly due to power line interference noise of 50 Hz. Muscle contraction/motion 

artifacts creates noise of high frequency affect the signal badly. Noise signals are simulated 

and added with ECG. The resulted signal is shown in Fig. 3.15.  

 

FIGURE 3-15 Simulated ECG with addition of simulated noise 

The algorithm is implemented stepwise, where baseline drift is removed first, then after 

high frequency noise is removed. At the time of decomposition of signal using wavelet to 

detect R peak from QRS, PLI is automatically removed. R peaks are successfully detected 

at the end. The stepwise results are shown in Fig. 3.16. First plot in Fig. 3.16 shows 

simulated ECG corrupted with various noises. Second plot shows the resulted signal after 

baseline drift removal. Third plot shows the resulted signal after high frequency noise 
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removed using PRASAMMA. And last plot shows the successful detection of R peak with 

small circle on top of ECG signal. 

 

FIGURE 3-16 R peaks detection for simulated ECG model 

R peak detection for arrhythmic ECG: 

Irregular beats can be either fast or slow beats and hence arrhythmias are of two types (i) 

bradycardia and (ii) tachycardia. Bradycardia is case of heart beats lower than normal heart 

rate i.e. 72 bpm. It happens due to non-generation of electrical impulse in heart’s natural 

pacemaker (SA node), which prevents heart to contract naturally. The impulse does not 

reach to the heart’s lower chambers (the ventricles) at regular instant through the proper 

channels. This causes heart to beat at below normal rate. Tachycardia is the heart rate 

variability condition where heart rate is higher than normal. In ventricular tachycardia 

condition, natural pacemaker of heart (SA node) no longer controls the beating of the 

ventricles. Several impulses can begin at the same time from different heart locations 

which cause the heart to beat at a higher rate. For simulation of these conditions, heart rate 

is decreased up to 45 bpm for simulating bradycardia condition whereas heart rate is 
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increased up to 100 bpm for simulating tachycardia condition. In all cases, proposed 

algorithm is able to remove noise and accurately detects R peaks. Fig. 3.17 shows R peak 

detection for bradycardia case while Fig. 3.18 represents R peak detection for tachycardia 

condition. In both the cases the algorithm is implemented on simulated noisy ECG. The 

proposed algorithm is able to remove noise and able to detect R peak successfully.  

  

FIGURE 3-17  (a)  Simulated ECG with added Noise (PLI + Motion artifacts + Baseline wander) for 
bradycardia case (b) Successful R peak detection on ECG with low hear rate: bradycardia:(HR 45) 

  

(a) (b) 

FIGURE 3-18 (a) Simulated ECG with added Noise (PLI + Motion artifacts + Baseline wander) for 
tachycardia case (b) Successful R peak detection on ECG with low hear rate: tachycardia:(HR 100) 

 

In the presence of T wave amplitude quite higher than normal value, as in case of ischemia, 

it is difficult to detect R peak because of similar height of R peak and T wave in ECG. This 

condition is simulated as shown in Fig. 3.19 (a) and R peak algorithm is tested on the 
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modulated ECG with higher T wave amplitude. The algorithm is able to detect all R peaks 

successfully, as shown in Fig. 3.19(b).  

 

  

(a) (b) 

FIGURE 3-19 (a) T wave amplitude modification in model ECG (b) Successful R peak detection on 
simulated T wave modified ECG 

3.4.2 Implementation of algorithm on MIT-BIH data  

MIT-BIH database [133] is considered as a standard for testing performance of algorithm 

by many researchers [46,43,134]. MIT-BIH database includes 48 records of 30 minute 

duration signals with 360 Hz sampling frequency using two channel ECG recordings. ECG 

records found in MIT-BIH database include signals having muscle noise, baseline drift, 

and different arrhythmias like high amplitude P and T waves, negative, small or wide QRS 

complex, sudden changes in amplitudes and morphology of QRS and irregular heart 

rhythms. 

For fair comparison of algorithms, and testing the reliability of it, standard database from 

MIT-BIH is used. From MIT-BIH database, implemented results of typical records are 

shown in Fig. 3.20 to Fig. 3.24 which is described as follows. In ECG record 107, 

complete heart block is present. The premature ventricular contractions are multiform. In 

this case, in initial 55 seconds, even though height of R peak being changed frequently, 

they are detected accurately, as shown in Fig. 3.20.  
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FIGURE 3-20 Plot of ECG waveforms and R peaks location for MIT-BIH record 107, Fs=360 Hz (0-55 sec), 
Small circle on top represent detection of R peak positions. 

Fig. 3.21 shows R peak detection for Record 101. Record 222 is also a difficult record with 

high baseline drift during 1460 to 1471 sec. 

 

FIGURE 3-21  Plot of ECG waveforms and R peaks location for MIT-BIH record 101 Fs=360 Hz (85-95 
sec), Small circle on top represent detection of R peak positions 

 

Application of pre-processing part in our algorithm is able to remove base line drift with 

successful R peak detection as shown in Fig. 3.22. The R-R interval varies a lot between 

duration 1505-1525 sec, but algorithm is able to detect the R Peak very correctly between 

these periods as shown in Fig. 3.23. Records 201, 203, 208,209, 222 contain high grade 
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noise and baseline drifts and they have very irregular pattern. They also contain many 

premature ventricular arrhythmias. For record 233, R peak height changes frequently; R 

peak detection during period of 626-645 sec with False Positive error as shown in Fig. 

3.24. 

 

FIGURE 3-22 Plot of ECG waveforms and R peaks location for MIT-BIH record 222 Fs=360 Hz (1460-1471 
sec), Small circle on top represent detection of R peak positions 

 

FIGURE 3-23 Plot of ECG waveform and R peak location represented by small circle at top of QRS peak for 
MIT-BIH Record 203(1505-1525 sec) 
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FIGURE 3-24 Plot of ECG waveforms and R peak location represented by small circle at top of QRS peak 
for MIT-BIH Record 233(626-645 sec) 

Performance analysis of proposed algorithm on MIT-BIH database is shown in Table 3.5.  

Records 100, 103, 109, 114, 115, 121, 122, 124, and 220 give 100% accuracy and 

sensitivity. Records 104, 105, 108, 203, 205, 208, 210, 213, 215, 219 and 222 give more 

number of missed as well as wrong peaks. In Record 203, due to unusual morphology, R 

peak detection error rate found is high as shown in Table 3.5. The records which originally 

contain high grade noise, give relatively poor result while most of them give accurate R 

peak detection using proposed algorithm. Record 208 generates more number of missed 

peaks, as there is sudden change in QRS with low amplitude throughout record. For record 

113, 117 and 215 the search back algorithm is used with 200 ms width of QRS region to 

prevent multiple R peak detection. In 221, and 232 there are many long pauses between 

two consecutive R peaks. Correct detection of almost all peaks in proximity with 

corresponding annotated time demonstrates the efficacy of the proposed work.   

TABLE 3.5  Performance analysis of proposed algorithm on MIT-BIH database 

 
Total 
beats 

True 
Positive 

False 
Negative 

False 
Positive 

Sensitivity Predictivity Error 

Record  
No. 

TB TP FN FP S% P% E 

100 2273 2273 0 0 100.00 100.00 0.00 

101 1865 1864 2 1 99.95 99.89 0.16 

102 2187 2185 0 2 99.91 100.00 0.09 

103 2084 2084 0 0 100.00 100.00 0.00 

104 2229 2211 12 18 99.19 99.46 1.34 

105 2572 2528 15 44 98.29 99.41 2.28 
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106 2027 2027 8 0 100.00 99.61 0.39 

107 2137 2134 4 3 99.86 99.81 0.33 

108 1763 1728 25 35 98.01 98.57 3.36 

109 2532 2532 0 0 100.00 100.00 0.00 

111 2124 2122 0 2 99.91 100.00 0.09 

112 2539 2538 0 1 100.00 99.96 0.04 

113 1807 1803 0 4 100.00 99.78 0.22 

114 1855 1855 0 0 100.00 100.00 0.00 

115 1951 1951 0 0 100.00 100.00 0.00 

116 2399 2390 7 9 99.71 99.62 0.67 

117 1545 1543 1 2 99.94 99.87 0.19 

118 2279 2278 1 0 99.96 100.00 0.04 

119 1990 1985 8 5 99.60 99.75 0.65 

121 1865 1865 0 0 100.00 100.00 0.00 

122 2482 2482 0 0 100.00 100.00 0.00 

123 1518 1515 0 3 100.00 99.80 0.20 

124 1612 1612 0 0 100.00 100.00 0.00 

200 2594 2594 2 0 99.92 100.00 0.08 

201 1965 1963 0 2 100.00 99.90 0.10 

202 2136 2134 2 2 99.91 99.91 0.19 

203 2980 2944 31 5 98.96 99.83 1.21 

205 2656 2646 10 0 99.62 100.00 0.38 

207 1890 1890 0 0 100.00 100.00 0.00 

208 2919 2919 36 0 98.78 100.00 1.22 

209 3008 3006 0 2 100.00 99.93 0.07 

210 2636 2634 14 2 99.47 99.92 0.60 

212 2746 2444 0 2 100.00 99.92 0.08 

213 3248 3247 14 1 99.57 99.97 0.46 

214 2274 2271 2 3 99.91 99.87 0.22 

215 3339 3339 16 0 99.52 100.00 0.48 

217 2209 2208 4 1 99.82 99.95 0.23 

219 2144 2123 29 21 98.65 99.02 2.30 

220 2048 2048 0 0 100.00 100.00 0.00 

221 2429 2431 4 2 99.84 99.92 0.25 

222 2482 2496 15 1 99.40 99.96 0.64 

223 2607 2608 3 2 99.89 99.92 0.19 

230 2255 2254 0 1 100.00 99.96 0.04 

231 1570 1571 1 0 99.94 100.00 0.06 

232 1787 1780 0 7 100.00 99.61 0.39 

233 3084 3083 0 1 100.00 99.97 0.03 

234 2751 2752 1 0 99.96 100.00 0.04 

Overall 107392 106890 267 184 99.73 99.85 0.42 
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Table 3.6 shows comparison of proposed work with similar work for standard 360 Hz 

frequency MIT-BIH database. It primarily appears that work done by authors in [43] is 

slightly better than proposed work. However, it is worth to note that all authors have 

experimented on fixed 360 Hz frequency, only. In addition, their algorithm is not tested for 

wireless monitoring devices including different sampling frequencies. Our algorithm being 

aimed for wireless ECG signal turns out to be more generalized and adaptive to any 

sampling frequency, which is advantageous in case of wireless monitoring devices. As 

shown in comparison, the proposed algorithm passes the test of MIT-BIH with 99.58% 

accuracy. 

TABLE 3.6 Comparisons with other algorithm applied on MIT BIH database 

Author(s) 
Sensitivity 

(%) 
Predictivity  

 (%) 
Accuracy 

 (%) 

Pan and Tompkins 
(1985)[134] 

99.75 99.54 99.29 

Zahia et al.(2012)[46] 99.64 99.82 99.46 

Sabarimalai and Soman, 
(2012)[43] 

99.93 99.88 99.80 

Proposed method 99.73 99.85 99.58 

3.4.3 Implementation on wireless ECG data 

The proposed algorithm is evaluated on ECG data acquired through portable wireless 

monitoring device at different sampling frequencies and for different poses of subjects. 

Fig. 3.25 (a-b) demonstrates successful R peak detection on standing pose for low 

frequency wireless ECG signal acquired at 100 Hz and 150 Hz, respectively.  
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(a) 

 

(b) 

FIGURE 3-25 (a) Plots of ECG waveforms and R peaks location on wireless ECG at 100 Hz and (b) 150 Hz 
using proposed algorithm 

Similarly, for 250 Hz and 500 Hz also the R peaks were successfully detected and Fig. 

3.26 depicts result for 500 Hz. R peaks location found are represented by small circle at top 

of QRS peak for wireless ECG captured at 500 Hz in subject’s standing pose. 

 

FIGURE 3-26 Plot of ECG waveforms and R peaks location represented by small circle at top of QRS peak 
for Wireless ECG in standing pose at 500 Hz 
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The result of performance measures are summarized in Table 3.7. Although, captured 

wireless data having much corruption with noise, proposed algorithm demonstrates its 

efficacy in removal of baseline drift as well as high frequency noise and R peak locations 

are accurately found with 99.73% accuracy. 

TABLE 3.7 Performance analysis of proposed R peak algorithm on wireless ECG 

Wireless ECG at Fs 
and Position 

Total 
beats 

True 
Positive 

False 
Negative 

False 
positive 

Sensitivity Predictivity Error 

Sampling Frequency 
Fs 

TB TP FN FP S% P % E 

100 Hz sitting 244 242 0 2 100 99.18 0.82 

150 Hz standing 181 181 0 0 100 100 0 

150 Hz sitting 87 86 0 1 100 98.85 1.15 

200 Hz standing 190 190 0 0 100 100 0 

200 Hz sitting 68 68 0 0 100 100 0 

250 Hz sitting 589 586 0 3 100 99.49 0.51 

250 Hz standing 147 147 0 0 100 100 0 

250 Hz sitting 74 74 0 0 100 100 0 

500 Hz sitting 186 186 0 0 100 100 0 

500 Hz standing 216 216 0 0 100 100 0 

overall  wireless ECG 2208 2202 0 6 100 99.73 0.27 

3.5 Simultaneous monitoring of ECGs from multiple subjects  

Uninterrupted monitoring of multiple subjects is required for mass causality events, in 

hospital environment or for sports by medical technicians or physicians. Movement of 

subjects under monitoring requires such system to be wireless, sometimes demands 

multiple transmitters and a receiver as a base station and monitored parameter must not be 

corrupted by any noise before further diagnosis. A Bluetooth Piconet network is visualized, 

where each subject carries a Bluetooth transmitter module that acquires vital sign 

continuously and relays to Bluetooth enabled device where, further signal processing is 

done. In this experiment, a wireless network is realized to capture ECG of two subjects 

performing different activities like cycling, jogging, staircase climbing at 100 Hz 

frequency using prototyped Bluetooth module. The work demonstrates removal of baseline 
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drift using Fast Fourier Transform and Inverse Fast Fourier Transform and removal of high 

frequency noise using PRASMA 

In [135] Bluetooth Piconet is discussed and wireless transmission issues are highlighted. In 

this study, the work is extended by realizing Bluetooth Piconet for monitoring of ECG of 

two subjects doing large body movement activities, simultaneously. During 

experimentation, each subject wears ECG electrodes along with Bluetooth ECG module 

which is connected to lapt

two subjects carrying  wireless monitoring device

activities like stair case climbing and cycling. 

FIGURE 3-27  Photograph of two subjects doing various activities when ECGs are being captured 
simultaneously using Bluetooth ECG module in Piconet mode

ECG signals are captured when two subjects performing various activities like cycling, 

jogging and staircase climbing. Wireless ECG received at base station for different 

activities of subject 1 and subject 2 are shown in Fig. 3.2

signals are captured simultaneously via Bluetooth link with longer duration of time for 

both subjects while performing activities. However, signals for small duration have been 

considered for display. Proposed algorithm is able to remove very high motion artifacts in 

ECG due to subjects’ movement. 
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drift using Fast Fourier Transform and Inverse Fast Fourier Transform and removal of high 

PRASMA and successful R peak detection for ECG.  

Bluetooth Piconet is discussed and wireless transmission issues are highlighted. In 

this study, the work is extended by realizing Bluetooth Piconet for monitoring of ECG of 

two subjects doing large body movement activities, simultaneously. During 

ntation, each subject wears ECG electrodes along with Bluetooth ECG module 

which is connected to laptop via Bluetooth link. Fig. 3.27 (a) and (b) are the pictures of 

wireless monitoring device for capturing ECG and doing various 

vities like stair case climbing and cycling.  

 

Photograph of two subjects doing various activities when ECGs are being captured 
simultaneously using Bluetooth ECG module in Piconet mode (a) Two subjects are climbing staircase (b) 

two subjects are cycling. 

ECG signals are captured when two subjects performing various activities like cycling, 

jogging and staircase climbing. Wireless ECG received at base station for different 

ect 1 and subject 2 are shown in Fig. 3.28 (a-b), respectively. These 

signals are captured simultaneously via Bluetooth link with longer duration of time for 

both subjects while performing activities. However, signals for small duration have been 

d for display. Proposed algorithm is able to remove very high motion artifacts in 

ECG due to subjects’ movement.  
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drift using Fast Fourier Transform and Inverse Fast Fourier Transform and removal of high 

and successful R peak detection for ECG.   

Bluetooth Piconet is discussed and wireless transmission issues are highlighted. In 

this study, the work is extended by realizing Bluetooth Piconet for monitoring of ECG of 

two subjects doing large body movement activities, simultaneously. During 

ntation, each subject wears ECG electrodes along with Bluetooth ECG module 

(a) and (b) are the pictures of 

for capturing ECG and doing various 

Photograph of two subjects doing various activities when ECGs are being captured 
subjects are climbing staircase (b) 

ECG signals are captured when two subjects performing various activities like cycling, 

jogging and staircase climbing. Wireless ECG received at base station for different 

b), respectively. These 

signals are captured simultaneously via Bluetooth link with longer duration of time for 

both subjects while performing activities. However, signals for small duration have been 

d for display. Proposed algorithm is able to remove very high motion artifacts in 
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FIGURE 3-28 Received wireless ECG for activity like cycling, jogging, and stair-case climbing for (a) 
subject 1and (b) subject 2 using 100 Hz sampling rate. 

R peak detection is successfully carried out using proposed R peak detection algorithm on 
ECG is shown in Fig. 3.29 (a- b). 

 

 

FIGURE 3-29 R peak detection on ECG of subject in activity like cycling, jogging, and stair-case climbing 
for (a) subject 1and (b) subject 2 using 100 Hz sampling rate 

3.6 Conclusion 

Following conclusions can be summarized from the various experiments performed in this 

chapter. 

 Proposed algorithm utilizes the capacity of Discrete Wavelet Transform for 

successful detection of R peaks of ECG signals at different frequencies.  

 Summation of detailed coefficients having high entropy values and then application 

of threshold helps for successful R peak detection on ECG.  
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 The algorithm not only gives good results for MIT-BIH captured at 360 Hz but at 

various low frequencies as well which is important in wireless home monitoring 

system. Thus, the algorithm is adaptive to any sample frequency of ECG.  

 Pre-processing steps in algorithm cleans ECG and removes unwanted noise signals. 

The proposed algorithm is tested on noisy and multiform ECG of MIT database.  

 The Positive Predictivity of algorithm on MIT database is 99.85% and sensitivity is 

99.73% with overall accuracy of 99.59%.  

 The algorithm’s effectiveness is also tested on various wireless ECG data acquired 

using different sampling frequencies and it is observed that for lower sampling 

frequency ECG for wearable device the proposed algorithm performs accurately.  

 The proposed algorithm works with 99.73% accuracy, sensitivity 100% and 

positive predictivity of 99.73% on wireless ECG.  

 Bluetooth Piconet network is implemented successfully using prototype hardware 

model for acquiring ECG of two subjects, simultaneously. 

 Experimental results highlight the efficacy of the proposed work to monitor any 

vital sign parameters of multiple subjects simultaneously.  
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CHAPTER 4  

Feature Extraction for Blood Pressure Estimation  

4.1 Introduction 

Blood Pressure can be estimated by analyzing features of ECG and PPG signals with the 

help of machine learning methods. This chapter describes a proposed algorithm for 

extraction of various features from photoplethysmogram (PPG) and Electrocardiogram 

(ECG). In order to extract meaningful feature extraction, raw ECG and PPG are first 

processed to remove unwanted noise.  

4.2 Database used for blood pressure estimation  

Two types of datasets have been used in proposed work of blood pressure estimation. They 

are (i) MIMIC database and (ii) wireless database. 

4.2.1 MIMIC database 

MIMIC II database [136] contains multi-parameter recordings obtained from intensive care 

unit (ICU) patients in hospital and records are commonly used for patient monitoring 

systems. These records include ECG signals, PPG signals and Arterial Blood Pressure 

(ABP) wave. The maximum value of ABP wave (in mm of Hg)  gives systolic  whereas 

minimum value of ABP wave gives diastolic pressure values which are used as target 

values in machine learning  methods. MIMIC data is acquired at 125 Hz sampling 

frequency in hospital environment. There is no information about patients’ age and height 

or gender. The major characteristics of blood pressure measurement of MIMIC database 

are summarized in Table 4.1 below. Table 4.2 shows the profile of blood pressure of all 

subjects chosen in MIMIC database. 
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TABLE 4.1 Characteristics of blood pressure of subjects considered in MIMIC database 

Actual BP 
(mm of Hg) 

Mean+/-SD Range 

Systolic 125+/-18 171-91 

Diastolic 60+/-11 99-30 

Heart Rate (Bits per min) 83+/-16 138-56 

Training data Proportion 55%  

Testing data Proportion 45%  

 

TABLE 4.2 Profile of Blood pressure of subjects chosen in MIMIC database 

Range of Entry 
Blood Pressure 

%  of data 
falling in 

range of BP 

Category of BP 

<120 mm of Hg 
systolic and <80 mm 

of Hg diastolic 
50% optimal 

<150 mm of Hg 
systolic and <85 mm 

of Hg diastolic 
40% normal 

>150 mm of Hg 
systolic and diastolic 

>85 mm of Hg 
10% Hypertension 

4.2.2 Wireless database  

ECG and PPG signals are captured from various subjects using wireless prototype system 

that was described in chapter 2 Literature Survey and Hardware Description. Before 

participation, consent in a prescribed form was taken from 90 subjects who voluntarily 

agreed for participation. The subject population consisted of adult students and colleagues 

within a range of age 18-50 years with no medical history. The data was sampled at 1000 

Hz sampling frequency. Fig. 4.1 shows the snapshot of data acquisition from one of the 

subjects. To validate the results of proposed algorithm, the estimated values are verified 

against pressure readings measured by sphygmomanometer. While taking measurement of 

reference blood pressure, three consecutive readings has been taken for the same subject by 

a trained observer, mean value of the reading is considered as a final reference blood 

pressure. While capturing wireless data, key points as observer training, observer 

measurements, sequential measurements of ECG and PPG from subjects using prototype 

device in sitting position etc.  have been taken care.  For all subjects selected, participants’ 

age, gender, medical history and current medications in consent form have been recorded.  

The summary of the subjects’ data characteristics is presented in following Table 4.3. 
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 TABLE 4.3 Data Characteristics of Wireless Database 

Parameters Number 
Mean+/-SD  
in mm of Hg 

Range 

Total Subjects 90   

Male 77%   

Female 23%   

Hypertensive 17% - 
140-160 mm 

of Hg 

Age   18-54 years 

Actual BP and HR of subjects (mm of Hg) 

Systolic  119+/-11 95-150 

Diastolic  75+/-8 60-92 

Heart Rate (Bits per 
min) 

 84+/-10.4 60-120 

Training data 66 %   

Testing data 34%   

 

4.3 Pre-processing of acquired signals 

Databases including MIMIC as well as wireless database are subject to deterioration due to 

presence of various noise at the time of acquisition of signals.  

 

FIGURE 4-1Data acquisition from subject using wired/wireless technique 

Extraction of features without pre-processing may propagate noise signals to further 

sections and may affect accuracy of blood pressure estimation. Hence, before features are 

extracted; it is necessary to remove unwanted noise using pre-processing of signals. ECG 
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signal is cleaned by removing baseline drift and high frequency noise using wavelet 

decomposition technique, as described in earlier chapter 3 R Peak Detection for Wireless 

ECG Using DWT and Entropy of Coefficients. 

The analysis of power spectrum of   PPG signal using FFT tool is shown in Fig. 4.2. As 

major components of PPG signal have frequency information between 0.5-8 Hz, we 

selected upper cut off frequency of 8Hz for PPG filtering. For PPG, its frequency 

information between 0.5 Hz to 8 Hz is retained with the help of butter worth high pass and 

low pass filters, respectively; as given in (4.1) and (4.2).  

 

FIGURE 4-2  Sample spectral analysis of PPG signal for MMIC record number 3001262_0021 
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Where, H1 (z) is second order and H2 (z) is third order transfer function used to realize high 

pass and low pass filters, respectively. With the help of Matlab these filter coefficients are 

derived after specifying cutoff frequency and order of required low pass or high pass filter. 

Pre-processing steps for ECG and PPG signals are summarized in block diagram, as shown 

in Fig. 4.3. Pre-processed ABP, ECG and PPG signals for sample MIMIC database record 

are shown in Fig. 4.4. 
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FIGURE 4-3 Block diagram for pre-processing of ECG-PPG  

 

FIGURE 4-4 Pre-processed ABP, ECG and PPG signals for MIMIC database for record number 
30/2579_005 

Fig. 4.5(a) and 4.5(b) show ECG and PPG signals before and after pre processing for 

wireless data. 
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(a) (b) 

FIGURE 4-5 Wireless ECG and PPG signals (a) before and (b) after pre-processing 

4.4 Description of features   

After pre-processing for noise removal, ECG and PPG signals are further processed to 

extract important features which in turn are used for blood pressure estimation. Most of 

features are cardiovascular parameters, derived from PPG and are selected on the basis of 

their effects on blood pressure.  

In the proposed work, multiple features are extracted from ten pairs of selected portion of 

consecutive ECG and PPG signals. Then averaging is done and output values are 

represented in vector form for single record value.  Various features and their importance 

in blood pressure estimation are described as below.  

4.4.1 Pulse Transit Time (PTT) 

PTT can provide the basis for blood pressure measurement. Continuous and cuff less blood 

pressure measurement is possible due to PTT, which is a function of pulse wave velocity, 

[137]. PTT has a correlation with blood pressure and used by many researchers for BP 

measurement [138]. PTT reveals components of the cardiovascular changes that occur due 

to blood pressure fluctuation [139]. Blood Pressure hike increases arterial wall stiffness, 

which causes pulse wave to propagate faster and that results into short PTT duration. 

Conversely, when BP decreases, decreased stiffness in wall of arteries causes pulse wave 

to propagate slowly which results into long PTT duration[140]. 

PTT can be derived using R peak of ECG and pulse arrival at finger site where, PPG is 

measured. When heart ventricular contraction creates a pulse, it takes time to reach at 

arterial site, depending upon the elastic and geometric property of walls of arteries. The 

factors that affect the pulse wave velocity and PTT values are the elasticity coefficient, 
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arterial wall thickness, diameter of the vessel lumen and blood density [32]. R peak 

detection algorithm using wavelet decomposition technique described in chapter 3 R peak 

detection for wireless ECG using Dwt and Entropy of Coefficients helps to find R peak 

from ECG very accurately. R peak detection in ECG signal helps analysing PPG signal 

between two consecutive R peaks. Practically, PTT is measured as a time distance between 

R peak of ECG and Peak of PPG, as shown in Fig. 4.6, which is an indicator of arrival of 

pulse at finger site from where PPG is measured. It is required to measure both ECG and 

PPG synchronously, from a subject.  

4.4.2 Systolic amplitude of PPG 

Amplitude at systolic peak of PPG shows pulsatile changes in blood volume due to change 

in blood flow around arteries [141]. Myocardial contraction force, a cause of stroke 

volume, decides the shape of pulse wave. If this force is less due to weak myocardial 

contraction ability, the amplitude of PPG will decrease. Pulse amplitude has strong 

correlation with continuous systolic blood pressure compared to pulse arrival time [142].  

 

FIGURE 4-6 Derivation of features from ECG and PPG 

4.4.3 Pulse height 

With viscosity of blood, peripheral resistance increases as well. The corresponding 

variation of pulse wave indicates the fall of pulse pressure [143]. It has a strong relation 

with systolic blood pressure [142]. Difference between maximum to minimum amplitude 

of PPG wave is called pulse height and it signifies the fall of pulse pressure.  
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4.4.4 Heart rate  

Time between two successive systolic peaks of PPG helps to derive the heart rate. Heart 

rate represents variation in nervous system [144]. R-R interval of ECG correlates with peak 

to peak (p-p) interval of PPG [145,146].   

4.4.5 Dicrotic notch 

PPG is amalgamation of two waves (i) main wave and (ii) reflected wave. The main wave 

is caused due to left ventricular contraction of heart. Large blood volume exerting high 

pressure of blood on walls of arteries flows out of aorta to all arteries of body. If PPG is 

measured at finger, blood flow from left ventricle through aorta to finger causes main 

wave, whose initial amplitude is high and then decreases slowly. Diastolic peak occurs due 

to blood flows from aorta to small arteries lying in lower body part, from where the 

pressure waves are reflected back along aorta which further transmits up to a part where 

PPG is measured (finger). The reflected (secondary) wave is due to reflection of blood in 

vessel. The shape of secondary wave depends on arterial elasticity, blood viscosity, arterial 

resistance etc. The inflection point connecting these two waves is dicrotic notch [147]. The 

corresponding time indices on PPG, is used further for other parameter derivation. The 

location of inflection point of PPG is derived using waveform of derivative of PPG 

(PPGD). The pseudo code to find dicrotic notch is given in Fig. 4.7. 

=========================================================== 

Define i, threshold, s (sample) 

For 1 to s Do 

 If PPGD(s)>PPGD(s-i) && PPGD(s)>PPGD(s+i) 

  Candidatemax =PPGD(s) 

   If  Candidatemax  > threshold 

   Discard Candidatemax  and Go To next sample 

  else  

   Dictrotic_notch= Candidatemax 

   Locate  time indices of this Dictrotic_notch 

  end 

 end 

end 

========================================================== 

FIGURE 4-7 Pseudo code to find dicrotic notch 
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The location of dicrotic notch is indication of the closure of the aortic valve and 

subsequent blood flow. The location of inflection point of PPG is derived using first and 

second derivatives of PPG, as shown in Fig. 4.8. For deriving the dicrotic notch of PPG, 

local maxima point of first derivative of PPG is found, the indices points on PPG 

corresponding to local maxima of first derivative of PPG is dicrotic notch.  The value of 

second derivative of PPG is zero at these indices. Marking of dicrotic notch helps finding 

two other features namely Augmented Index (AI) and Large Artery Stiffness Index 

(LASI). 

 

FIGURE 4-8 Dicrotic notch detection from derivatives of PPG 

4.4.6 Augmentation Index (AI)  

Augmented Index (AI) indicates contribution of reflection wave to systolic amplitude. 

Narrowed and stiff arteries increase the resistance against which the heart pumps during 

each beat and increases pressure and cardiovascular risk. It is derived by computing the 

ratio of the systolic peak amplitude to amplitude at dicrotic notch [148]. 

4.4.7 Large Artery Stiffness Index (LASI) 

The difference between time at systolic peak and time at reflected peak (the time at which 

inflection point of PPG occurs) is considered for stiffness index measurement. This time 
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delay decreases with age, and LASI is increased [148]. LASI is derived by taking inverse 

of the time difference between PPG peak and dicrotic notch.   Derivation of AI and LASI 

in pictorial form is shown in Fig. 4.9. 

 

 

FIGURE 4-9 Extraction of PPG features AI and LASI 

Value of AI and LASI can be found using (4.3) and (4.4). 

X

Y
AI 

                                                                                                                            (4.3) 

  )(

1

tchDicroticnoPPGPeakTime
LASI




                                                                    (4.4)                                                     

Table 4.4 summarizes various parameters of PPG and their relation with blood pressure 

and the way they can be derived. 

TABLE 4.4 Summary of features for blood pressure estimation 

Parameter Importance 
Features of  ECG-PPG used to 

derive PPG Parameters 

Pulse Transit 
Time 

It gives the measure of pulse wave 
velocity. If PTT is smaller, PWV 
higher due to high pressure 
[24,27,30,149]. 

Time between R peaks of  
Synchronous ECG and PPG  
signals 

Pulse Height 
The change of height reflects the 
blood pressure change [142,143,30]. 

Difference between Maximum 
to minimum amplitudes of PPG. 

PPG Peak 
Amplitude 

It is an indicator for blood volume 
change due to blood flow in arteries 
[141] 

Amplitude of PPG at peak. 

Time Systolic 
(HR) 

It represents the variation in Nervous 
System [145,146]. 

Measurement of two 
consecutive peak-to-peak time 
interval of the PPG. 



Proposed algorithm for feature extraction 

72 
 

Dicrotic Notch 
When diabetes increases blood 
viscosity dicrotic notch is reduced 
[147]. 

Amplitude of PPG at dicrotic 
notch. 

Augmentation 
Index (AI) 

Measure of the wave reflection on 
arteries and arterial stiffness [148]. 

Ratio of peak amplitude of 
systolic wave to amplitude of 
Dicrotic notch. 

Large Artery 
Stiffness Index 

(LASI) 

It is measure for stiffness index 
measurement [148]. 

Taking inverse of the time 
difference between time at 
systolic peak and time at 
reflected peak 

4.5 Proposed algorithm for feature extraction 

Following steps describe derivation of all important features used for blood pressure 

estimation. 

1. Find out all R peaks and their respective time indices of ECG using R peak 

detection algorithm [150]. 

2. Select two consecutive R peak indices from step 1, take them as reference and find 

a. Global maxima of PPG between these two R peak indices, which is systolic 

peak. Note down the time index when peak of PPG occurs.  

b. Global minima of PPG between these two R peak indices.   

3. Find the difference between time indices of R peak of ECG and systolic peak of 

PPG that indicates PTT. 

4. Time between two successive systolic peaks of PPG is used as indicator of heart 

rate. 

5. Difference of maximum to minimum amplitudes of PPG indicates pulse height.  

6. The amplitude of PPG at dicrotic notch is derived, once dicrotic notch is found 

[147]. The ratio of amplitude of systolic peak to amplitude at dicrotic notch 

indicates Augmentation index. Time indices at systolic peak and at dicrotic notch 

are stored. 

7. Find the inverse of difference between time at systolic peak and time at dicrotic 

notch to find LASI. 

4.6 Simulation results  

Once R peak is detected, maxima and minima of PPG are derived between each successive 

R-R peaks. Fiducial points detected in ECG and PPG for one of the MIMIC record 

30/1262_0021 are shown in Fig. 4.9.  
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FIGURE 4-10 Feature extractions of ECG and PPG for MIMIC record 

Vital points from ECG and PPG captured with wireless prototype are shown in Fig. 4.10.  

 

FIGURE 4-11 Feature extractions from ECG and PPG captured with wireless media 

 

R peak detection on ECG is marked with circle, whereas maxima, minima and Dicrotic 

notch are marked with square, asterisk and small circle markers, respectively on PPG.   

Values of sample extracted features from MIMIC Records are reported in Table 4.5. 
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TABLE 4.5 Sample extracted features from MIMIC Records 

MIMIC  II 
Record No. 

PTT 
PPG Peak 
Amplitude 

Pulse Height 
Time 

Systolic 
AI LASI 

30/3000393 0.736 1.416052 1.392292056 0.869714286 3.298635 0.8339 

30/3000714 0.598667 0.444976 0.416707594 0.793454545 5.132152 0.938349 

30/3000860 0.725714 1.352887 1.606161596 0.824 4.50067 0.952502 

30/3000989 0.622769 1.672575 1.435603196 0.645818182 3.860847 1.769195 

30/3001203 0.371692 1.261524 0.935948456 0.733333333 2.565036 1.534718 

30/3001554 0.621818 1.922314 1.776853583 0.7464 4.093095 1.015144 

30/3001689/ 0.662933 0.466631 0.461676454 0.86 2.167951 0.95104 

4.7 Conclusion 

In this chapter, we described various features of ECG and PPG useful for blood pressure 

estimation and proposed an algorithm for extraction of all features. We presented 

simulation results for successful extraction of parameters on MIMIC as well as wireless 

databases.  
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CHAPTER 5   

Blood Pressure Estimation Using Traditional 
Techniques 

5.1 Introduction 

In this chapter, we propose implementation of various approaches for continuous blood 

pressure estimation. We present multiple linear regression approach that performs blood 

pressure estimation by regression network created using input output training pairs. A 

single model back propagation neural approach is proposed in which structural parameters 

of neural networks i.e. weights and biases are trained using input output training pairs. A 

single model SVR approach is also presented that approximates functional mapping 

between input-output. 

5.2 Generalised approach for blood pressure estimation 

This section gives general diagram of continuous blood pressure estimation, as shown in 

Fig. 5.1. MIMIC database is used here for all experiments in this chapter. First, acquired 

Electrocardiogram (ECG) and photo-plethysmogram (PPG) signals are pre-processed for 

noise removal. Then, features are extracted from data, as details given in last chapter 4 

Feature Extraction for Blood Pressure Estimation. Once feature extraction is over, data is 

ready to drive prediction model. Last, machine learning methods are used for estimation of 

systolic and diastolic blood pressures. Next sections present regression-based models; 

traditionally used single model neural-based and single model SVM-based approaches for 

blood pressure estimations. 
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FIGURE 5-1 Generalized block diagram of blood pressure estimation 

5.3 Blood pressure estimation using multiple linear regression 

This section presents blood pressure estimations using traditional multiple linear regression 

technique. Simple Linear Regression (SLR) method defines relation between single 

predictor variable and output response variable. When output response variable is 

influenced by more than one predictor variables, it is defined as multiple linear regressions 

(MLR). Multi regression is an extension of simple linear regression. Multi linear regression 

helps defining relation between one output response variable and many predictor variables. 

The addition of new predictor variables can create newer relationships. In Multi linear 

regression, input-output relation is given by (5.1). 

  pp XXXXY ....3322110                                                              (5.1) 

Where,  

Y- Output response variable,  

1
X , 2

X , 3
X  ...

p
X - input predictor variables, 

0
  -intercept, 

1
  , 2

  , 3
 and 

p
 are slopes and 

 - Prediction error 

This model is called multi linear regression as it is linear combinations of β parameters in 

model. One continuous dependent variable (Y) can be shown as function of independent 

variables (Xi).  

Estimated multi linear regression is given as equation (5.2).  

pp XbXbXbXbbY  3322110
ˆ

                                                                (5.2) 
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Where, 

Ŷ  - predicted value of dependent variable 

 b0, b1, b2,...bp are the estimates of 0
 ,  1

  , 2
  , 3

 and 
p

    

In multiple regression, each coefficient represents estimated change in dependent variable 

with respect to a unit modification in a given variable, keeping all other independent 

variables constant. When predictor variable starts showing correlation to other predictor in 

addition to dependent variable, it is called multicollinearity which is not preferable for 

MLR implementation. 

In MLR, algorithm starts with random selection of coefficients. Each predictor variable is 

associated with a linear coefficient. After completion of each iteration, coefficients are 

updated. The algorithm continues to update coefficients until required minimization of sum 

squared error between estimated output and reference output response is achieved as given 

in (5.3). 

 

 

                                                                           (5.3) 

Where, n is the total number of training data. 

5.3.1 Simulation Results  

From MIMIC records total 193 vectors are derived using algorithm for features extraction 

explained in chapter 4 Feature Extraction for Blood Pressure Estimation. Total database is 

bifurcated into 106 training data and 87 testing data. For systolic and diastolic pressures 

estimations, Microsoft Excel with data analysis Add-in and regression tools has been 

used to derive model for systolic and diastolic pressure estimation given in (5.4) and (5.5) 

respectively.  
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Mean Arterial Pressure is derived using systolic and diastolic pressure estimated from 

machine learning method using relation given in (5.6). 

 

3

)PrPr*2( essureSystolicessureDiastolic
MAP




                                                       (5.6)
 

 

Table 5.1 demonstrates observed statistics for systolic and diastolic pressure estimations. 

The performance of algorithm is evaluated on the basis of various evaluation parameters 

like their cumulative percentage of errors, Mean Absolute Error (MAE), Mean Error (ME), 

Mean Square Error (MSE), Root Mean Square Error (RMSE), and Standard Deviation 

(STD_DEV) as defined in chapter 2 Literature Survey and Hardware Description. For 

linear regression, R squared and adjusted R squared has been used to check the fitness of 

regression. From Table 5.1, for systolic pressure estimation 23% test records have error 

less than 5 mm of Hg, 45% records have error less than 10 mm of Hg error while 63% 

records are having error less than 15 mm of Hg. For diastolic estimation, total 31% test 

records are having error less than 5 mm of Hg, 71% records having estimation error less 

than 10 mm of Hg while 91%  records having error less than 15 mm of Hg. From the 

results of systolic and diastolic pressure estimation, MAP values are derived using 

equation (5.6).  The values of MAE, ME, RMSE and STD_DEV for systolic, diastolic and 

MAP estimation for test records are given in Table 5.1. 

TABLE 5.1 Systolic, diastolic and MAP pressure estimations using multi linear regression 

Estimated 
Parameter 

Cumulative error in 
percentage (%) 

MAE ME MSE RMSE 
STD_DE

V <5mm 
of Hg 

<10mm 
of Hg 

<15mm 
of Hg 

Systolic 
Blood 
Pressure 
(SBP)  

23 45 63 12.99 1.403 253.63 15.93 15.97 

Diastolic 
Blood 
Pressure  
(DBP) 

31 71 91 8.216 
-
0.637 

92.37 9.611 9.652 

Mean 
Arterial 
Pressure 
(MAP) 

35 
 

60 
 

88 
 

8.287 
 

-
0.892 
 

102.53 
 

10.126 
 

10.152 
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5.4 Blood pressure estimation using single model back propagation 
neural network 

As introduced in section 2.3.2., neural networks have been extensively used to solve many 

nonlinear function approximation problems with good accuracy due to their generalisation 

ability. Self adaptive learning ability of neural networks make them "model free 

estimators" and gives distinctive edge over mathematical model-based estimators.   

Widely used structure of neural network is fully connected, feed forward multi layer 

Perceptron (FF-MLP) with error back propagation as learning algorithm.  It is commonly 

known as back propagation neural network (BPNN) and can learn and preserve various 

input-output mapping relationships. General architecture of neural network is layered 

based (m-p-n) where, m-are number of input neurons, p-number of hidden neurons and n-

are output neurons, as shown in Fig. 5.2. 

Traditional neural network architecture generally comprises of two layers of neurons of 

which, first layer is having m neurons that feed into the second layer having p neurons. The 

first layer (input layer) is used to hold the input data and distribute this data to units in next 

layer. The second layer (hidden layer) drives the network and final output are generated 

from output layer (generally, excluded to define two layer architecture). If every output 

from a single node is connected to every node in next layer, it is called fully connected 

network.  

 

FIGURE 5-2 fully connected feed forward network with one hidden layer and one output layer [111] 
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5.4.1 Back Propagation Neural Network (BPNN) 

Back propagation is one of the most widely used methods for supervised learning of MLP. 

Back propagation algorithm constitutes two phases of data flow. First, input pattern is 

propagated from input terminal to the output layer and produces an estimated output. Error 

signal is computed as difference between estimated outputs to the desired (known) output. 

This error signal is back propagated from the output layer to hidden layer to update the 

weights of hidden/input layer. These weights will be kept updated till, the error becomes 

sufficiently small. 

First layer computations:  

Defining the xi’s as input vector, Wij as input hidden weight matrix and hidden layer output 

Zj allows to write 

...2,1,,..2,1,);....( pjmiwherewxwZ joiijj     

(5.8a)
 

Or alternately,    

o

T wxWZ 
    

(5.8b) 

Where, 
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 The output of hidden layer is denoted as 

)(
o

T wxWZ                                                                                                            (5.9b) 

Where, 
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is an activation function at hidden layer. 
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Activation functions are used to give required non linearity for mapping purpose and found 

with many variations [111].   

Second layer computations:   

The output from the neural network is given as 

oo vwVxy  )(ˆ 
                                                                                                                  (5.10) 

 
 

ovVzy ˆ
                                                                                                                                         (5.11) 

Where, 
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Computation of error, error back propagation and weights update: 

Actual output ( ŷ ), as predicted by neural model, is compared with desired output y and 

error (e) is computed for given training pattern. In turn, all training patterns are presented 

one by one and such errors are computed.  Once  such epoch (presentation of   training 

pattern once) is over,  proper performance evaluation parameter (SSE or MSE) is 

computed, local gradient is computed and based on it,  weights of  learning parameters of 

hidden-output (p-n) and input-hidden (m-p) layers are adjusted using 5.13(a) and 5.13(b). 

 

1_** 1
1 gradientlocalVV n

ij
n

ij  

                                                                             (5.13a) 

2_** 2
1 gradientlocalWW n

ij
n

ij  

                                                                         (5.13b) 

Where, ,  , are constants (between 0 -1) and show stability (or forgetness)   while 1
  , 

2
 are learning rate (adaptability) constants (between 0 -1).  Superscripts values (n and 

n+1) show two consecutive iteration numbers and 1_ gradientlocal  and 

2_ gradientlocal  show corrections required based on adaptation algorithm derived from 

performance evaluation parameter- MSE. Training stops based on the parameters like 
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evaluation parameter converges, goal achieved, maximum permitted epochs completed, 

learning rates increases/decreases than thresholds etc. Above method is called error-back 

propagation and the mode which is available is called batch mode.  It is worth to note that 

various heuristics are available to make back-propagation algorithm perform better.  

Various enhanced versions of standard back propagation method are also available. 

5.4.2 Blood pressure estimation using back propagation neural network 

 

FIGURE 5-3 Block diagram for neural-based model for blood pressure estimation 

Fig. 5.3 shows details of classical approach of neural multi layer perceptron network 

proposed to solve the estimation of blood pressure using features extracted from ECG and 

PPG. Two outputs namely systolic and diastolic pressure is to be estimated using neural 

network. As described in the beginning of this chapter MIMIC database is used for 

experimental work. For training of neural network, input features are derived from PPG 

and ECG waveforms and reference outputs (systolic and diastolic blood pressures) are 

measured from ABP waveform. ECG and PPG signals acquired are used to extract input 

features for network.  

Data representation: 

Total six features, as mentioned earlier in chapter 4 Feature Extraction for Blood Pressure 

Estimation, are used to train neural network. 

1 Peak Systolic Amplitude of PPG ( PEAK
PPG ) 

2 Time between two consecutive peaks of PPG (TIMESYS) 

3 Difference between maxima and minima of PPG ( PULSE
HEIGHT ) 

4 Time between R peak of ECG and peak of PPG (PTT) 

5 Augmentation Index (AI) 

6 Large Artery Stiffness Index (LASI) 
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Data pre-processing: 

Feature data usage in its raw form can be harmful and may deteriorate results. Apart from 

denoising, proper presentation and normalisations are equally important in order to 

properly train any intelligent machine (including neural network). We have carefully 

investigated six features selected and found that three features TIMESYST, PTT and LASI 

are inversely proportional to blood pressure value. In order to synergise their values with 

other parameters and to realise effective training, magnitude of three parameters for each 

feature vector is subtracted from their maximum value to give direct relation to blood 

pressure. All values of different records are the normalised by using (5.14) to scale them 

between 0 to 1. 

minmax

min

XX

XXi
Xn





                                                                                     

                   (5.14) 

Selection of parameters for neural network training: 

(a) Selection of number of neurons: 

Number of neurons in the hidden layer plays an important part for successful training. In 

general, it is observed that increase in number of neurons may help to map non linearity 

between input and desired outputs. However, "more is always better" does not always 

work in neural network and sometimes utilising more number of neurons than required, 

may cause undesired interpolation errors and degrade network performance. Various 

studies have given different heuristics and among them most commonly found are to start 

with number equal average of number of input and output neurons. If desired performance 

is not achieved we may increase/decrease number of neurons in hidden layer using trial 

and error method.  For complex mapping problem like BP estimations where, variability 

between different inputs and inputs itself with respect to time is high; we may start with 

slightly higher number than average values. Table 5.2 shows the test results of MSE for 

experiment with different number of hidden layer neurons.  

TABLE 5.2 Test results carried out for number of hidden layer neurons 

Test 
Network 

Number of 
neurons (Hidden 

layer) 

MSE 
performance 

Epochs 

Net1 15 0.0710 132 

Net2 20 0.227 29 

Net3 10 0.162 20 
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As shown in Table 5.2, experimentation is carried out with 10, 15 and 20 neurons in 

hidden layer. Network with 15 neurons in a hidden layer is found giving minimum MSE 

(0.0710) and hence, is selected for proposed work.  

 (b) Selection of transfer function: 

Transfer function plays an important role in neural network training as it gives required 

non-linearity between desired output and actual output (available after passing through 

weights and bias). Different types of transfer functions namely linear, sigmoid, tansig etc. 

are available. In our work, after pre-processing and normalisation, as our inputs range 

between positive values, 'sigmoid' activation function is selected at hidden layer. For 

output layer, main task is to classify (predict) the different output values and hence, 'linear' 

function is used.  

(c) Learning function and selection of training mode: 

In order to speed up training ‘Traingda’, one of neural network training function is used. It 

updates weight and bias values as per standard gradient descent adaptive rule to minimize 

the error performance MSE. There are two modes of training available (a) incremental 

training (b) batch mode of training - Incremental mode is preferred for dynamically 

evolving network and is computationally costly. For prediction (classification) problems, 

whenever sufficient data is available for training; batch mode works well and is used for 

BP estimation in this work.  

(d) Initializations of learning parameters: 

Success of any search algorithm heavily depends upon the point at which it starts. If target 

is known, starting search from nearby point will help to reach desired results.  However, 

for complex problems, initialisation depends upon many parameters and having variation 

in data, selection of starting point is a critical problem. Unlike various numerical 

optimization methods, starting from all zeroes (weights and bias) can result in catastrophic 

failure as it is highly biased condition.  Heuristic algorithms used in black-box 

architectures tend to give better results (may be after few trails) when parameters are 

randomly initialised. In this situations, when they get favourable initial conditions, will 

give best of results. Hence, we have used ‘random’ selection of training parameters 

(weights and biases).    
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(e) Selection of evaluation parameter: 

Like most learning algorithms, back propagation algorithm also inherently requires 

differentiability, mean square error (MSE) or sum squared error (SSE) is an obvious 

choice.  

5.4.3 Simulation results  

In simulation set up, total 106 normalised data have been used as training pairs for feed 

forward back propagation type neural networks. There are two layers, in which hidden 

layer comprises 15 neurons where, output layer contains 2 neurons. Training function and 

adaption learning function are ‘traingda’ and ‘learngda’, respectively. The evaluation 

function used is MSE. Fig. 5.4 shows snapshot of neural network training, and summary of 

various parameters used is shown in Table 5.3.   

 

FIGURE 5-4 Snapshot of neural network training with various parameters 

                 

TABLE 5.3 Simulation parameters for training back propagation neural network 

Total number of training pairs 106 

Type Feed forward Back propagation 
Training Function Traingda 

Adaption learning function Learngda 

Performance function MSE 

No. of Layer 2 

Number of neurons in input 
layer 

6 

Number of hidden neuron 
15 

Number of neuron in output 
layer 

2 
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Once training is completed, training results summary is as shown in Fig. 5.5.The dotted 

line in regression plot sets the desired result between outputs and targets. The coloured line 

signifies currently achievable best fit between outputs and targets. R value highlights 

quality of regression and values closer to one indicates good relationship. In the Fig. 5.5, R 

equal to 0.87 indicates good fit.  

 

FIGURE 5-5 Regression plot after training back propagation neural network 

 

Table 5.4 shows systolic, diastolic and mean arterial pressure estimation results. 

Performance of algorithm is evaluated on the basis of cumulative percentage of errors for 

three different limits (i.e., 5, 10, and 15 mm of Hg). 21% of total test records have systolic 

estimation error less than 5 mm of Hg. 39% records have error less than 10 mm of Hg 

while 57% records have error less than 15 mm of Hg.  For systolic estimation total 43% 

records have error greater than 15 mm of Hg.  For diastolic error, 30% records have error 

less than 5 mm of Hg, 62% records have error less than 10 mm of Hg while 79% records 

have error less than 15 mm of Hg.  21% test records estimated diastolic pressure estimation 

with error value greater than 15 mm of Hg.  MAE, ME, MSE, RMSE, and STD_DEV 

5 6 7 8
5

5.5

6

6.5

7

7.5

8

8.5

Target

O
u
tp

u
t 
~=

 0
.7

6
*T

ar
g
e
t 
+ 

1
.6

Training: R=0.87779

 

 

Data

Fit
Y = T

5.5 6 6.5 7 7.5 8
5.5

6

6.5

7

7.5

8

Target
O

u
tp

u
t 
~=

 0
.3

8
*T

ar
g
e
t 
+ 

4
.2

Validation: R=0.45233

 

 

Data

Fit
Y = T

5.5 6 6.5 7 7.5 8

5.5

6

6.5

7

7.5

8

Target

O
u

tp
u

t ~
=
 0

.9
*T

ar
g
e
t 
+ 

0
.8

9

Test: R=0.9519

 

 

Data

Fit
Y = T

5 6 7 8
5

5.5

6

6.5

7

7.5

8

8.5

Target

O
u

tp
u

t ~
=
 0

.7
2*

T
a
rg

e
t +

 1
.9

All: R=0.82736

 

 

Data

Fit
Y = T



Blood Pressure Estimation Using Traditional Techniques 

87 
 

values for systolic, diastolic and MAP estimations are given in Table 5.4.  Comparison of 

blood pressure estimation result with MLR is discussed later.  

TABLE 5.4 Systolic, Diastolic and MAP pressure estimations using BPNN 

Estimated 
Paramete

r 

Cumulative error in 
percentage (%) 

MAE ME MSE RMSE 
STD_ 
DEV 

<5mm 
of Hg 

<10mm 
of Hg 

<15m
m of 
Hg 

Systolic 
Blood 
Pressure 
(SBP) 

21% 39% 57% 14.605  -3.33  327.57  18.09  18.09  

Diastolic 
Blood 
Pressure 
(DBP) 

30% 62% 79% 9.43 1.196 132.63 11.51 18.09  

Mean 
Arterial 
Pressure 
(MAP) 

23% 53% 81% 9.959 -0.590 137.62 11.731 11.79 

5.5 Blood pressure estimation using single model support vector    
regression 

 

FIGURE 5-6 Block diagram for blood pressure estimation using SVR 

Support Vector Regression (SVR) is a method to approximate a function that maps from an 

input to output as per available training data [108,151]. 

Suppose, the training set is represented by (5.14). 

 )},),.....(,(),,( 2211 mm yxyxyxD                                                                                   (5.14) 

Where, X is m dimensional vector, yi is real number represents output for each xi. 

The function F(x), which maps xi to output yi, is given by (5.15). 
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bxwxF i
T  *)(                                                                                                          (5.15) 

Where, w is the weight vector and b is the bias.  

The goal of SVR is to estimate the kernel function f(x) such that it gives the best fit of the 

data. In ε-SVM regression, goal is to identify function f(x) that can deviate by maximum 

epsilon error ε from desired goal yi for each training point xi. It means that for every input 

vector x, condition as (5.16) should be met.  









ii
T

i
T

i

ybxw

bxwy

                                                                                                            (5.16) 

Errors are not taken cared as long as they are less than ԑ. The margin is 1/
2

w . For 

simplifying computations, when function is minimizing ||w||2, margin can be maximized by 

1/
2

w . In such case, as per classical optimization theory, training in SVR can be visualised 

as a constrained optimization problem, given by (5.17) and (5.18). 

Minimize: 2

2

1
)( wwL      (5.17) 

Subject to,  yibxiwT
    (5.18)       

Where, L is the Lagrangian. 

It should be noted that there is no margin of error in above problem formulation. In order 

to allow some errors indicating presence of noise in the data, above problem can be 

modified as Lagrangian constrained optimisation problem and objective function is 

marginally sacrificed inducing slack variables   and ̂ . The revised optimization 

problem is written as below [152]. 

Minimize: )(
2

1

1

2 


  

P

i

Cw                                                                                         (5.19) 

Subject to, 
Piiyibxiw

Piibxiwyi
T

T

,....1;

,....1;







                                                              (5.20)                                     

Where i  and 
i  >=0; i=1, P.  The constant C > 0 is the regularisation parameter or 

penalty value and sets trade off between the desired optimal value amounts of deviations 

(larger than ԑ) permitted.  
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5.5.1 Design parameters of SVR [153,154] 

During training of the record, three design parameters are important in SVR. The 

regression model depends on the three tuning values of Cost (C), epsilon error Ԑ and kernel 

parameter function   while training SVR. Two parameters Cost(C) (or penalty) and 

precision epsilon are called design hyper parameters. First parameter, cost (or penalty) is 

having value between 0 and infinity (practically high value) indicates the penalty 

(objective value compromise) associated when errors are larger than epsilon. Literature 

suggests that value of Cost can be approximately decided by utilising the output response 

characteristics. Analytical selection of C parameter directly from the training data can be 

approximated using six- sigma formula as given by (5.21). 

)*3,*3max( yy yyC  
                                                                                     (5.21) 

Where, y  and 
y

  are the mean and the standard deviation of training data (y), 

respectively.  

Second parameter epsilon indicates precision value. By increasing epsilon, the number of 

support vectors is decreased, and yields flat response. As given in [153], practical 

prescription for epsilon can be given as (5.22). 

n

nln
3 

                                                                                                                  (5.22) 

Where, n is size of training dataset. 

Kernel scale is a third hyper parameter. Selection of    kernel width/scale in radial basis 

function (RBF) function is chosen as  = (0.1 to 0.5)*range(x). 

5.5.2 Selection of tuning parameters for SVR: 

1. Select regularization parameter (C) heuristically from training set given by (5.21), 

where, y  is the mean and 
y

  is the standard deviation of training outputs. The 

result of step 1 gives coarse parameter values. 

2. Select value of Ԑ <1 randomly and by keeping kernel parameter (λ) in auto mode, 

find different combination of (C, Ԑ and λ) by giving range of C around coarse 

value selected from step 1. The best combination of (C, Ԑ and λ) pair with the 

minimum MSE by cross-validation is selected to get the fine tuned value of C. 
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3. Finalise value of Cost C (derived from above two steps), keep kernel parameter in 

auto mode, keep Ԑ small and cross-validate with training set  with new 

combinations of (C, Ԑ and λ) to get the corresponding MSE. The Ԑ in the (C, Ԑ and 

λ) combination with the minimum MSE is selected to be the best Ԑ. 

4. At last, decide the value of kernel scale by grid search by keeping C and Ԑ fixed 

from step 1 to 3. 

Final selection of cost C, epsilon Ԑ and kernel parameter λ at the end of three trials are 

given in first, second and third row of Table 5.5. During each trial and with different 

combinations of tuning parameters, MSE is given in the last row of table.  

TABLE 5.5 Selection of best tuning parameter for SVR model 

Meta parameter Trial 1 Trial 2 Trial 3 

Penalty  (C) 
Range [0.1:0.1:10] 

Best C=0.4 
0.4 

 
0.4 

 

Epsilon 0.0001 
Range  [0.0001:3] 

Best Ԑ =0.0001 
0.0001 

Kernel scale auto auto 
Range[0.1:0.1:5] 

best  λ=2.12 

MSE 135.1782 89.4642 87.92 

 
5.5.3 Simulation results  

Systolic, diastolic and mean Arterial Pressure estimation results for SVR are given in 

Table 5.6.   

TABLE 5.6 Systolic, diastolic and MAP pressure estimations using SVR 

Estimated 
Parameter 

Cumulative error in 
percentage (%) 

MAE ME MSE RMSE 
STD_ 
DEV <5mm 

of Hg 

<10m
m of 
Hg 

<15mm 
of Hg 

Systolic Blood 
Pressure (SBP) 26% 55% 71%   2.043 1.91 253.56 15.923 15.91 

Diastolic Blood 
Pressure (DBP) 35% 78% 84% 7.954 1.860 103.81 10.18 10.083 

Mean Arterial 
Pressure (MAP) 39% 69% 88% 8.137 1.602 113.20 10.639 10.587 

From Table 5.6, it is observed that for systolic pressure estimation using SVR, total 26% 

records have error less than 5 mm of Hg, 55% records have error less than 10 mm of Hg, 

while 71% test records have error less than 15 mm of Hg. For only 29% records estimated  
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values are greater than 15 mm of Hg. For diastolic pressure estimation, 35% records have 

error less than 5 mm of Hg, 78% records have error less than 10 mm of Hg and 84% test 

records are having error less than 15 mm of Hg. Total 16% test records have error greater 

than 15 mm of Hg for diastolic pressure estimation. 

5.6 Comparison of traditional techniques for blood pressure 
estimation  

In this section, we present comparison of MLR, BPNN and SVR approaches for 

estimation of systolic, diastolic and mean arterial pressures. Table 5.7 highlights 

comparison for estimation of systolic pressure on MIMIC Database. It can be easily seen 

that all three approaches are able to estimate systolic blood pressures reasonably good. 

However, estimation using single model SVR approach is better than MLR and BPNN for 

almost all evaluation parameters i.e. except ME where, MLR is slightly better.  

TABLE 5.7  Performance evaluations for estimation of systolic pressure for MIMIC database 

Estimated 
Parameter 

Cumulative error in 
percentage (%) 

MAE ME MSE RMSE 
STD_ 
DEV <5   

mm of 
Hg 

<10 
mm of 

Hg 

<15 
mm of 

Hg 

Multiple 
Linear 
Regression 

23.37% 45.45% 63.63% 12.99 1.403 253.63 15.93 15.97 

Single model   
BPNN 
 

20.77% 38.96% 57.14% 14.60 -3.33  327.57  18.09  18.09  

Single model  
SVR  25.97% 54.54% 71.42% 12.04 1.91 253.56 15.923 15.91 

Similar facts can be observed for estimation of diastolic and mean arterial pressures, as 

shown in Table 5.8 and Table 5.9, respectively. But it is to be noted here that no 

traditional methods used here are able to meet with standards of BHS and AAMI (as 

described in section 2.6 Performance measures for R peak detection and blood pressure 

algorithm). For systolic or diastolic blood pressure estimations error are not below 

required threshold values to get any grade according to BHS standards. The value of 

STD_DEV is also not below required limits according to AAMI standards. 
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TABLE 5.8 Performance evaluations for estimation of diastolic pressure for MIMIC database 

Estimated 
Parameter 

Cumulative error in 
percentage (%) 

MAE ME MSE RMSE 
STD_ 
DEV <5  

mm of 
Hg 

<10 
mm of 

Hg 

<15 
mm of 

Hg 

Multiple 
Linear 
Regression 

31.16% 71.42% 90.90% 8.216 -0.637 92.37 9.611 9.652 

Single model   
BPNN 
 

29.87% 62.33% 79.22% 9.43 1.196 132.63 11.51 18.09  

Single model  
SVR  

35.06% 77.92% 84.41% 7.954 1.860 103.81 10.18 10.083 

 

TABLE 5.9 Performance evaluations for estimation of MAP for MIMIC 

Estimated 
Parameter 

Cumulative error in 
percentage (%) 

MAE ME MSE RMSE 
STD_ 
DEV <5 

mm of 
Hg 

<10 
mm of 

Hg 

<15 
mm of 

Hg 

Multiple 
Linear 
Regression 

35.06% 
 

59.74% 
 

87.61% 
 

8.287 
 

-0.892 
 

102.53 
 

10.126 
 

10.152 
 

Single model   
BPNN 
 

23.37% 53.24% 80.51% 9.959 -0.590 137.62 11.731 11.79 

Single model  
SVR  

38.96% 68.83% 88.31% 8.137 1.602 113.20 10.639 10.587 

5.7 Conclusion 

In this chapter, blood pressure estimation using various single model machine learning 

techniques like MLR, BPNN and SVR are implemented and their performance evaluation 

is discussed. For all experimentation features of MIMIC database are divided into training 

and test records. For each method, the systolic and diastolic pressures are estimated for 

test records. Mean arterial pressure values are derived from estimated pressure values of 

systolic and diastolic blood pressure. The tuning parameters used while training for each 

method are described in detail. In general, support vector regression method performs 

better than multiple linear regressions and back prorogation neural network for estimation 

of systolic, diastolic as well as mean arterial pressure. But it is worth to mention here that 

no traditional methods used are able to meet with standards of BHS and AAMI. 
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CHAPTER 6  

Distributed Model Approach for Blood Pressure 
Estimation  

6.1 Introduction 

Blood pressure estimation is a challenging problem for machine learning algorithms. These 

challenges are due to (a) variability found in input data and (b) non- uniform training 

samples. In case of (a) it is found that slight variation in input data, results in changing 

blood pressure significantly. Relationship among the input parameters and blood pressure 

is highly non-linear and very difficult to capture as a single relationship model over entire 

range of pressure. Case (b) becomes evident when data is taken from unclassified subjects. 

Available data is non-uniform for different blood pressure range i.e. Most of the training 

data for systolic pressure found near 110 to 140 mm of Hg of systolic pressure value and 

significantly less data in range of 150 mm  and above  for systolic pressure. This 

introduces unintended bias while training machine learning algorithms and results in lower 

accuracy rates in blood pressure estimation. Existing methods for cuff less techniques of 

blood pressure measurement struggle to meet BHS standard [118] grades especially, in the 

case of estimating systolic pressure. In last chapter 5 Blood Pressure Estimation using 

Traditional Techniques, single model approach using MIMIC database have resulted into 

non compliance with BHS or AAMI standards. In this chapter, distributed model approach 

is proposed to estimate blood pressure from time domain features of ECG and PPG to 

overcome problems with current single model approaches. The algorithm uses support 

vector regression or back propagation neural network for training distributed models. 

During testing phase, extracted features are first passed through trained pre-classifier and 

further diverted to one of the relevant distributed models by which blood pressure 

estimation is carried out. The algorithm is tested on wireless data captured from 87 

subjects using prototype device and MIMIC database. The results for accuracy of blood 
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pressure estimation are compared to similar work according to BHS and AAMI standards. 

In addition, all research algorithms are generally validated using signals available from 

physionet [136] but, they do not consider wireless modes of capturing data that is 

inherently required for wearable devices.  

6.2 Block diagram of proposed distributed model approach for blood 
pressure estimation 

The block diagram of proposed distributed model approach for estimation of systolic and 

diastolic pressures is shown in Fig. 6.1.  

 

FIGURE 6-1 Proposed distributed model approach for estimation of systolic and diastolic pressures 

Using prototype model, simultaneous capturing ECG and PPG have been carried out from 

subjects in sitting position. For reference value of blood pressure, values of systolic and 

diastolic pressure are derived from Arterial Blood Pressure (ABP) wave in case of MIMIC 

database / reading from sphygmomanometer in case of wireless database considered.  Pre-

processing stage removes unwanted noise from the acquired signals. For ECG, pre 

processing steps takes care of removal of high frequency noise, low frequency noise as 

well as power line interference if any. Filtering of PPG signal takes care of removal of 

noise and retains the signal information intact. Feature extraction algorithm extracts R peak 

of ECG and other six features form PPG as described in Chapter 4 Feature Extraction for 

Blood Pressure Estimation. The total dataset comprises of these set of features and 
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reference value of blood pressure for individual. The complete dataset is divided into 

training and testing dataset. The dataset for training is divided into k sub-groups having 

different small ranges of reference blood pressure value and individual subgroup is used 

for training separate models. For training the individual model soft computing approaches 

namely SVR and BPNN explained earlier in chapter 5 blood pressure estimation using 

traditional techniques using is used. Selection/ tuning of design parameters for SVR and 

BPNN are followed in same way as explained in chapter 5 blood pressure estimation using 

traditional techniques for training model. Distributing dataset into subgroups helps to 

capture and distinguish smaller range of blood pressure and provides better training. At the 

same time, pre-classifying and dedicating a separate model to capture range of blood 

pressure will alleviate undue biasing in data.  

In Parallel, SVM pre-classifier is trained using dataset of k-subgroups. SVM is considered 

one of the most powerful classifier in machine learning. SVM classification is a supervised 

learning method and useful for classifying nonlinear dataset of feature vectors and blood 

pressure values. Each k-subgroup is given one model number/label which is considered a 

separate class.  At the end of training phase there are Mi distributed trained models and 

trained Pre-classifier. During testing phase, when accurate value of blood pressure is to be 

estimated from features vector, a single model is to be chosen among the Mi distributed 

trained models. The single model which would accurately estimate the blood pressure 

value is chosen by trained SVM Pre-Classifier, which will further classify the test feature 

into particular class. And thus the test feature is further diverted towards the relevant blood 

pressure estimation model among many available. Finally selected model is used to 

estimate blood pressure value for the given test feature. 

6.3 Proposed algorithm  

The proposed algorithm of distributed model approach for estimation of systolic and 

diastolic pressures is briefly described below. 

1. Acquire ECG and PPG using prototype model. Also measure actual blood pressure 

using sphygmomanometer that will serve as a reference. 

2. Apply pre-processing to remove unwanted noise on acquired signals. 

3. Extract informative features from ECG and PPG after pre-processing signals 

4. Distribute the dataset into training and testing dataset after normalising it. 
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5. Divide training set with a wide range of systolic pressure into k smaller groups Mi 

= (Si, Di) where, ki 1 ; Mi is ith model, Si and Di are systolic and diastolic 

pressures.  

6. For each of k data groups, train a model for blood pressure estimation. At the same 

time, SVM pre-classifier is also trained for each of k groups with the help of known 

labels of Mi models.  

7. During test phase, first pass extracted features through SVM pre-classifier and 

further diverted to the relevant blood pressure estimation model (Mi). 

8. Evaluate the performance of models using estimated results and actual values. 

The algorithm steps have been implemented on MIMIC database as well as wireless signal. 

Stepwise results are described below. 

6.4 Pre-classification using support vector machine 

SVM was originally introduced by Authors of [109] and extended further [155]. SVM has 

been used for data classification that involves training as well testing data instances. In the 

training set, each input instance is associated with one label for defining a particular class. 

Classical SVM approach, processes input data and assigns binary label using hyper plane, 

maintaining maximum possible distance to the points as given during training. When data 

are not linearly separable, it identifies kernel in which input data that undergoes nonlinear 

mapping and get transformed into high dimensional space where they can be classified. 

The equations which are applicable to support vector regression can be applied to SVM by 

considering yi as not real target output, but as binary labels given for identifying the data 

into a particular class or division. Classification using SVM is an example of supervised 

learning in which output (known) labels provides checksum for quality of SVM model 

training.  

In this work, training set containing a wide range of systolic pressure values is distributed 

into three smaller sub groups (having  smaller ranges than original combined data) of blood 

pressure namely 90 to 120 mm of  Hg, 120 to 150 mm of  Hg and 150 to 180 mm of  Hg. 

For each of three sub groups, a separate model is trained for systolic and diastolic blood 

pressure estimation. At the same time, SVM pre-classifier is also trained for each of 3 

groups with the help of known labels of 3 models class. During test phase, first extracted 
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features are passed through SVM pre-classifier and further diverted to the relevant blood 

pressure estimation model. The accuracy of classification is reported in Table 6.1.  

TABLE 6.1 Accuracy of pre-classification using SVM 

Test data Number of Test 
Records 

Accuracy 

Model 1(90-120 mm of Hg ) 24 95.57% 

Model 2(120-150mm of Hg) 58 100% 

Model 3(150-180mm of Hg) 10 100% 

As the database is distributed in three different classes, so test data is checked for the 

possibility to be in any of three classes.  

6.5 Results and discussions  

Blood pressure estimation is carried out by trained models either by support vector 

regression or by back propagation neural network. During testing phase, once extracted 

features are passed through pre-classifier, model that will perform blood pressure 

estimation for current record is known.  Proposed algorithm is validated on MIMIC 

database as well as wireless database. The performance of algorithm is evaluated against 

BHS and AAMI standards. BHS Standard as discussed in chapter 2 Literature Survey and 

Hardware Description, grades blood pressure measurement devices or methods on the basis 

of their cumulative percentage of errors lesser than three different limits, as shown in Table 

2.4. AAMI requires blood pressure measurement device/method to have Mean Error (ME)  

below 5 mm of Hg  whereas, standard deviation (STD_ DEV) values below 8 mm of Hg, 

respectively.   

6.5.1 Validation of proposed algorithm on MIMIC database 

In order to prove efficacy of proposed work, proposed distributed model approach of SVR 

and BPNN methods are implemented and evaluated on MIMIC database. Comparison of 

single model methods for estimation of blood pressure with proposed approach is shown in 

Table 6.2 and Table 6.3.  Results of work carried out by traditional methods using single 

model methods are reproduced for comparisons from chapter 5 blood pressure estimation 

using traditional techniques.  
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(A) Evaluation with respect to British Hypertension Society (BHS) - 

As shown in Table 6.2, with respect to BHS standards results of error in systolic, diastolic 

and MAP estimation using proposed distributed approach with BPNN and SVR modelling 

is presented. For systolic pressure estimation, more than 75% test records have error less 

than 10 mm of Hg, and more than 90% records have error less than 15 mm of Hg. Thus 

proposed distributed model using BPNN and SVR approaches fall under grade B as less 

than 60% records have error less than 5 mm of Hg.  Similarly, for diastolic pressure 

estimation, more than 60% records give error less than 5 mm of Hg, more than 75% test 

records have error less than 10 mm of Hg, and more than 90% records have error less than 

15 mm of Hg. The proposed distributed model using SVR and BPNN approaches achieve 

grade A whereas traditional methods fail to achieve any grades. For estimating mean 

arterial pressure the proposed method is consistent with the grade A as per BHS standard. 

TABLE  6.2 Systolic, diastolic and MAP pressure estimation using proposed approach with BPNN and SVR 

 % Cumulative error in estimation of 

 Systolic Diastolic MAP 

Threshold 
mm of Hg 

<5 <10 <15 <5 <10 <15 <5 <10 <15 

Proposed 
distributed 
model 
approach 
(BPNN) 

50.6 76.6 91 62.3 85.7 95.8 67.5 88.3 96.1 

BHS grade Grade B Grade A Grade A 

Proposed 
distributed 
model 
approach 
(SVR) 

53.2 79.2 94.8 68.8 88.3 97.4 72.7 92.2 98.7 

BHS grade Grade B Grade A Grade A 

 

In Table 6.3, the comparison of results of distributed model approach is carried out with 

single model approach experimented in last chapter 5 Blood Pressure Estimation Using 

Traditional Techniques. Traditional approaches are not able to achieve any grades while 

using distributed model approach achieves BHS grade B and grade A for systolic and 

diastolic pressure estimation respectively. 
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TABLE  6.3 Comparison of various methods for estimation of blood pressure with respect to BHS standards 

Method used for 
MIMIC database 

%  Cumulative error 
for systolic pressure 

estimation 
BHS 
grade 

% Cumulative error 
for diastolic pressure 

estimation 
BHS 
grade 

Threshold mm of Hg <5 <10 <15 <5 <10 <15 

Multiple Linear 
Regression 

23.37 45.45 63.63 No 
grade 

31.16 71.42 90.90 
No 

grade 

Single model 
approach(BPNN) 

20.77 38.96 57.14 No 
grade 

29.87 62.33 79.22 
No 

grade 

Single model 
approach(SVR) 

25.97 54.54 71.42 No 
grade 

35.06 77.92 84.41 
No 

grade 

Proposed distributed 
model approach 
(BPNN) 

50.64 76.6 91 B 62.3 85.7 95.8 A 

Proposed distributed 
model approach 
(SVR) 
 

53.2 79.2 94.8 B 68.8 88.3 97.4 A 

 

(B) Evaluation of proposed method in accordance with AAMI standard 

Table 6.4 shows the compliance of various methods for blood pressure estimation is shown 

to AAMI standards for blood pressure estimation.  

TABLE  6.4 Comparison of various methods for blood pressure estimation in accordance with AAMI  

Method used for MIMIC 
database 

Systolic Error 
( mm of Hg ) 

Diastolic Error 
( mm of Hg ) 

Compliance 
with AAMI ME 

STD 
DEV 

ME 
STD 
DEV 

Threshold value of  error 
for compliance 

<5 <8 <5 <8 

Multiple Linear Regression 1.403 15.97 -0.637 9.652 No 

Single model 
approach(BPNN) 

-3.33  18.09  1.196 18.09 No 

Single model 
approach(SVR) 

1.91 15.91 1.860 10.083 No 

Proposed  distributed model 
approach (BPNN) 

0.71 8.22 0.84 7.68 Partial 

Proposed distributed model 
approach (SVR) 

1.14 7.70 0.88 6.20 Yes 
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For proposed method using SVR, values of mean error and standard deviation for both 

systolic and diastolic pressures are within AAMI standards while, using BPNN satisfy for 

diastolic pressure. It can be seen that traditional methods for same set of experiment do not 

show compliance with AAMI standards. 

 (C) Comparison with similar work  

Table 6.5 and Table 6.6 show comparison with reported work in literature where, MIMIC 

database has been used. Artificial Neural Network (ANN) and Random Forest Regression 

(RFR) are used with single model approach in reported work. Table 6.5 demonstrates 

comparison carried out for blood pressure estimation to fulfil BHS standards. For systolic 

pressure estimation, it is clear that proposed work using SVR and BPNN shows grade B 

whereas other reported works fail to achieve any grades. Proposed work for diastolic and 

MAP estimation achieves grade A which shows improvement over other work.  

TABLE 6.5 Comparison with other reported work to fulfil BHS standards on MIMIC database 

 % Cumulative error in estimation of 

 Systolic Diastolic MAP 

Threshold 
mm of Hg 

<5 <10 <15 <5 <10 <15 <5 <10 <15 

Artificial 
Neural 
Network 
(ANN)[110] 

28.8 51.5  69.5 51.2 78.9 93.6 44.7 71.6 86.7 

BHS grade No Grade Grade B Grade C 

Random 
Forest 
Regression 
(RFR)[28] 

34.1 56.5 72.7 62.7 87.1 95.7 54.2 81.8 93.1 

BHS grade No Grade Grade A Grade B 

Proposed 
distributed 
model 
approach 
(BPNN) 

50.6 76.6 91 62.3 85.7 95.8 67.5 88.3 96.1 

BHS grade Grade B Grade A Grade A 

Proposed 
distributed 
model 
approach 
(SVR) 

53.2 79.2 94.8 68.8 88.3 97.4 72.7 92.2 98.7 

BHS grade Grade B Grade A Grade A 
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Table 6.6 shows comparison of proposed work with other work to fulfil AAMI standards. 

The values of ME and STDDEV for other reported work are quite higher than limit values 

given by AAMI standards. At the same time ME as well as STDDEV values for systolic, 

diastolic and MAP pressure estimations using proposed approach are within acceptable 

margin of AAMI criterion. 

TABLE 6.6 Comparison with reported work to fulfil AAMI standards on MIMIC database 

 
Method used 

 
 

Systolic Error  
(mm of Hg) 

Diastolic Error    
(mm of Hg) 

MAP Error  
(mm of Hg) 

ME STD 
DEV 

ME STD 
DEV 

ME STD 
DEV 

AAMI standard <5 <8 <5 <8 <5 <8 

Artificial Neural Network 
ANN[110] 13.7 17.4 6.86 8.96 8.84 11.24 

Random Forest Regression 
(RFR)[28] −0.06 9.88 0.36 5.70 0.16 5.25 

Proposed distributed model 
approach (BPNN) 0.71 8.22 0.84 7.68 1.23 6.02 

Proposed distributed model 
approach (SVR) 
 

1.14 7.70 0.88 6.20 1.17 5.20 

(D)  Performance Evaluation using graphical methods 

In the case of blood pressure measurement, performance analysis for different work can be 

presented by different graphical methods like (i) Bland-Altman plot (ii) Histograms and 

(iii) Box plot. This section presents performance evaluation of proposed work for blood 

pressure estimation with various graphical tools. 

The Bland-Altman plot or difference plot: 

The Bland-Altman plot is a graphical method to compare two measurements techniques. 

Here this is used to compare estimated results of blood pressure using proposed distributed 

approach with target values (actual/true values of blood pressure). In this plot, differences 

between the estimated pressure and actual pressure are plotted against their averages. 

Bland-Altman’s plots for systolic and diastolic pressure estimation error using proposed 

method using SVR are represented by Fig. 6.2 and Fig. 6.3, respectively. Similar plot can 

also be drawn for proposed method using BPNN. But here only results of SVR method are 

presented graphically.  
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The accuracy of proposed distributed model approaches is evident as majority of values are 

inside the upper and lower limits of the agreement (LOA). In Altman plot, the x-axes of the 

plots present the average of target and estimated value of systolic pressure/ diastolic 

pressures, where the y-axes demonstrates difference between the target value and estimated 

blood pressure using proposed method. The mean and limits of agreement are highlighted 

solid lines between small squares and cross points, respectively.  

 

 

FIGURE 6-2 Bland Altman’s plot for systolic estimation error using proposed algorithm using SVR 

 

It can be easily observed for distributed modelling approach that the majority of the points 

are lying within the limit of the agreement, depicting efficacy of the proposed method 

compared to single model approach. The mean+-S.D. errors for systolic estimation are 

1.14+/-7.69 mm of Hg. While for Diastolic estimation mean+-S.D. error is 0.88+/-6.201 

mm of Hg. Bland Altman’s plot for single model approach shows the variation of systolic 

estimation mean+/-SD error is = 1.91 +/-15.91 mm of Hg.  Bland Altman’s plot for single 

model approach shows the variation of diastolic estimation mean +/- SD error 1.860 +/- 

10.083 mm of Hg. 
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FIGURE 6-3 Bland-Altman’s plot for diastolic estimation error using proposed algorithm using SVM 

Histograms  

A histogram is used as a plot to show frequency distribution (shape) for the given set of 

data. This representation facilitates inspection of the given data for various properties like 

to find out (i) Type of distribution (e.g. normal /binomial distribution) (ii) outliers (iii) 

skewness etc. 

Histograms of systolic and diastolic BP estimation errors are shown in Fig. 6.4 for 

proposed distributed model approach using SVR and in Fig. 6.5 for single model approach, 

respectively.  It can easily be noticed from Fig. 6.4  and Fig. 6.5 that  proposed distributed 

model approach  encompasses normal distribution curve while, using single model 

approach it is not normally distributed curve.  

  

FIGURE 6-4 Histogram for systolic and diastolic pressure estimation error using proposed approach 
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FIGURE 6-5 Histogram for systolic and diastolic pressure estimation error using single model approach 

Box-Plot 

For the given data set, a Box-Plot gives visual representation of following five statistical 

quantities: (i) Minimum (ii) First Quartile (iii) Median (Second Quartile) (iv) Third 

Quartile and (v) Maximum. Box plots are well suited for comparison of data distributions 

across groups. Fig. 6.6 shows Box-plot of the MAE for the systolic BP estimation by single 

model and proposed distributed model methods for systolic pressure estimation. In Fig. 

6.6, the central line (bifurcating two colours) is the median value of the error, the ends of 

the box are 25th and 75th percentiles, and the black whisker lines are the intense points, 

which indicates the spread of the data. Whisker plot indicates the range of error. It is 

clearly observed that the maximum value of MAE of the single model method can be as 

high as 35.20 mmHg, whereas the maximum value of MAE of distributed method is 20.72 

mmHg. The errors mean value for the single model and distributed model methods and are 

8.54 and 4.62 mm of Hg, respectively. 75% of the resulted data are having error less than 

4.84 mm of Hg for distributed model, and less than 8 mm of Hg error for single model.  It 

is clear from the plot that the distributed model approach is better than the single model 

approach in terms of mean and variance of the errors for systolic pressure estimation. Fig. 

6.7 shows box plot of the MAE for the diastolic BP estimation by single model as well as 

proposed distributed model methods for diastolic pressure estimation. The median value of 

error for diastolic pressure estimation using distributed model approach is 2.45 in 

comparison to single model having 6.9 mm of Hg error.  
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FIGURE 6-6 Box plot of the MAE for the systolic BP estimation by single model and proposed distributed 
model methods for systolic pressure estimation. 

 

FIGURE 6-7  Box plot of the MAE for the diastolic BP estimation by single model and proposed distributed 
model methods for diastolic pressure estimation. 

6.5.2 Validation of Proposed Algorithm on Wireless Database 

ECG-PPG signals of 87 subjects were captured using wireless prototype system as 

discussed in earlier chapter 4 Feature Extraction for Blood Pressure Estimation, after 

getting their written consent. To validate the results of proposed algorithm, the estimated 

values are verified against pressure readings measured by sphygmomanometer. Systolic 

and diastolic pressures are estimated using proposed distributed model approach using 

SVR and BPNN. Results summary is presented in Table 6.7 and Table 6.8.  
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TABLE 6.7 Comparison with similar work with respect to BHS standards on wireless database 

 Cumulative error in  Percentage (% ) 

 Systolic Diastolic 

Threshold 
mm of Hg 

<5 <10 <15 <5 <10 <15 

Single model using BPNN[30] 76 96 99 86.4 98.3 99.7 

BHS grade Grade A Grade A 

Proposed distributed model 
approach (BPNN) 

62.9 92.5 96.3 62.96 85.1 100 

BHS grade Grade A Grade A 

Proposed distributed model 
approach (SVR) 

74.1 92.5 100 70.4 92.6 100 

BHS grade Grade A Grade A 

 

According to the BHS standard, the proposed method achieves grade A in the estimation of 

systolic and diastolic estimation as shown in Table 6.7. Comparison with the similar work 

[30] is also carried out, where author has used BPNN with single model approach. In [30] 

wireless data of only 7 subjects are considered whereas in this work, wireless data of 87 

subjects are used for experimental work. 

Estimation for systolic and diastolic pressures using proposed algorithm for performance 

parameters are well within AAMI standards as shown in Table 6.8. From Table 6.8, it is 

clear that the values of ME and STD DEV in systolic estimation  using  SVR model are 

less than the reference work [30]. 

TABLE 6.8 Comparison with reported work with respect to AAMI standards on wireless database 

 Number 
of 

Subjects 

Systolic error Diastolic error 

ME 
STDDEV ME STDDEV 

AAMI Standard 85 <5 <8 <5 <8 

Single model using 
BPNN[30] 

7 1.08 4.87 -0.52 3.84 

Proposed distributed 
model approach (BPNN) 

87 2.02 5.88 0.78 6.17 

Proposed distributed 
model approach (SVR) 

87 0.04 4.75 1.99 4.78 
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Bland-Altman’s Plot for Wireless Data for Distributed model approach using SVR: 

The accuracy of proposed distributed model approach with SVR on wireless data is 

represented by Bland-Altman’s plots. The majority of values are inside the upper and 

lower limits of the agreement (LOA). The mean and limits of agreement are highlighted 

solid lines between small squares and cross points, respectively in Fig. 6.8 and Fig. 6.9. 

From bland altman’s plot, the mean+-S.D. errors for systolic estimation are 0.004+/-4.75 

mm of Hg. The mean+/-S.D. error for diastolic estimation are 1.99+/-4.78 mm of Hg.  

 

 

FIGURE 6-8  Bland-Altman’s plot for systolic estimation error using proposed algorithm using SVR 

 

 

FIGURE 6-9 Bland-Altman’s plot for diastolic estimation error using proposed algorithm using SVR 
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6.6 Conclusion 

In this chapter, distributed model architecture for continuous and cuff less blood pressure 

estimation is proposed that overcomes the shortcomings of current approaches. For the 

proposed work, testing results on MIMIC and wireless database show significant 

improvement in estimation of blood pressure. In accordance to the BHS standard, the 

proposed distributed model approach has achieved grade A in the estimation of diastolic 

pressure and mean arterial pressure; and it achieves grade B in the estimation of the 

systolic pressure value for MIMIC database. The values of mean error (ME) and standard 

deviation (STD DEV) are within AAMI standards for proposed method using SVR for 

MIMIC database. For wireless data, the algorithm achieves grade A for systolic and 

diastolic pressure estimation. The mean error and standard deviation for systolic and 

diastolic estimation are within acceptable margin according to AAMI standard. Proposed 

distributed model approach improves the accuracy of blood pressure estimation compared 

to similar work and results in high acceptability according to BHS and AAMI standards. 
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CHAPTER 7  

Conclusion and Future Work 

7.1 Conclusion 

Multi-channel, continuous, cuff less blood pressure estimation using distributed model 

approach has been investigated. Effectiveness of proposed approaches is tested 

qualitatively as well as quantitatively by evaluating the performance on standard database 

as well as on wireless data captured using multi-channel wireless monitoring system. 

Continuous blood pressure estimation is carried out using features extracted from ECG and 

PPG. Following points are concluded from experimental results. 

 Efficient wireless data capture, adaptive data rate pre-processing steps, proper extraction 

of features and efficient distributed model architecture for BP estimations make our 

approaches more reliable and robust compared to other approaches reported in 

literature. 

 After pre-processing of ECG and PPG, proposed algorithm for R peak detection is able 

to locate R peaks of ECG successfully. Synchronizing R peaks detected from ECG, 

multi features from PPG are extracted further.  

 Proposed algorithm of Discrete Wavelet Transform- based R peak detection from ECG 

signals, outperforms similar approaches in terms of accuracy with following highlighted 

facts.  

1 Utilisation of DWT capacities by summation of detailed coefficients having 

high entropy values and then application of threshold improves successful R 

peak detection in ECG signals.  

2 Cleaning of ECG by removal of low/high frequency noise gives good test 

results on noisy and multiform ECG for MIT database. Adaptation ability of 

proposed algorithm to any sampling frequency of ECG, gives good results not 
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only for MIT-BIH database (captured at 360 Hz) but at various low frequencies 

as well that are important for wireless home monitoring system.  

3 The Positive Predictivity of R peak detection algorithm on MIT database is 

99.85% and sensitivity is 99.73% with overall accuracy of 99.59%.  

4 The algorithm’s effectiveness test on wireless ECG data for different sampling 

frequencies depicts its ability to work with lower sampling frequency that is 

desired for wearable device monitoring systems. On wireless ECG, proposed 

algorithm works with 99.73% accuracy, sensitivity 100% and positive 

predictivity of 99.73%.  

 Experimental results highlight the efficacy of the proposed work to monitor multiple 

vital signs of different subjects, simultaneously. Multi channel   patient monitoring for 

two subjects is successfully demonstrated using Bluetooth-based prototype hardware 

model.   

 Proposed algorithm for feature extraction, is able to demonstrate its efficacy   by 

successfully extracting various features from photoplethysmogram (PPG) and 

Electrocardiogram (ECG) for MIMIC as well as wireless databases. 

 Proposed distributed model architecture for continuous and cuff less blood pressure 

estimation overcomes the shortcomings of current approaches in terms of learning 

mechanism. Distributing dataset into subgroups helps to capture and distinguish smaller 

range of blood pressure and provides better training. Inclusion of SVM as a pre-

classifier helps to select proper model for blood pressure estimation. The performance 

of the proposed architecture has proved its efficacy over other methods with compliance 

with BHS and AAMI standards. 

 Comparison of single model MLR, BPNN and SVR approaches for estimation of 

systolic, diastolic and mean arterial pressures on MIMIC Database demonstrate the fact 

that all three approaches are able to estimate systolic blood pressures reasonably good. 

However, estimation using single model SVR approach is better than MLR and BPNN 

for almost all evaluation parameters. 

 Proposed distributed model approach improves the accuracy of blood pressure 

estimation compared to similar work and results in high acceptability according to 

BHS and AAMI standards. Efficacy on both BHS as well as AAMI standards can be 

summarised as under.  
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1. During evaluation to meet the BHS standards, for MIMIC database, the 

proposed distributed model approach has better estimation accuracy compared 

to all other approaches by achieving grade A in the estimation of diastolic 

pressure and mean arterial pressure; and grade B in the estimation of the 

systolic pressure value.  In addition for wireless database, the algorithm 

achieves grade A for systolic and diastolic pressure estimation. 

2. During evaluation to meet the AAMI standards, for MIMIC database, the 

proposed distributed model approach using SVR attains values of mean error 

and standard deviation is within AAMI’s acceptable margins. At the same 

time, for wireless database, mean error and standard deviation for systolic and 

diastolic estimation are within acceptable margin according to AAMI standard.  

7.2 Future Work  

In this thesis, we have addressed generalized approaches that work well for blood pressure 

estimation of any unknown subjects where, online calibration is not addressed. To increase 

accuracy of estimating blood pressure of a person, the system can be calibrated online with 

few samples of the same individual. We targeted computationally efficient, memory less 

architecture that provides generalized platform for multi patients, multi channel patient 

monitoring. However, when online calibration and adaptations are possible then above 

approaches may be extended gradually to learn the specialized patterns for the given 

subject to improve the accuracy levels.  

The system is validated for various developed algorithm with wireless data as well as 

standard database. It can also be validated with the results of instruments available in 

hospital environment. 

The wireless monitoring system is able to capture multi channel signals, the same system 

can be used to detect oxygen saturation level in blood-vessel.  

Like ECG experiment PPG can also be captured for a subject in motion e.g. cycling, 

jogging etc. Noise removal from PPG is a challenging task. 
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Appendix A 

Copy of Consent Form for Acquisition of Signals 
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Appendix B 

MIMIC database Description 

Method to acquire signals from physionet:  

From website https://archive.physionet.org/cgi-bin/atm/ATM. ABP, II lead ECG and PPG signals are 

exported as .mat signals. For each signal record, there are three files e.g. 3000393.mat, 3000393.info and 
3000393.hea files.  

 

 

Record Numbers of MIMIC Database having ABP, ECG (II lead), and PPG are listed 
below. Almost all records are from series 30 and few from series 32.  

1 30/3000393/ 51 30/3002324_0020 
2 30/3000397/ 52 30/3002507_0003 
3 3000397_0004 53 30/3002507_0005 
4 30/3000480/ 54 30/3002507_0006 
5 30/3000714/ 55 30/3002541/ 
6 30/3000714_0001 56 30/3002546_0017 
7 30/3000714_0002 57 3002579_0005 
8 30/3000714_0003 58 30/3002634/ 
9 30/3000714_0004 59 3002634_0004 
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10 30/3000714_0009 60 3002634_0006 
11 30/3000714_0010 61 30/3002762_0006 
12 30/3000714_0012 62 30/3002921_0006 
13 30/3000714_0013 63 30/3002921_0007 
14 30/3000714_0014 64 30/3003005_0004 
15 30/3000801_0001 65 30/3003005_0005 
16 30/3000860/ 66 30/3003005_0007 
17 30/3000989/ 67 30/3003031_0008 
18 30/3000989_0002 68 30/3003344/ 
19 3000989_0006 69 30/3003344_0007 
20 3000989_0008 70 30/3003801/ 
21 3000989_0012 71 30/3004083/ 
22 30/3001203/ 72 30/3004283/ 
23 30/3001203_0002 73 30/3004961/ 
24 30/3001203_0004 74 30/3005407/ 
25 30/3001203_0006 75 30/3005819/ 
26 30/3001203_0007 76 30/3005819_0001 
27 30/3001203_0010 77 30/3005819_0006 
28 30/3001262_0008 78 30/3005819_0010 
29 30/3001262_0010 79 30/3005819_0012 
30 30/3001262_0012 80 30/3005819_0014 
31 30/3001262_0014 81 30/3005819_0017 
32 30/3001262_0015 82 30/3005819_0019 
33 30/3001262_0017 83 30/3005819_0021 
34 30/3001262_0021 84 30/3005819_0023 
35 30/3001262_0024 85 30/3005819_0024 
36 30/3001262_0031 86 30/3005819_0026 
37 30/3001554_0004 87 30/3005819_0027 
38 30/3001554_0006 88 30/3005937/ 
39 30/3001689/ 89 30/3005937_0003 
40 30/3001912/ 90 30/3006202/ 
41 30/3001912_0005 91 30/3006202_0007 
42 30/3001912_0007 92 30/3006202_0016 
43 30/3001912_0009 93 30/3006202_0019 
44 30/3001912_0012 94 30/3006202_0025 
45 30/3002090/ 95 30/3006202_0028 
46 30/3002090_0003 96 30/3006202_0031 
47 30/3002090_0004 97 30/3006202_0034 
48 30/3002090_0006 98 30/3006202_0035 
49 30/3002151_0005, 99 30/3006202_0041 
50 30/3002324_0015 100 32/3200270/ 
  101 32/3200270_0004 
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Appendix C 

Hardware Circuit Description 

Analog Frontend for ECG signal [120,156] 

The wireless transmitter system hardware consists of analog front end which senses ECG 

and converts it to 0-5 VDC analog signal. The action potential created when heart 

contracts, it spreads electrical current from the heart throughout the body. This current 

spreaded creates different potentials at different locations on the body, which can be sensed 

by placing electrodes on the surface of skin using transducers made of metals and salts. 

This electrical potential is an AC signal with bandwidth of 0.05 Hz to 100 Hz, sometimes 

up to 1 kHz. Its amplitude is generally around 1-mV peak-to-peak corrupted with much 

larger high frequency noise plus 50Hz/ 60 Hz interference normal-mode and common 

mode voltages. The common-mode is comprised of two parts: 50 Hz/ 60 Hz interference 

and DC electrode offset potential. Other noise or higher frequencies noise come from 

movement artifacts that change the skin-electrode interface, muscle contraction or 

electromyography spikes, respiration, electromagnetic interference (EMI), and noise from 

other electronic devices that couple into the input.  To handle above ECG measurement 

issues, the rightleg driven Lead –I circuit is implemented using instrumentation amplifier 

INA 326. The circuit design for three lead ECG systems is shown in Figure C.1. 

The INA326 is high-performance, low-cost, precision instrumentation amplifier with rail-

to-rail input and output. It is single-supply (+2.7V to +5.5V) instrumentation amplifier 

with very low DC errors and input common-mode ranges that extends beyond the positive 

and negative rails. The INA326 comes in the micro-size MSOP-8 package. The OPA2335 

series of CMOS operational amplifiers uses auto-zeroing techniques to simultaneously 

provide very low offset voltage (5 μV max), and near-zero drift over time and temperature. 

This miniature, high-precision, low quiescent current amplifiers offer high input 

impedance and rail-to-rail output swing. This dual op amp version is optimized for low-

voltage, single-supply operation and available in the micro-size MSOP-8 package. 
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FIGURE C-1 ECG Analog Front End [120,156] 

As shown in Fig.C-1, In ECG amplifier with right-leg drive, an instrumentation amplifier 

INA 326 can be connected directly to a person through body electrodes. The Common 

Mode Voltage (CMV) in the ECG case is composed of two components: (1) dc electrode 

offset potential and (2) 50 Hz/ 60 Hz ac-induced interference. Power interference is caused 

by magnetic and electric fields from power lines and transformers cutting across ECG 

electrodes and patients. This type of noise seems to be present always. To minimize 

measurement noises, the technique in Figure C.1 works as follows. First the common-

mode rejection (CMR) of the commercially available IA is very high and cancels some of 

the noise. The IA output, which is an ECG signal, has the 50 Hz/ 60 Hz noise greatly 

reduced. The differential amplification nature of the IA removes it, because equal 

common-mode (CM) noise is present on each IA input. The IA just subtracts equal noise 

voltage to give nearly zero while amplifying the difference in the unequal ECG signals 

present on its inputs. ECG signals on the left arm and right arm are different signal levels, 

because they come from different points on the body.  The CMV noise is further reduced 

by right-leg drive. The CMV is inverted by the rightleg amplifier A2 as shown in Figure C-

1 and the resultant voltage is applied to patient‘s right leg. Just several microamperes or 
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less are actually driven into the patient. This is quite safe level to prevent any shock for 

human. The noise-cancelling voltage is applied to the patient to reduce 50 Hz/ 60 Hz noise. 

This circuit acts in a feedback loop (patient and electronics) to servo or drive the CM noise 

on the patient to a low level. Since the right-leg drive voltage is the inversion of the CMV 

(opposite phase), the right leg goes in the opposite direction compared to the CMV on the 

patient leads. While the 50 Hz/ 60 Hz noise on the left or right arm may become bigger 

with respect to the right leg, the 50 Hz/ 60 Hz noise on the IA input terminals with respect 

to IA common or reference becomes smaller. Hence, the IA does not have to reject as 

much 50 Hz/ 60 Hz noise. The IA‘s CMR further reduces noise even further. Right-leg 

drive feedback circuits can oscillate if the phase shift through the patient flips the phase of 

the signal being fed back to the electronics. If the high-frequency oscillation is present on 

the ECG signal, positive feedback may be the problem. Normally the gain of right-leg 

driver, RL, is set very high with the condition that the RL driver does not saturate. The 39 

pF capacitor in the feedback loop limits the high-frequency gain and helps to prevent 

oscillation. This circuit is DC-coupled and is in high gain (1000 v/v). It only works when 

the electrode offset potentials are low (< 10 mV) to avoid IA output saturation. Restoration 

of dc allows much larger offsets to be related. Figure C-1 shows how to overcome patient 

electrode offset potentials, which can rise as high as 300 mV, according to Association for 

the Advancement of Medical Instrumentation (AAMI) standards. Sometimes they can go 

to +/- 500 V/V. If high gain, say 500 or 1000 V/V, where provided immediately, the input 

amplifiers would saturate and be unable to amplify the ECG signal. To cure this problem, 

three things are done. First, the input stage buffer amplifiers of IA are placed in low gain, 

such as 5 V/V. Even if the electrode offset is 0.5 V, the output of the input amplifiers 

would only go to 2.5 V. This leaves plenty of headroom or voltage to plus or minus power 

supply rails for the amplified ECG signal. Second the next stage amplifier of monolithic IA 

A4 in Figure C.1 is a unity gain differential amplifier which does not provide any 

amplification. Third, a dc restorator amplifier is used in a feedback arrangement to null out 

the dc offset. It works this way: assume the left arm electrode offset to be +300 mVdc, 

although it can be plus or minus. Also assume that the right arm electrode is 0 VDC. The 

dc differential input voltage is then 300 mV. This result in +1.5 V at the output of IA 

(remember the gain of 5). Now the output of A3 would try to go to + 300 VDC, because 

the A3 is in a gain of 200. However the circuit will not allow 300 V. As soon as it goes in 

the positive direction, the feedback integrator A4 applies a negative voltage to IA through 

the reference point (right side of 200 kΩ resistor). The gain from this point to IA‘s output 
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is unity. Therefore, a linear summing effect will be achieved. The positive 1.5-V offset 

goes through IA at the same time a negative correction voltage goes through IA. This 

reduces the offset voltage that appears at IA‘s output and hence A3’s output. In turn, this 

reduces the error fed to the integrator, which reduces the error correction voltage feedback. 

This negative feedback loop continues for 10 RC time constant, until it stops at the point 

where the offset A4’s output is zero. Even the small offset contributed by A3 as an op-amp 

error is removed. Since the feedback circuit in Figure C-1 is an integrator or high-pass 

filter, it responds only to ac signals above its cut-off frequency. It can be set by R and C in 

the high pass filter for 0.05 Hz (diagnostic quality ECG), 0.5 Hz (monitoring), or 2 Hz 

(quick offset restore). The result of this dc restorator is to turn the original dc-coupled 

amplifier into an ac-coupled amplifier just as if a coupling capacitor were placed in a 

signal path. 

All frequencies below the cut-off are removed with either approach, but in the feedback dc 

restorator, the signal does not go actually through the capacitor. The only advantage is that 

the feedback approach uses an active integrator, which is linear and more easily controlled 

than a passive RC-coupling circuit. Since the dc electrode offset voltage has been removed, 

the output amplifier A3 in Figure C.1 can now gain up the signal by 200 V/V without 

becoming saturated. It is just amplifying the AC components of the ECG waveform. The 

dc component is gone. If the signal from the left arm minus the right arm were 1 mVp-p 

then the output of IA would be 5 mVp-p. The output of A3, which is the output of the ECG 

amplifier Vout, becomes 1Vp-p. 

Analog Frontend for PPG Sensor [121] 

The HRM-2511E sensor is manufactured by Kyoto Electronic Co., China, and operates in 

transmission mode. The sensor body is built with flexible Silicone rubber material that 

helps to keep the sensor tightly holds to the finger. Inside the sensor case, an IR LED and a 

photo detector are placed on two opposite sides and are facing each other. When a fingertip 

is inserted into the sensor, it is illuminated by the IR light coming from the LED. 

The photo detector diode receives the transmitted light through the tissue on other 

side. More or less light is transmitted depending on the blood volume of tissue. 

Consequently, the transmitted light intensity varies with the pulsing of the blood with heart 

beat. A graph for this variation against time is referred to be a photoplethysmographic or 

PPG signal. 
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The first stage of the circuit in Fig. C-2 shows the ON/OFF control scheme for the infra-

red light source inside HRM-2511E. Note that the Enable signal must be pulled high in 

order to turn on the IR LED. The photo detector output (Vsensor) contains the PPG signal 

that goes to a two-stage filtering and amplifier circuit for further processing.  

The PPG signal coming from the photo detector is weak and noisy. So we need an 

amplifier and filter circuits to amplify and clean the signal. In first stage instrumentation, 

the signal is first passed through a passive (RC) high-pass filter (HPF) to block the DC 

component of the PPG signal. The cut-off frequency of the HPF is 0.5Hz, and is set by the 

values of R and C. The output from the HPF goes to an Op-amp based active low-pass 

filter (LPF). The Op-amp operates in non-inverting mode and has gain and cut-off 

frequency set to 48 and 5 Hz, respectively. In order to achieve a full swing of the PPG 

signal at the output, the negative input of the Op-amp is tied to a reference voltage (Vref) 

of 2.0V. The Vref is generated using a zener diode. At the output is a potentiometer (P1) 

that acts as a manual gain control. The output from the active LPF now goes to second 

stage instrumentation circuit, which is basically a replica of the first stage circuit. Note that 

the amplitude of the signal going to the second stage is controlled by P1. The Op-amp used 

in this signal conditioning circuit is MCP6004 from Microchip, which is a Quad-Op-amp 

device and provides rail-to-rail output swing. 

 

                                     FIGURE C-2 Analog Frontend for PPG sensor [121] 

The second stage also consists of similar HPF and LPF circuits. The two-step amplified 

and filtered signal is now fed to a third Op-amp, which is configured as a non-inverting 
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buffer with unity gain. The output of the buffer provides the required analog PPG signal. 

The potentiometer P1 can be used to control the amplitude of the PPG signal appearing at 

the output of the buffer stage. 

The Bluetooth module shown in Fig. C-3 consists of analog to digital converter (ADC), 

microcontroller and Bluetooth transceiver.  

 

FIGURE C-3 Blue-sentry™ data acquisition and control module. 

It contains an 8 channel 16 bit ADC (TI ADS8344), acquires analog signal in the range of 

0-5 VDC at a sampling rate up to 3000 Hz and converting to a Bluetooth-enabled digital 

data stream. Two channels are used to accept two analog signals ECG, and PPG from 

analog frontends and converts them to digital, which further transmitted to Bluetooth 

enabled receiver.  

 

 


