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Abstract

Oscillometry is the most common measurement method used in automatic blood pressure

(BP) monitors. However, most of the oscillometric algorithms are without physiological

and theoretical foundation, and rely on empirically derived coefficients for systolic and

diastolic pressure evaluation which affects the reliability of the technique.

In this thesis, the oscillometric BP estimation problem is addressed using a compre-

hensive modeling approach, based on which coefficient-free estimation of BP becomes

possible. A feature-based neural network approach is developed to find an implicit re-

lationship between BP and the oscillometric waveform (OMW). The modeling approach

is then extended by developing a mathematical model for the OMW as a function of the

arterial blood pressure, cuff pressure, and cuff-arm-artery system parameters. Based on

the developed model, the explicit relationship between the OMW and the systolic and

diastolic pressures is found and a new coefficient-free oscillometric BP estimation method

using the trust region reflective algorithm is proposed. In order to improve the reliability

of BP estimates, the electrocardiogram signal is recorded simultaneously with the OMW,

as another independent source of information. The electrocardiogram signal is used to

identify the true oscillometric pulses and calculate the pulse transit time (PTT). By

combining our developed model of oscillomtery with an existing model of the pulse wave

velocity, a new mathematical model is derived for the PTT during the cuff deflation.

The derived model is incorporated to study the PTT-cuff pressure dependence, based

on which a new coefficient-free BP estimation method is proposed. In order to obtain

accurate and robust estimates of BP, the proposed model-based BP estimation methods

are fused by computing the weighted arithmetic mean of their estimates.

With fusion of the proposed methods, it is observed that the mean absolute error

(MAE) in estimation of systolic and diastolic pressures is 4.40 and 3.00 mmHg, re-

spectively, relative to the Food and Drug Administration-approved Omron monitor. In

addition, the proposed feature-based neural network was compared with auscultatory

measurements by trained observers giving MAE of 6.28 and 5.73 mmHg in estimation

of systolic and diastolic pressures, respectively. The proposed models thus show promise

toward developing robust BP estimation methods.
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Chapter 1

Introduction

Blood pressure (BP) is one of the vital signs, which along with body temperature, heart

rate, and respiratory rate carries significant information about the physiological state of

a person [1]. BP is defined as the pressure applied by circulating blood on the walls of

the blood vessels. In clinical use, the term “BP” usually refers to the arterial pressure

measured at the brachial artery, the major artery in the upper arm [2]. In this thesis,

we adopt the latter definition when referring to BP.

BP varies over each heartbeat from a minimum called diastolic pressure to a maximum

called systolic pressure. Systolic blood pressure (SBP) occurs near the beginning of the

cardiac cycle and indicates the maximum pressure exerted on the walls of the arteries after

contraction of the heart. Diastolic blood pressure (DBP) occurs at the resting phase of the

cardiac cycle and shows the minimum pressure in the arteries when the heart is relaxed.

The average BP over a cardiac cycle is called mean arterial pressure (MAP). MAP is an

indicator of the pressure at which blood is supplied to critical organs. Clinically, BP is

reported in terms of SBP over DBP and is expressed in units of millimeters of mercury

(mmHg), for example 120/80 mmHg [2].

1
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1.1 Background

The most accurate method for measuring BP is the invasive arterial measurement. How-

ever, due to the difficulty and risk associated with invasive methods, the noninvasive

auscultatory technique is widely used instead as the gold standard in the clinic [3]. In

the auscultatory method, a cuff is placed by a trained examiner around the arm at the

same height as the heart and is inflated until the artery is completely occluded. Then,

the cuff is slowly deflated by the examiner while listening to the Korotkoff sounds with a

stethoscope in order to identify the SBP and DBP values [2]. The auscultatory technique

cannot be performed in noisy environments and requires expertise. Therefore, its usage

is mostly limited to the doctor’s office.

As an alternative, several automated techniques have been developed to determine

the arterial BP. The most common of these techniques are Doppler ultrasound sphyg-

momanometry [4], oscillometry [5, 6], plethysmography [7], tonometry [8], and vascular

unloading [9]. Among these techniques, oscillometry is the most popular one for esti-

mation of SBP, DBP, and MAP as it can be relatively easily implemented in automated

BP measurement devices. Unlike auscultatory technique, oscillometry can be repeatedly

performed by patients at home and is able to operate in a noisy environment [2].

Oscillometry is performed similarly to the auscultatory technique but uses a pressure

sensor to record the pressure oscillations within the cuff, instead of listening to Korotkoff

sounds with a stethoscope. Over the deflation period, the recorded pressure waveform

forms a signal known as the cuff deflation curve. A bandpass filter is utilized to extract

the oscillometric pulses from the cuff deflation curve. Over the deflation period, the

extracted oscillometric pulses form a signal known as the oscillometric waveform (OMW).

The amplitude of these oscillations increases to a maximum and then decreases with

further deflation. Different analysis algorithms are employed to estimate the SBP, DBP,

and MAP from the OMW [10]. Oscillometry is the most common technique used in

commercial electronic BP monitors and is the main focus of this thesis.
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1.2 Motivation

High BP is a common chronic ailment that affects 1 in 5 Canadians and represents

the primary risk factor for stroke and heart disease [11, 12]. A person’s measured BP

is an indicator of the state of his/her cardiovascular health, and is one of the most

commonly measured physiological parameters. However, a recent editorial in the journal

Hypertension of the American Heart Association asserts that, “few measurements in

medicine are done as poorly and inconsistently as BP measurement. Methods used

today in clinical practice and in clinical trials are little changed from the earliest days of

measurement. Though there is a clear recognition of biological variability, we continue

to make decisions based largely upon measurements taken at random times under poorly

controlled condition” [13]. This observation supports the need to develop robust methods

to accurately measure BP.

While there have been extensive studies on the theory of oscillometry [14–25], to

the best of the author’s knowledge, there has been no comprehensive study to find the

fundamental relationship between the oscillometric waveform (OMW), the only signal

obtained in oscillometry, and the SBP, DBP and MAP values. Most of the oscillometric

algorithms rely on empirical coefficients for SBP and DBP evaluation that may differ

in various patient populations, which affects the reliability of the technique [17, 26–28].

More information could be be obtained from the amplitude and time characteristics of

the oscillometric pulses at different cuff pressures if a comprehensive mathematical model

of oscillometry is developed. An accurate model of oscillometry can play an important

role in the research and development of accurate BP monitoring devices and enables one

to perform a thorough and systematic validation of commercially available BP monitors.

A comprehensive oscillometry model provides a way to test BP estimation algorithms

where the parameters of interest are not directly measurable. Accurate models also

enable us to study and develop signal processing algorithms under different conditions

without the need for access to real subjects, to improve algorithms quickly, and to reduce
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product development time.

Moreover, oscillometry is solely based on recording and analyzing the pressure vari-

ations within the oscillometric cuff during the deflation period. It appears that the

simultaneous measurement of other relevant physiological signals along with the oscillo-

metric recordings, could provide additional useful information that may be incorporated

to improve the accuracy and robustness of BP estimates. For example, measurement of

the simultaneous electrocardiogram (ECG) signal could help us identify the true oscil-

lometric pulses and enables us to measure the pulse transit time (PTT) which is highly

correlated with BP [29].

It should be noted that there are number of commercially available oscillometric BP

monitors that meet the current standards for automated BP devices [30–35]. However,

the exact oscillometric algorithms used in these devices are not disclosed by the man-

ufacturer limiting any further analysis, evaluation, and validation of these oscillometric

algorithms. Moreover, the current standards for BP monitors are arguably too lax as the

recommended mean error (ME) and standard deviation of error (SDE) for estimation of

BP are within 5 mmHg and 8 mmHg, respectively [36, 37]. An editorial in the journal

Hypertension states that “although some might argue that a 3-4 mmHg increase in BP is

not clinically signicant, clinical trials and population studies remind us of the importance

of these seemingly small changes” [13]. A recent 1 million-patient meta-analysis suggests

that a 3-4 mmHg increase in systolic BP would translate into 20% stroke mortality and a

12% higher mortality from ischemic heart disease [38]. Therefore, even small errors in es-

timation of BP could have large consequences on health [39–41]. Also, the accuracy and

reliability of the current BP devices for different patient populations such as patients

with obesity, arterial stiffness, atrial fibrilation, etc., is questionable [42–44]. Hence,

accurate estimation of SBP, DBP, and MAP from oscillometric recordings remains an

ongoing challenge.
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Figure 1.1: Block diagram representation of the proposed model-based oscillometric BP
estimation methods.

1.3 Contributions

In this thesis, the problem of oscillometric BP estimation is addressed by incorporating

a comprehensive modeling approach, based on which coefficient-free estimation of BP

becomes possible. Figure 1.1 illustrates the block diagram representation of the proposed

model-based BP estimation methods.

First, a feature-based neural network (NN) method is developed to find an implicit

relationship between the SBP/DBP values and the oscillometric waveform envelope

(OMWE). A New feature extraction technique is proposed to find an efficient repre-

sentation of the OMWE samples, and several training algorithms are compared to find

the best trained NN. In addition to the NN, the adaptive neuro-fuzzy inference system

(ANFIS) is also utilized as an alternative to the NN for BP estimation from the ex-

tracted features. To the best of the author’s knowledge, there is no research study that

has derived features from the OMWE for estimation purposes. There is also no existing



Introduction 6

work on comparing different NN training algorithms for BP estimation. This is also

the first research study that applies the ANFIS to BP estimation. This research has

been partly published in a refereed IEEE journal paper [45] and three refereed IEEE

conference proceedings [46–48], and presented in the WiSense Seminar at the University

of Ottawa.

Our modeling approach is then further extended by developing a comprehensive model

that explicitly represents the relationship between the oscillometric recordings and intra-

arterial blood pressure (ABP). The instantaneous ABP is mathematically modeled by

considering different physiological parameters that contribute to the ABP total vari-

ability. These parameters include the amplitudes and phase angles of the cardiac and

respiratory signals’ fundamental frequency and higher harmonics. The cuff-arm-artery

system is also modeled by incorporating the physical properties of the arterial wall, the

arm, and the oscillometric cuff. These mathematical models are combined to obtain a

mathematical model for the OMW. The envelope of the OMW (OMWE) is then explic-

itly modeled as a function of the SBP, DBP, and cuff-arm-artery system parameters.

Based on our developed model, we propose a new coefficient-free oscillometric BP esti-

mation method. The proposed method is based on minimizing the least squares error

between our model and the OMWE using the trust region reflective algorithm. To the

best of the author’s knowledge, this is the first research study on developing a math-

ematical model for the OMW. Moreover, this is the first research study that proposes

an explicit mathematical model for the OMWE as a function of SBP and DBP. The

primary results of this part of the thesis have been presented as an invited plenary lec-

ture at the IEEE International Symposium on Medical Measurements and Applications

(MeMeA’12). Also, parts of this section have been accepted for publication in a refereed

IEEE journal paper [49], published in two refereed IEEE conference proceedings [50,51],

and presented in a poster competition at the University of Ottawa.

OMW is usually the only signal obtained in oscillometry, and therefore it is the focus

of all oscillometric algorithms to find the BP values [10]. In the last stage of this research,
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the ECG signal is recorded simultaneously along with the OMW, as another independent

source of information. The simultaneously recorded ECG signal is incorporated in the

following ways: i) The ECG signal is used to identify the true oscillometric pulses in

order to help reconstruct the OMW from cuff recordings which are usually contaminated

with noise and artifacts; ii) Having the simultaneous ECG signal along with the OMW,

measurement of pulse transit time (PTT), defined as the time taken by an arterial pulse

to travel between the heart and a peripheral arterial site, becomes feasible. Our developed

model of oscillometry is utilized to build a model of the PTT. A comprehensive theoretical

explanation of the behaviour of PTT with respect to cuff pressure is provided. Based on

the observed PTT-cuff pressure dependency, novel coefficient-free methods for estimation

of SBP, DBP, and MAP are proposed. To the best of the author’s knowledge, no previous

work provided a theoretical explanation of the PTT-cuff pressure dependency along with

employing a coefficient-free method for BP estimation from either the PTT-cuff pressure

dependency or oscillometry. This research has been partly published in a refereed IEEE

journal paper [52] and forms part of a pending patent [53]. Also, parts of this research

have been submitted for publication in a journal paper which is currently under review.

Finally, the three proposed coefficient-free BP estimation methods are fused together

to obtain more accurate and robust estimates of the BP. The proposed fusion algorithm

is based on the weighted arithmetic mean of the three proposed methods’ estimates.

The primary results of this part of the thesis have been presented as an invited plenary

lecture at the IEEE International Symposium on Applied Computational Intelligence and

Informatics (SACI’13). Also, parts of this research have been accepted for publication

in an IEEE conference paper [54].

1.4 Thesis Organization

This thesis is organized as follows. In Chapter 2, the related literature on the estimation

of BP is reviewed. In Chapter 3, a new feature extraction technique from the OMWE
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is proposed and a NN approach is developed for estimation of BP. In Chapter 4, a

mathematical model for the OMW is derived by considering the cuff-arm-artery system,

the OMWE is explicitly modeled as a function of SBP and DBP, and a coefficient-free BP

estimation method using the trust region reflective algorithm is proposed. In Chapter

5, the PTT is mathematically modeled by considering the cuff-arm-artery system and

blood flow dynamics, and a coefficient-free BP estimation method based on the PTT-

cuff pressure dependency is proposed. In Chapter 6, the three proposed model-based

BP estimation methods are compared, their particular applications are discussed, and

a fusion algorithm is proposed to obtain more robust and accurate estimate of BP. In

Chapter 7, the thesis is concluded and possible future directions are proposed.



Chapter 2

Literature Review

Methods of measuring BP are generally categorized into invasive and noninvasive meth-

ods. The most common invasive method of BP measurement is the intra-arterial mea-

surement using a cannula [55]. A short, parallel-sided cannula composed of Teflon or

polyurethane is passed into a non-end artery, such as the radial artery. The cannula is

attached to a tubing system, which provides a constant infusion of saline. The pressure

waveform is transmitted through the liquid within the infusion tubing to a diaphragm

that moves in response to the pressure. A transducer then converts the movement to

an electrical signal. The invasive method of BP measurement is usually restricted to a

hospital setting and has the disadvantages of complexity, risk to the patient, and incon-

venience.

As an alternative, several noninvasive BP estimation methods have been developed

which are safer, quicker, and require less expertise. The noninvasive BP estimation tech-

niques are either manual or automated. Palpation and auscultation are the two common

manual methods of measuring BP. A sphygmomanometer composed of an inflatable cuff

and a mercury manometer is used in both manual methods. The inflatable cuff is placed

around the subject’s upper arm at the same height as the heart. The cuff is inflated to

supra-systolic pressure so that the artery is completely occluded. The cuff is then slowly

released.

9
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In the palpatory method, a trained examiner palpates the radial pulse at the subject’s

wrist. The pressure at which the pulse disappears during inflation and then subsequently

reappears during deflation will be the SBP. Palpation is only used in emergency situations

and cannot estimate the DBP and MAP. Moreover, the SBP estimates can have an

error of up to 25% [55]. Recently, a palpation technique for DBP estimation has been

introduced [56]. In this technique, the examiner puts his/her first three fingers lightly

over the bend of the elbow at medial side of antecubital fossa. A pulsatile thrill can be

palpated during the cuff deflation. The pressure at which this pulsatile thrill disappears

is determined as the DBP.

In the auscultatory method, a trained examiner listens to the Korotkoff sounds with

a stethoscope in order to identify the SBP and DBP values. The cuff pressure at which

the first Korotkoff sound is heard is the SBP and the cuff pressure at which the sounds

become muffled is the DBP. Since the auscultatory method requires a trained examiner

to determine the SBP and DBP values, its usage is mostly limited to the hospital or

doctor’s office. Moreover, because of the anxiety of patients during visits to the doctor’s

office, the auscultatory readings can even be inaccurate [34].

The palpation and auscultatory methods use a mercury manometer for measuring

the pressure which is now considered to be an environmental hazard, and therefore many

countries in Europe and North America are in the process of eliminating the use of

mercury sphygmomanometers and replacing them with automated BP monitors that do

not use mercury [57, 58].

Several automated BP estimation techniques have been developed for continuous and

home BP monitoring. These techniques can be broadly categorized into two types: i)

the continuous recording techniques that provide the beat-to-beat arterial blood pressure

(ABP) variations, and ii) the sampling techniques that only estimate SBP, DBP, and

sometimes MAP in a short measurement period of less than a minute [18]. The remainder

of this chapter is dedicated to the review of different automated BP estimation methods

with a focus on oscillometry as the most popular automated method.
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2.1 Continuous Methods

2.1.1 Pulse Sensing

The pulse sensing technique is based on noninvasive measurement of the ABP pulse

waveform using either a volume or a pressure pulse sensor [18].

The volume pulse sensor measures the arterial volume changes that relate to the vari-

ations in ABP. Different transduction methods can be employed to measure the arterial

volume such as resistive, capacitive, inductive, and optical. An example of such a tech-

nique is photoplethysmography where an infrared emitter and a photo-diode detector are

used to measure the changes in infrared reflectance resulting from varying blood volume

in the artery [59]. The disadvantage of this method is that the nonlinear and viscoelastic

properties of the arterial wall makes it difficult to find the exact relationship between the

measured volume and the corresponding ABP. Recently, artificial neural networks (NNs)

have been employed to estimate BP from the photoplethysmogram (PPG) signal [60–62].

A NN is trained using features extracted from the PPG pulse as input, with reference BP

readings as the corresponding network targets. The trained NN can be used to estimate

the BP from any new PPG pulse that has not been provided during the training phase.

The pressure pulse sensor measures the transmitted arterial pressure at the skin

surface. As the vascular nonlinear and viscoelastic properties do not affect this method,

this technique provides superior waveform accuracy as compared to the volume sensors.

However, this method is very sensitive to motion artifact [63]. Arterial tonometry is

an example of pressure pulse method that is used at superficial arteries supported by a

bone to obtain arterial pressure [8]. In this technique, a flat array of pressure sensors is

pressed against the skin over the artery so that the arterial wall becomes flattened. At

this position, the contact stress is equal in magnitude to the ABP.

Both volume and pressure sensors respond proportionally to the ABP, and therefore

an important disadvantage of these methods is that they need be calibrated. Moreover,

sensor positioning is a challenging task in the pulse sensing technique.
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2.1.2 Vascular Unloading

In the vascular unloading technique, a small pressurized cuff is placed around the sub-

ject’s finger. The pressure of the cuff is automatically adjusted so that the the blood

volume under the cuff is always constant. To this end, a plethysmograph is utilized to

measure the arterial blood volume underneath the cuff. The measured blood volume sig-

nal is used in a feedback controlled system to instantaneously adjust the cuff pressure. In

this condition, the applied cuff pressure is always equal to the internal arterial pressure,

and therefore a continuous measure for ABP is obtained. Since the arterial wall tension

is zero at zero transmural pressure (arterial pressure minus external cuff pressure), this

technique is known as “vascular unloading” [9].

One such commercial device is called the Finger Arterial Pressure System (FINAPRES)

[64], that has shown good waveform agreement in comparison with the intra-ABP mea-

surements [65]. However, mean pressure differences are expected as the device needs to

be regularly calibrated. The technique is also prone to pulse wave reflection effects as

the recording site is at the finger, and can be affected by skin temperature, vasoactive

drugs, and anesthetics [18].

2.2 Sampling Methods

2.2.1 Automated Auscultatory

The auscultatory method can be automated by replacing the stethoscope with a micro-

phone. Sound processing algorithms are then employed to estimate the SBP and the

DBP. The automated auscultatory method is not reliable in noisy environments. More-

over, this method may not work for some patient conditions such as hypotension where

the Korotkoff sounds may be muted [2].
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2.2.2 Doppler Ultrasonic Sphygmomanometry

Doppler ultrasonic sphygmomanometry is similar to the auscultatory method but it uses

a Doppler sensor instead of the stethoscope [4]. The opening and closing of the artery

under the cuff generates Doppler-shift signals that are recorded and analyzed to estimate

SBP and DBP. When the cuff pressure is above SBP or less than DBP, no Doppler-shift

signal is detected. When the cuff pressure is between SBP and DBP, the ultrasonic

sensor detects two Doppler-shift signals in each heartbeat corresponding to the opening

and closing of the artery. In Doppler ultrasonic sphygmomanometry, SBP is estimated as

the cuff pressure at which the the first Doppler-shift signal is detected. DBP is estimated

as the cuff pressure at which the closing signal from one pulse coincides with the opening

signal of the following pulse.

2.2.3 Oscillometry

Oscillometry is similar in principle to the auscultatory method, but uses a pressure

sensor to record the small pressure oscillations within the cuff rather than listening to

the Korotkoff sounds. An inflatable cuff, similar to the one used in the auscultatory

method, is wrapped around the upper arm or wrist and is inflated to a supra-systolic

pressure. The cuff is then slowly deflated to a sub-diastolic pressure while recording the

pressure oscillations (also known as oscillometric pulses) within the cuff.

Figure 2.1 illustrates the oscillometry system physical setup. The main components

of the oscillometry system are the artery, the cuff, and the arm. The inputs of the system

are the applied cuff pressure and the intra-arterial blood pressure (ABP). As the cuff

is inflated to a supra-systolic pressure, the cuff pressure is transmitted through the arm

soft tissue to the arterial wall. During the inflation, arterial lumen area (ALA) decreases

until it becomes flat and occluded. The cuff is then deflated gradually to a sub-diastolic

pressure. During the deflation, ALA increases until it becomes completely open at very

low cuff pressures.
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Figure 2.1: Oscillometry system physical setup. The arterial blood pressure and the cuff
pressure have been shown by pa(t) and pc(t), respectively.

Over the deflation period, the recorded pressure waveform forms a signal known as

the cuff deflation curve. A bandpass filter with a lower cutoff frequency of around 0.5

Hz and an upper cutoff frequency of around 20 Hz is utilized to extract the oscillometric

pulses from the cuff deflation curve. Over the deflation period, the extracted oscillometric

pulses form a signal known as the oscillometric waveform (OMW). The amplitude of the

oscillometric pulses increases to a maximum and then decreases with further deflation.

Since the oscillation amplitudes carry most of the BP information [14–17, 19, 20], the

positive and negative peaks of the oscillations are detected. The oscillometric waveform

envelope (OMWE) is then formed by subtracting the consecutive peaks and troughs of

the OMW.

In oscillometry, MAP can be estimated with good accuracy as the cuff pressure at

which the OMWE attains maximum amplitude [15]. A variety of analysis algorithms

can be employed in order to estimate the SBP and DBP values [10, 66]:

1) Maximum Amplitude Algorithm: The most popular oscillometric algorithm is the

maximum amplitude algorithms (MAA). The MAA approximates the MAP as the cuff

pressure at which the OMWE attains a maximum, and then linearly relates the systolic

and diastolic pressures to the mean pressure using empirically derived coefficients. These

coefficients serve to determine the time points at which the cuff pressure coincides with

the systolic and diastolic pressures, respectively [6]. The procedure of the MAA is shown
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Figure 2.2: Procedure of the maximum amplitude algorithm (MAA). The cuff pressure
oscillations are extracted using a band-pass filter. The cuff pressure at which the maxi-
mum amplitude oscillation occurs is determined as the MAP. The cuff pressure at which
the amplitude of the oscillations reaches the systolic ratio rs of the maximum amplitude
A is determined as the SBP. The cuff pressure at which the amplitude of oscillations falls
down the diastolic ratio rd of the maximum amplitude A is determined as the DBP.

in Fig. 2.2.

The systolic coefficient rs may range from 0.45 to 0.73 and the diastolic coefficient

rd may range from 0.69 to 0.83 in different devices [66]. In [15], it has been shown that

the mean BP may be estimated accurately by MAA. However, due to the sensitivity

of the method to variations in BP waveform, pulse pressure and arterial compliance,

the systolic and diastolic pressures cannot be precisely determined. Moreover, it has

been observed that the coefficients used in MAA should be changed as the parameters

of the cardiovascular system vary between different health conditions, age groups, etc.

[17, 26]. Recently, the Gaussian mixture regression technique was used to estimate the

SBP and DBP coefficients [67]. Using a dataset of oscillometric BP measurements, several

targeting clusters were built, each representing the measurements with similar SBP and

DBP values. These targeting clusters were identified by a Gaussian mixture model. The
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Gaussian mixture regression technique was then used to obtain the optimum SBP and

DBP coefficients for each cluster.

2) Linear Approximation Algorithm: This algorithm is similar to the MAA, but

approximates the OMWE by two lines of best fit; one for the systolic side and another

for the diastolic side. The cuff pressure at which the two lines intersect is taken as the

MAP. Similar to the MAA, empirically derived coefficients are then used to find the SBP

and DBP values [68].

3) Derivative Oscillometry: The derivative oscillometry method is based on analyzing

the slope of the OMWE. Drzewiecki et al. [17,18] found that the derivative of the OMWE

plotted against the cuff pressure reaches a maximum at a cuff pressure equal to the

DBP, and a minimum that occurs at a cuff pressure equal to the SBP. The advantage of

derivative oscillometry is that it does not require any empirical coefficients. However, as

the method is based on the derivative of the envelope, it is very sensitive to noise and

artifacts such as movement and muscle contractions, and requires a good quality signal

to perform well.

4) Neural Network Method: Recently, artificial neural networks (NNs) have been em-

ployed as a nonlinear tool to model the complex and nonlinear relationship between the

OMWE and the BP [69–71]. Baker et al. [69] proposed a two-layer feed-forward NN

(FFNN) with a steepest descent backpropagation training algorithm for estimation of

BP from the superficial temporal artery. In a similar effort, Narus et al. [70] trained a

three-layer FFNN using steepest descent backpropagation training with momentum for

estimation of BP at the supraorbital artery. In [71], a two-layer FFNN was designed to

estimate the BP from the upper arm and found to be superior to the MAA algorithm

in terms of standard deviation of error (SDE). These methods are based on training a

network using the OMWE as input, with intra-arterial measurements [69] or measure-

ments made by a nurse [70,71] as the corresponding network targets. Once the network

has extracted information about the association between the input (OMWE) and target

(measured BP), it can be used to estimate the BP from any unknown input pattern that
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has not been provided during the training.

4) Pulse Morphology Method: This method is based on extracting particular features

of the individual oscillometric pulses and studying their changes as a function of cuff pres-

sure [72,73]. In [74], a straight line was drawn between each two successive oscillometric

pulse peak and trough. The area between this straight line and oscillometric pulse was

then calculated and its changes were studied over the deflation period to estimate the

MAP. In [75], quantitative measures such as augmentation index, reflection index, and

stiffness index were extracted from individual oscillometric pulses and their changes were

studied as a function of cuff pressure. It was found the extracted features attain a global

maximum or minimum at a cuff pressure equal to MAP, while they exhibit local maxima

or minima at cuff pressures equal to SBP and DBP. In [76], the statistical Wald t-test

was used to detect the significant changes in the oscillometric pulse waveforms. The

cuff pressures at which the first and last significant changes occurred in the oscillometric

pulses were determined as the SBP and DBP values. The existing pulse morphology

based methods are without physiological and theoretical basis and have not yet been

adequately validated.

4) Modeling: It is of great importance to obtain a model of oscillometry to study,

develop, and test different oscillometric algorithms. In the literature, several models for

the oscillometric technique have been proposed. These studies can be classified into three

categories: (i) the literature that build models to study and test the validity of empirical

coefficients for estimation of SBP and DBP from the OMWE [14,15,17–21], and (ii) the

literature that build models to develop new BP estimation methods [16, 24, 25].

In [14], a simple theoretical model of the cuff-arm-artery system was developed by

analyzing an elastic vessel contained within an air compliance chamber. It was shown

that the MAP can be accurately estimated as the cuff pressure at which the OMWE

exhibits a maximum. A similar model was utilized in [15] to study the effect of different

parameters on the cuff pressure oscillations. These parameters included the collapse

behavior of the artery, the arterial volume-pressure relationship, the volume of the cuff,
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and the arterial pressure waveform amplitude and shape. It was found that MAP can be

accurately estimated from the peak of the OMWE. However, SBP and DBP cannot be

accurately determined using fixed detection coefficients. In [16], a volume-pressure curve

unique to each subject’s artery was obtained by analyzing the individual oscillometric

pulses. This curve along with the pre-estimates of the SBP and DBP were utilized

to monitor the subject’s BP in short periods of time without the need to apply cuff

pressures much greater than the DBP. A more accurate description of the mechanics of

the occlusive cuff and of brachial artery with details on arterial buckling was provided

by Drzewiecki et al. [17]. Their model was found to represent the basic characteristics of

oscillometry on actual blood vessel data. The effect of arterial pressure on the systolic

and diastolic detection coefficients was evaluated using their model. It was found that

the systolic and diastolic coefficients should be lowered at high SBP and low DBP values,

respectively. In [19], a mathematical lumped parameter model of oscillometry was derived

by incorporating the cuff compliance, pressure transmission from the cuff to the brachial

artery through the arm soft tissue, and the biomechanics of the brachial artery. However,

the estimation of BP still relied on empirical coefficients. In [21], the proposed model

of oscillometry in [19] was further simplified by performing a global sensitivity analysis.

The models of the cuff, arm, and artery were then replaced with simpler models with less

number of parameters. In [22], a white box model was developed for oscillometric BP

monitor by dividing the BP monitor system into two subsystems: the electromechanical

subsystem that receives the electrical supply and outputs a torque to the crankshaft of the

air pump, and the pneumatic subsystem that controls the cuff pressure. Subsequently, a

black box model was derived for the oscillometric BP monitor that represents a single-

input single-output relationship between the voltage supplied to the air pump and the

cuff pressure. However, no method for estimation of BP was provided. In [24], a three-

segment compliance model was developed to describe the volume changes of the artery

recorded by a finger photoplethysmograph. A similar model was developed in [25] to

describe the volume changes of the artery recorded by an oscillometric cuff. The vessel
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compliance was first estimated using pre-estimates of the SBP and DBP obtained by

an independent method. The compliance information was then used to estimate the

subject’s BP. Table 2.1 provides a comparison between different published model-based

oscillometric BP estimation methods.

It has been assumed that the arm tissue is mostly incompressible, and therefore any

change in the arterial volume results in a corresponding change in the cuff bladder volume

[17,19,20,24,25]. Therefore, the oscillations of the cross-sectional area of the artery, also

known as lumen area, are proportional to the oscillations observed on the recorded cuff

pressure deflation curve [14–17]. In [17,19], the area oscillations were extracted from the

simulated lumen area waveform using a high-pass filter with a cutoff frequency of 0.3-0.5

Hz, and were shown to be consistent with actual recorded oscillometric pulses.

While some of the above mentioned literature [15, 17, 19] studied the validity of the

empirical coefficients used for estimation of SBP and DBP, none of them provided the

fundamental relationship between the OMW and the SBP and DBP values.

2.2.4 Pulse Transit Time Analysis

A relatively new method that goes beyond oscillometry involves the estimation of BP

from pulse transit time (PTT). PTT is defined as the time it takes by a pressure pulse

to travel between the heart and a peripheral arterial site [29]. In practice, for ease of

measurement, PTT is usually measured as the time interval between the ECG R-peaks

and certain points on the arterial pulses recorded from a peripheral artery, as shown in

Fig. 2.3. The reason to use the ECG R-peaks as the reference points for measuring the

PTT is that the ECG R-peaks correspond approximately to the opening of the aortic

valve.

It has been observed that there is a correlation between the PTT and BP that could

be used to estimate BP [77, 78]. PTT-based methods can be broadly classified into two

categories [79]: (i) PTT-BP correlation analysis, and (ii) PTT-cuff pressure dependence

analysis.
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Table 2.1: Comparison of different published model-based oscillometric blood pressure
(BP) estimation methods.

Authors Developed Models Obtained
Estimates

Drawbacks

Mauck et
al. [14]

Simple model of the
cuff-arm-artery system

MAP No method for
estimation of SBP
and DBP was
provided

Forster et
al. [15]

Simple model of the
cuff-arm-artery system

SBP, DBP,
and MAP

The SBP and DBP
estimation method
relied on fixed
coefficients.

Link et
al. [16]

Model of the volume-pressure
relationship of the artery

SBP, DBP,
and MAP

Required
pre-estimates of the
SBP and DBP using
another method.

Drzewiecki
et
al. [17, 18]

Model of the cuff-arm-artery
system with details on arterial
buckling

SBP, DBP,
and MAP

Relied on empirical
coefficients.

Ursino et
al. [19, 20]

Mathematical lumped parameter
model of the cuff-arm-artery
system by incorporating the cuff,
arm soft tissue, and the brachial
artery effects.

SBP, DBP,
and MAP

Relied on empirical
coefficients.

James [21] Simplified model of oscillometry
proposed in [19, 20].

SBP, DBP,
and MAP

Relied on empirical
coefficients.

Pinheiro
and
Postolache
[22]

White box and black box models
for the oscillometric BP monitor
by considering the
electromechanical and pneumatic
subsystems.

—— No method for
estimation of SBP,
DBP, and MAP was
provided.

Sun et
al. [23, 24]

Three-segment compliance model
for the volume changes of the
artery recorded by a
photoplethysmograph.

SBP, DBP,
and MAP

Required
pre-estimates of the
SBP and DBP using
another method.

Babbs [25] Three-segment compliance model
for the volume changes of the
artery recorded by an
oscillometric cuff.

SBP, DBP,
and MAP

Required
pre-estimates of the
SBP and DBP using
another method.
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Figure 2.3: Pulse transit time (PTT) measurement principle. (a) Example of a PTT
measurement system. ECG electrodes and oximetric photoplethysmography are used
to obtain the ECG and the arterial blood pressure signals, respectively. (b) Schematic
diagram showing the calculation of PTT as the time interval between the ECG R-peak
(as the starting point reference) and the arterial pulse wave (as the end point).

PTT-BP Correlation Analysis

In the PTT-BP correlation method [80–90], a regression model is found between the

BP and the PTT. PTT is estimated as the time interval between the ECG R-Peak

and the arterial pulses measured at a peripheral artery. Another independent method

is employed to measure the reference BP. A dataset of PTT and BP measurements

is then collected based on which a regression model between the BP and the PTT is

found. The main disadvantages of this method are the frequent need for calibration by a

reference sphygmomanometer and the low accuracy because of the weak and inconsistent

correlation between PTT and BP [91–93].

Table 2.2 provides a comparison between different published PTT-BP correlation

analysis methods.
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Table 2.2: Comparison of different published PTT-BP correlation analysis methods in
terms of the proposed regression model and the obtained estimates.

Authors Regression Model Obtained
Estimates

Chen et al. [80] BP = a + b× ln(PTT ); where a and b are
regression coefficients.

SBP and
DBP

Meigas et
al. [81], Yoon et
al. [83],
Sawada [89], Ma
and Zhang [88]

BP = a + b× PTT ; where a and b are regression
coefficients.

SBP and
DBP

He et al. [90], BP = a + b× PTT + c× PTT 2 + d× PTT 3;
where a, b, c, and d are regression coefficients.

SBP, DBP,
and MAP

Kim et al. [82] BP = a×A+ b×M + c× I + d× PTT + e;
where a, b, c, d, and e are regression coefficients,
and A, I, M , and D are particular features
obtained from the arterial pulses.

SBP and
DBP

Poon et al. [87] BP = a× ln( b
PTT 2 − 1); where a and b are

regression coefficients.
SBP and
DBP

Gesche et
al. [85]

BP = a× PTT × e
d

PTT + b
PTTn − c; where a, b, c,

d, and n are regression coefficients.
SBP

Cattivelli and
Garudadri [86]

BP = a× PTT + b×HR + c; where a, b, and c
are regression coefficients and HR is the heart
rate.

SBP and
DBP

Ha et al. [84] BP = f(PTT, age, sex, height, weight). Function
f is not given.

SBP and
DBP

PTT-Cuff Pressure Dependence Analysis

The PTT-cuff pressure dependence method uses an inflatable cuff to apply varying pres-

sure to an artery and pressure sensors to measure the arterial pulses near the cuff. The

PTT is then computed and analyzed as a function of applied cuff pressure in order the

determine the BP. Geddes et al. [94] were the first who verified this principle on normal,

hypertensive, and hypotensive dogs. An inflatable cuff was applied to the forelimb of

anesthetised dogs and was inflated to a supra-systolic pressure. The cuff was then slowly

released while measuring the BP invasively at the radial artery. PTT was measured as

the time interval between the ECG R-peak and the beginning of the BP pulse upstroke.
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It was found that SBP can be estimated as the cuff pressure at which the BP pulse

appears at the radial artery. As the pulse appears at the radial artery, measurement of

the PTT would be possible. It was observed that the PTT decreases as the cuff pres-

sure decreases from SBP to DBP and then it remains constant for cuff pressures less

than DBP. A similar approach was performed in [95] on humans to estimate the SBP

and DBP. The results were validated against invasive estimates. In [96], the PTT-cuff

pressure dependence method was compared with the oscillometric method. It was found

that the PTT-based method is approximately as accurate as the oscillometric method,

while it can also provide a measure of arterial stiffness. The results obtained in [95]

and [96] were consistent with the one described earlier by Geddes et al. [94]. In [97] two

piezoelectric sensors were placed proximally and distally under a brachial cuff. The PTT

was measured as the time interval between the two recorded pulses. It was observed that

the cuff pressure at which PTT attains its maximum value is close to the SBP and the

cuff pressure at which the PTT attains a slope close to zero is close to DBP.

In [98], a wireless medical device was designed to continuously monitor the ECG,

BP, and blood oxygen of a patient and deliver pertinent information to first responders.

In [99], synchronized ECG signals were acquired for removing motion artifacts from os-

cillometric signals to increase the accuracy of BP measurements. However, these devices

required pressure and ECG sensors auxiliary to the cuff, defeating the simplicity and

straightforwardness of the oscillometric BP estimation method. Recently, our research

group proposed an ergonomic integration of BP and ECG monitoring into a single de-

vice, providing a robust measurement of the PTT in oscillometry [79]. It was empirically

found that the PTT measured as the time interval between the ECG R-Peaks and the

maximum slope points of the oscillometric pulses exhibits a maximum at a cuff pressure

close to MAP. Empirically derived coefficients were then used on the PTT-cuff pressure

mapping to find SBP and DBP values. However, this work did not provide a theoretical

grounding for this technique nor a coefficient-free approach to BP estimation.
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2.3 Standards for Automated Blood Pressure Mon-

itors

Several protocols have been introduced for evaluation/validation of the automated BP

monitoring devices [37, 100–105]. The first protocol, the ANSI/AAMI SP10, was pub-

lished by the American National Standards Institute (ANSI) and the Association for

the Advancement of Medical Instrumentation (AAMI) in 1987 [100]. This protocol was

updated in 1993 [101] and 2002 [102]. In 1990, the British Hypertension Society (BHS)

published a protocol [103] which was updated in 1993 [104]. In 2009, the ANSI and

the AAMI together with the International Organization for Standardization (ISO) intro-

duced their latest standard for automated BP monitoring devices [37]. In these protocols,

the noninvasive auscultatory or the invasive intra-arterial methods are considered as the

reference.

In order to validate an automated BP monitor with auscultatory reference sphygmo-

manometer, both BHS and ANSI/AAMI/ISO protocols require a dataset of BP measure-

ments obtained from a minimum of 85 subjects. At least three BP measurements should

be performed on each subject for a total of 255 measurements. Two trained observers

should make simultaneous BP readings on each subject using auscultatory technique with

a double stethoscope. The observers’ individual readings should be averaged to create

the reference BP. Readings taken by the automated BP device and the trained observers

can be either sequential or simultaneous. In the case of sequential measurement, there

should be at least a one-minute delay between the automated BP device and the trained

observers readings.

In order to validate an automated BP monitor with reference invasive BP monitor-

ing equipment, the ANSI/AAMI/ISO protocol requires a dataset of at least 150 BP

measurements obtained from a minimum of 15 subjects. No more than 10 valid BP

measurements should be taken from each subject. Readings taken by the automated BP

device and the reference invasive BP monitoring equipment should be sequential with at
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least a one-minute delay. The BHS protocol does not recommend the use of invasive BP

measurement as the reference.

The ANSI/AAMI/ISO protocol determines the accuracy of BP monitoring devices

using two measures; the mean error (ME) and the standard deviation of error (SDE)

obtained over all 255 measurements. This standard requires an absolute ME equal or

less than 5 mmHg and an SDE equal or less than 8 mmHg.

The BHS protocol classifies the BP monitoring devices into grades A to D, where

grade A shows the best accuracy. If 60, 85, and 95% of the readings have errors of less

than 5, 10, and 15 mmHg, respectively, the BP monitor is graded in class A. If 50, 75,

and 90% of the readings have errors of less than 5, 10, and 15 mmHg, respectively, the

BP monitor is graded in class B. If 40, 65, and 85% of the readings have errors of less

than 5, 10, and 15 mmHg, respectively, the BP monitor is graded in class C. Grade D is

assigned to a device with worse accuracy than grade C.

The European Society of Hypertension (ESH) has also developed a protocol for

evaluation of BP monitoring devices, called the international protocol [105]. How-

ever, the ANSI/AAMI/ISO protocol involves the most stringent requirements for evalu-

ation/validation of BP monitors, and is the most popular and accepted standard.

The measures usually used in evaluating the automated BP monitors are the mean

error (ME) and the standard deviation of error (SDE) obtained on a dataset of BP

measurements [37]. ME shows the bias of the estimates, while SDE is a measure of error

variability. A method with small ME can still be unreliable if it produces large values

of SDE. In this thesis, we also compute the mean absolute error (MAE) that shows the

overall accuracy in estimating the BP.

The true value of many quantities in the living body including BP are not exactly

known unless an invasive approach, which is associated with potential adverse effects, is

employed. Based on this problem, Bland and Altman [106, 107] developed a graphical

statistical approach to assess the agreement between a newly developed measurement

method and other established measurement methods rather than with the true quantity
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being measured. “We cannot be certain that either method gives us an unequivocally

correct measurement and we try to assess the degree of agreement between them. The

standard method is sometimes known as the “gold standard”, but this does not – or

should not – imply that it is measured without error” [108]. Bland and Altman applied

their assessment approach on BP data in [108,109]. Suppose two BP devices are used to

estimate the BP value. Each point on the Bland-Altman plot represents the difference

between the two device estimates (y-axis) and their average (x-axis). The agreement

between the devices is quantified by the bias (ME) and the limits of agreement (ME

± 1.96 × SDE) that are shown by horizontal lines on the plot. The Bland-Altman

plot illustrates how the error between the two devices is distributed over the range of

average values. In general, smaller bias and narrower limits of agreements show a better

agreement between the two devices. In this thesis, Bland-Altman analysis is performed

to study the agreement between our estimates and the reference readings.



Chapter 3

Modeling the Relationship Between

Blood Pressure and Oscillometric

Waveform Using Neural Networks 1

Artificial neural networks (NNs) can be considered as a nonlinear statistical data model-

ing tool that can approximate almost any nonlinear relationship that may exist between

inputs and outputs or find patterns in data. These computational models are character-

ized by their architecture, learning algorithm, and activation functions [110]. NNs do not

require an explicit mathematical model and are thus suitable for physiological systems

that defy modeling due to their nonlinear nature. NNs have been widely used in the

1Parts of this chapter have been published in:

1. M. Forouzanfar, H. R. Dajani, V. Z. Groza, M. Bolic, and S. Rajan, “Feature-based neural
network approach for oscillometric blood pressure estimation,” IEEE Trans. Instrum. Meas.,
vol. 60, pp. 2786-2796, Aug. 2011.

2. ——, “Comparison of feed-forward neural network training algorithms for oscillometric blood
pressure estimation,” in IEEE Int. Workshop on Soft Computing Applications (SOFA’10), (Arad,
Romania), pp. 119-123, Jul. 2010.

3. ——, “Adaptive neuro-fuzzy inference system for oscillometric blood pressure estimation,” in
IEEE Int. Workshop on Medical Measurements and Applications (MeMeA’10), (Ottawa, ON),
pp. 125-129, May 2010.

4. ——, “Oscillometric blood pressure estimation using principal component analysis and neural
networks,” in IEEE Toronto Int. Conf. Science and Technology for Humanity (TIC-STH’09),
(Toronto, ON), pp. 981-986, Sep. 2009.

27
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biomedical measurement and instrumentation area.

A possible solution to overcome the limitations of conventional oscillometric algo-

rithms is the application of NNs. However, as mentioned in Chapter 2, only a few

NN-based techniques have been proposed in the literature to address the oscillometric

BP estimation problem [69–71].

In the existing literature, the raw oscillometric waveform envelope (OMWE) is evenly

sampled at specific increments of cuff pressure and the resultant samples are fed to the

NN as input. The slow rate of cuff deflation results in a smooth OMWE, if the artifacts

that corrupt the envelope are disregarded. Therefore, the sampling rates that are used to

capture the necessary information from the OMWE result in a large set of redundant cor-

related input data in the sense that each sample can be interpolated from its neighboring

samples. There are several disadvantages in these algorithms. Firstly, the performance

of NNs is dependent on the input data representation. An effective data representation

can improve the learning and generalization capability of the network, while redundant

input data, as is the case with the OMWE, would decrease the discrimination capability

of the network and lead to degradation in the learning process. This results in a poorly

generalizable network [111]. Secondly, a redundant input data would lead to a NN with

a large number of input nodes. As the number of input nodes increases, the NN would

require a larger number of hidden nodes in order to determine the exact input-output

relationship [112]. Thirdly, as the number of NN weights is increased, a larger training

dataset would be required. This is because the training of a NN involves an optimization

process with degrees of freedom equal to the number of weights [113]. However, collect-

ing a large oscillometric waveform (OMW) dataset would be very expensive and time

consuming. As a result, a NN with a smaller number of input nodes is preferred. This

can be achieved if the entire signal can be represented by a reduced set of either samples

or parameters that capture the essential features of the signal. Finally, the research on

estimation of BP using NNs has been limited to the use of standard feed-forward neu-

ral networks (FFNNs) without the use of appropriate training algorithms. The existing
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literature uses steepest descent [69], or steepest descent with momentum [70] algorithms

with a fixed learning rate to train the NN. The steepest descent algorithm has several

disadvantages such as slow learning, requiring a good training dataset, getting stuck in

local minima, and providing little or no robustness to noise [110]. These disadvantages

can be circumvented by using more advanced training algorithms.

In this chapter, an effective NN approach for BP estimation is developed which is

novel in the following ways: (a) Instead of directly applying the raw OMWE to the

NN [69–71], we propose a feature extraction technique that derives a small set of fea-

tures that forms an effective representation of the entire OMWE. The idea is to model

the OMWE by an analytic expression with a small set of parameters. This is performed

by fitting the OMWE with the sum of two Gaussian functions. The optimum parame-

ters of the Gaussian functions are found by minimizing the least squares error between

the model and the actual signal using the trust region reflective algorithm [114]. These

parameters are taken as the features for the NN. To the best of our knowledge, there

is no previous published research work that has derived features from the OMWE for

prediction purposes. (b) The performance of ten different training algorithms belonging

to three classes: steepest descent (with variable learning rate, with variable learning rate

and momentum, resilient backpropagation), quasi-Newton (Broyden-Fletcher-Goldfarb-

Shanno, one step secant, Levenberg-Marquardt) and conjugate gradient (Fletcher-Reeves

update, Polak-Ribire update, Powell-Beale restart, scaled conjugate gradient) are evalu-

ated in the estimation of SBP and DBP. (c) In addition to the NN, a hybrid neuro-fuzzy

technique that combines the advantages of both NN and fuzzy logic is utilized for estima-

tion of BP from OMWE. This technique is called adaptive neuro-fuzzy inference system

(ANFIS). It employs a NN approach to the design of a fuzzy inference system [115].

Learning and adaptation of the NNs makes this fuzzy system more systematic and less

reliant on the knowledge of experts. It has been shown that under proper conditions,

ANFIS can be used as a universal approximator [116]. Therefore, it is particularly suited

for solving function approximation problems such as our case where we want to find an
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Figure 3.1: Block diagram of the proposed feature-based neural network approach.

implicit relationship between BP and OMWE.

The block diagram representation of the proposed feature-based neural network ap-

proach is shown in Fig. 3.1.

The proposed methods are tested on a dataset of wrist oscillometric measurements

collected from 85 subjects and the results are compared with the conventional MAA and

published NN-based methods. The results are compared in terms of mean error (ME),

mean absolute error (MAE), and standard deviation of error (SDE).

The remainder of this chapter is organized as follows. In Section 3.1, the necessary

steps to form the OMWE are explained. In Section 3.2, the proposed feature extraction

technique is presented. In Section 3.3, the structure of the NNs used for BP estimation

and the different training algorithms used to train the NNs are introduced. In Section

3.4, the structure of the ANFIS used for BP estimation is described. In Section 3.5, the

experimental results are provided, and in Section 3.6 the chapter is concluded.
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3.1 Oscillometric Waveform Envelope Detection

In the oscillometric method, an occluding cuff is placed around the upper arm or wrist and

is deflated from a suprasystolic to a subdiastolic pressure. A pressure sensor embedded

in the cuff records the pressure variations within the cuff, as shown in Fig. 3.2(a). A

bandpass filter with a lower cutoff frequency of 0.5 Hz and an upper cutoff frequency of

20 Hz is utilized to extract the OMW from the recorded cuff deflation curve, as shown

in Fig. 3.2(b). In order to be able to analyze the behaviour of oscillometric pulses at

different cuff pressures, all the recorded/extracted signals are plotted as a function of

cuff pressure.

As the OMWE contains information about the BP [17], in the next step, the peaks

and troughs of the oscillometric pulses are detected. A zero crossing algorithm for peak

detection borrowed from existing ECG methods is used in this study [117]. In the zero

crossing method, the mean is first subtracted from the original signal. The resultant

signal is then used to find where zero crossings occur. Each downward zero crossing

should follow an upward zero crossing and vice versa. In between two consecutive cross-

ings should lie a peak. The maximum value in the group of points that lies between the

upward and downward zero crossing is the identified peak. The minimum value in the

group of points that lies between two consecutive peaks is identified as a trough. Figure

3.2(b) shows the peaks and troughs of the OMW in upward and downward triangles,

respectively. Afterwards, the consecutive peaks and troughs are subtracted, interpo-

lated, and then plotted as a function of the cuff pressure, as illustrated in Fig. 3.3. For

more details on extraction of OMW and detection of its peaks and troughs, the reader

is referred to [10, 66].

3.2 Feature Extraction

In the existing literature [69–71], the raw OMWE, after applying noise reduction algo-

rithms, is evenly sampled at specific increments of cuff pressure and directly fed to two
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Figure 3.2: Examples of (a) the cuff deflation curve recorded by a pressure transducer
embedded in the cuff, and (b) the oscillometric waveform (OMW) extracted from the cuff
deflation curve. The detected peaks and troughs are shown by upward and downward
triangles, respectively, on the OMW. The waveforms are plotted as a function of cuff
pressure pc. The vertical dashed lines from left to right show the points at which cuff
pressure is equal to DBP, MAP, and SBP, respectively.

separate NNs to estimate the SBP and DBP. The sampling step is usually chosen between

3 to 4 mmHg resulting in tens of highly correlated samples per each OMWE [69,70]. For

example, in [69], the OMWE was sampled at 4 mmHg increments of cuff pressure re-

sulting in 40 samples per each OMWE. A complex network with 40 input nodes was

then designed to estimate BP and the optimum number of hidden nodes was found to

be 63. Instead of using the raw OMWE, through appropriate data preprocessing and

representation, a compressed representation of the input data in the form of features can

be achieved. Such a concise representation of the input data aids in fast training of neu-
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Figure 3.3: Example of the oscillometric waveform envelope (OMWE) plotted as a func-
tion of cuff pressure pc. The red dashed curve represents a fit to the OMWE with the
sum of two Gaussian functions. The vertical dashed lines from left to right show the
points at which cuff pressure is equal to DBP, MAP, and SBP, respectively.

ral networks, a better generalized network due to higher discrimination capability [111],

a smaller network with fewer hidden nodes [112] and hence lesser storage requirement,

and a smaller training data set [111, 113].

3.2.1 Modeling the Oscillometric Waveform Envelope

Our proposed feature extraction technique is based on modeling the OMWE by an an-

alytic expression that is completely characterized by a small set of parameters. These

parameters are then treated as inputs to the NN instead of the entire set of OMWE

samples. In the existing literature, several curve fitting algorithms have been employed

in order to obtain a smoothed envelope from the extracted peak-to-trough values of the

OMW [118–120]. Hersh et al. [118] proposed that the OMWE has the shape of a Gaus-

sian function. They used the Gauss-Marquardt algorithm to fit the Gaussian function to

the OMWE. In [119], a Lorentzian function was expanded to a power series and employed
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in a regression algorithm in order to reconstruct the relationship between OMWE and

cuff pressure. In order to improve the precision and accuracy of curve fitting, in [120], the

sum of two Gaussian functions was proposed to model the OMWE and the results were

compared against the polynomial fits. It was found that the sum of two Gaussian func-

tions results in the best fit in terms of sum of squared error. Inspired by this research,

we utilized the sum of two Gaussian functions to mathematically model the OMWE.

The parameters of the Gaussian curve best fitted to the OMWE were then considered

as features for the NN.

The proposed model is described as a sum of two Gaussian functions with different

spreads and amplitudes but with the same center, as follows [120]:

f(x) = A1e

−(x− µ)2

2σ2
1 + A2e

−(x− µ)2

2σ2
2 (3.1)

where A1 and A2 are the amplitudes and σ1 and σ2 are the spreads of the two Gaussian

functions, respectively. The center of the Gaussian functions is represented by µ. It is

worthwhile to mention that several Gaussian models were investigated to find out the

suitable model of OMWE for BP estimation. The investigated models were i) a single

Gaussian function, ii) sum of two Gaussian functions with same centers, iii) sum of two

Gaussian functions with different centers, iv) sum of three Gaussian functions with same

centers, and v) sum of three Gaussian functions with different centers. Of the models,

the sum of two Gaussian functions with same centers was found to be the best model for

estimation of BP in terms of MAE and SDE. More details are provided in Section 3.5.3.

The optimum parameters of the proposed model are found by fitting the model to

the OMWE using the least squares method:

{Â1, Â2, σ̂1, σ̂2, µ̂} = arg min︸︷︷︸
A1,A2,σ1,σ2,µ

∑

pc

(
f(pc)−OMWE(pc)

)2
(3.2)

where pc represents the cuff pressure that varies from a suprasystolic to a subdiastolic
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pressure. The estimated parameters are shown on the left hand side of the equation. To

solve the above curve-fitting problem, we employ the trust region reflective algorithm

explained in Section 4.5.1.

An important factor in any optimization problem is the initialization of the parame-

ters. Using a fixed set of initialization rules helps the method to be completely automated.

Here, the initial parameters are found as follows. A 10th order lowpass FIR filter with

cut-off frequency of 0.01 is first applied to the OMWE to be fitted. Then, the location

of the maximum point is found which is taken as the initial guess for the center of the

Gaussian functions. The maximum amplitude of the OMWE is taken as the initial guess

for the amplitudes A1 and A2. On each side of the maximum point of the OMWE, the

point which corresponds to half of the maximum is found and its width is computed.

The widths corresponding to the left and right of the OMWE are taken as the initial

guesses for the spreads σ1 and σ2, respectively. These initializations are performed to

reduce the amount of time needed for the optimization to converge.

Figure 3.3 illustrates an example of such curve-fitting. It is observed that in addition

to the advantages explained early in this section, such curve fitting can also reduce

general artifacts and interferences by smoothing the OMWE. The five parameters (Â1,

Â2, σ̂1, σ̂2, µ̂) of the curve best fitted to the OMWE are then taken as the inputs to

the NN. This feature extraction technique gives us an efficient representation of the raw

OMWE that comprises tens of samples.

3.2.2 Normalization

Before applying the input data to the NN, it is often useful to scale them so that they

always fall within a specified range. This helps the NNs train faster, reduces the chances

of getting stuck in local minima and avoids saturation of the network [121]. Here we
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scale each of the extracted features to the interval [−1, 1] using the following formula:

Y = 2

(
X −Xmin

Xmax −Xmin

)
− 1 (3.3)

where X and Y represent the extracted feature before and after scaling, and Xmin and

Xmax denote the minimum and maximum value of that particular feature.

3.3 Artificial Neural Network

3.3.1 Artificial Neural Network Architecture

The Feed-Forward Neural Network (FFNN) architecture is selected in this study. It

consists of one or more nonlinear hidden layers along with a linear output layer. The

hidden layers’ activation functions are sigmoidal functions that empower the network

to learn the complex and nonlinear relationship between the inputs and the targets,

while the linear output layer makes it possible to have outputs of any range. In this

architecture, a unidirectional weight connection exists between each two successive layers.

It has been proved that a two-layer FFNN with sigmoidal functions in the hidden layer,

and a linear output layer can potentially approximate any function with finite number of

discontinuities, provided a sufficient number of neurons exists in the hidden layer [122].

In our application, two separate two-layer FFNNs with one output neuron were de-

signed: one to estimate the SBP and the other to estimate the DBP. The hyperbolic

tangent sigmoid transfer function was used in the hidden layer and a linear transfer

function in the output. The network weights were initialized using the Nguyen-Widrow

method [123]. The Nguyen-Widrow method initializes the weights of a layer in order to

distribute the active regions of the layers’ neurons approximately evenly over the input

space. This method has been tested on different training problems and found to achieve

significant improvements in learning speed compared to several other initialization tech-

niques [123, 124]. The networks were first trained using the extracted features as the
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Figure 3.4: Structure of the proposed feature-based feed-forward neural network (FFNN).

input, with averaged auscultatory measurements made by two nurses as the correspond-

ing target. Once the networks extracted information on the association between the

input (extracted features) and target (measured BP), they can be used to estimate the

BP from any new input pattern that has not been provided during training.

Figure 3.4 shows the structure of the proposed FFNN with input features extracted

using the the Gaussian function approximation.

3.3.2 Training Algorithms

Training is the process of determining the optimal weights of the NN. This is done by

defining a performance function and then minimizing it with respect to the weights. The

minimization is performed by calculating the gradient using a technique called back-

propagation which can be done in batch or incremental styles [110]. Here, the training

was performed in batch style and the performance function was set to the mean square

error between the network’s output and the desired target. The NNs were trained us-

ing different training algorithms belonging to three backpropagation classes described as

follows.
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Steepest Descent (SD)

Existing NN-based BP estimation methods use the steepest descent backpropagation

learning algorithm [69,70]. The steepest descent algorithm is derived based on the first-

order Taylor series expansion of the performance function. In this algorithm, the update

is done in the negative gradient direction. An iteration of this algorithm can be written

as follows [110]:

∆wi = −µigi (3.4)

where ∆wi is the vector of weights changes, gi is the vector of gradients and µi is the

learning rate that determines the size of the weight update.

For the FFNNs with sigmoidal activation functions, the gradient can be of very small

magnitude even though the weights are far from their optimum values. This is due to

the slope of sigmoidal functions that approaches zero as the input magnitude increases.

This causes several disadvantages such as slow learning and getting stuck in local minima

for FFNNs when using steepest descent learning algorithm [125]. Heuristic modifications

can be applied to improve the performance of steepest descent algorithm.

1) Steepest Descent with Variable Learning Rate (SD-VLR): The performance of the

NN is very sensitive to the initial choice of learning rate, especially when the rate is

fixed during the whole learning process. A solution to overcome the sensitivity issue is

the use of a variable (adaptive) learning rate. In the variable learning technique, the

step size is chosen as large as possible while keeping learning stable. In each iteration,

if the new error is greater than the old one by a predefined ratio (here set to 1.04),

the new parameters (weights) are discarded and the learning rate is decreased (here by

multiplying by 0.7). Otherwise, the new parameters are kept. If the new error is less

than the old error, the learning rate is increased (here by multiplying by 1.05). The

initial value of learning rate was set to 0.01.

2) Steepest Descent with Variable Learning Rate and Momentum (SD-VLRM): In
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order to reduce the sensitivity of the network to fast changes of the error surface, a

fraction of the previous weight change (called momentum term) can be added to the

gradient decreasing term, as follows [110]:

∆wi = −µigi + ρ∆wi−1 (3.5)

where ρ (0 ≤ ρ ≤ 1) is the momentum parameter. The momentum parameter ρ was set

to 0.9 in our application.

3) Resilient Backpropagation (RBP): As mentioned above, the magnitude of the gra-

dient for NNs with sigmoidal activation functions can be very small even though the

weights are far from their optimum values. A solution to this problem is to use only the

direction of the gradient to update the weights, while the amount of the update is deter-

mined by another update factor (here initially set to 0.07). When the gradient has the

same sign for two successive iterations, the update factor is increased by a ratio (here set

to 1.05). The update factor is decreased (here by multiplying by 0.8) when the gradient

changes sign from the previous iteration. When the derivative is zero, the update value

is not changed [125].

Quasi Newton (QN)

Newton’s method is based on the second-order Taylor series expansion. The iterative

procedure of Newton’s algorithm is obtained as [110]:

∆wi = −A−1
i gi (3.6)

where Ai is the Hessian matrix of the performance function at iteration i. Computation

of the Hessian matrix in each iteration is computationally expensive for FFNNs. To solve

this problem, some algorithms have been proposed which are based on Newton’s method

but do not compute the second derivatives at each step.

1) Broyden–Fletcher–Goldfarb–Shanno (BFGS): In the BFGS algorithm, the inverse
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of Hessian matrix is updated as a function of successive gradients of the performance

function. The method is fully described in [126].

2) One Step Secant (OSS): This algorithm is same as BFGS, but based on the as-

sumption that in each iteration the preceding Hessian was the identity matrix [127].

Therefore, the OSS method does not need to store the large Hessian matrix.

3) Levenberg–Marquardt (LM): The LM method assumes that the performance func-

tion has a quadratic form in a region around the current search point, called trusted

region. Based on this assumption, the Hessian matrix is approximated by the Jacobian

matrix and the weight update is obtained as [128]:

∆wi = −
[
JTJ+ λI

]
−1

JTe (3.7)

where J is the Jacobian matrix containing the first derivatives of the errors with respect

to weights, e is a vector of network errors, and λ is a constant (here set to 0.001). When

the performance function decreases, this parameter is multiplied by a factor (here set

to 0.1) and when the performance function increases it is multiplied by another factor

(here set to 10). Same as the SD algorithms, in most of the QN algorithms, the step size

is adjusted at each iteration. A search is performed along the new search direction to

determine the step size that minimizes the performance function along that line. Here,

we used the backtracking search method in all the QN algorithms [126].

Conjugate Gradient (CG)

The SD algorithm produces rapid function decrease along the negative of the gradient.

Newton’s method is more accurate and much faster in convergence but it needs the com-

putation and storage of Hessian matrix which may be impractical. The CG algorithm

searches along the conjugate directions, which provides generally more robust conver-

gence than the SD while it does not need the Hessian matrix. The new search direction

pi is determined as a combination of the new SD direction gi with the previous search
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direction pi−1 [110]:

pi = −gi + βipi−1 (3.8)

where βi is a constant that can be computed by various methods:

1) Fletcher–Reeves Update (FRU): This method updates βi as the norm squared

of the current gradient vector divided by the norm squared of the previous gradient

vector [129]:

βi =
gT
i gi

gT
i−1gi−1

(3.9)

2) Polak–Ribire Update (PRU): This method updates βi as the dot product of the

previous change in the gradient vector with the current gradient vector divided by the

norm squared of the previous gradient vector [129]:

βi =
∆gT

i−1gi

gT
i−1gi−1

(3.10)

3) Powell-Beale Restarts (PBR): In all CG algorithms the search direction is peri-

odically reset to the negative direction of the gradient. This is done usually when the

number of iterations reaches the number of network parameters. In PBR approach, or-

thogonality between the current and the previous gradient vectors is checked at each

iteration. If there is not enough orthogonality left, then the search direction is reset.

The orthogonality is considered inadequate if the following inequality is true [130]:

∣∣gT
i−1gi−1

∣∣ ≥ 0.2||gi||
2 (3.11)

where || · || is the norm operator.

4) Scaled Conjugate Gradient (SCG): The CG algorithms introduced so far are based

on a line search in each iteration which is computationally expensive. To overcome this
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shortcoming, the SCG method combines the trust region approach (same as LM) with

CG algorithm. For more details, the reader is referred to [131].

Same as the SD and QN algorithms, in most of the CG algorithms, the step size is

adjusted at each iteration. Here, the Charalambous search method [132] was utilized to

adjust the step size in all the CG algorithms except the SCG.

3.4 Adaptive Neuro-Fuzzy Inference System

A fuzzy inference system is a system that uses fuzzy set theory to map a set of inputs

to desired outputs. A Fuzzy inference system consists of three conceptual components:

a rule base that contains the set of fuzzy rules, a database that defines the membership

functions used in the fuzzy rules, and a reasoning mechanism that performs the inference

procedure (derives the output from the rules and inputs). The main problem with the

fuzzy inference system is that there is no systematic procedure to define its parameters.

Adaptive Neuro-Fuzzy Inference System (ANFIS) is a newly developed class of hy-

brid intelligent systems that combine the main features of the NN with those of the

fuzzy systems [115]. ANFIS can be viewed as a mapping of a fuzzy system into a NN

structure where each module of the fuzzy system is interpreted as a particular layer of

the NN. The parameters of the fuzzy system are adaptively optimized by incorporating

NN learning concepts. It has been mathematically proved that ANFIS is a universal

approximator [116]. Therefore, it can approximate any arbitrary nonlinear function such

as the relationship between BP and OMWE.

Different ANFIS models have been developed in the literature [133–136]. The main

difference between these models is the inferencing procedure used to obtain the system

output. In this thesis, a five-input first-order Sugeno fuzzy model [135, 136] is used for

the ANFIS. Each input is fuzzified using N membership functions (MFs) leading to the

total number of M = N5 rules. Figure 3.5 shows the structure of the proposed ANFIS

with input features extracted using the Gaussian function approximation.
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Figure 3.5: Structure of the proposed feature-based adaptive neuro-fuzzy inference sys-
tem (ANFIS). The connections are only shown for rules 1, 2, and M.

A five-input first-order Sugeno fuzzy model has the following rule-based structure:

if I1 is A and I2 is B and I3 is C and I4 is D and I5 is E then, (3.12)

f = pI1 + qI2 + rI3 + sI4 + tI5 + u

where I1, I2, ..., I5 represent the inputs, A, B, C, D and E are fuzzy sets for the input,

{p, q, r, s, t, u} is the consequent parameter set, and f is the rule output. For the ANFIS

employed in this study, the nodes in Layer 1 (premise parameters) were all symmetric

gaussian MFs which have a flexible parameterization. For example, for the fuzzy set A,
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the symmetric gaussian MF takes the form:

µA(I1) = e

−(I1 − c)2

2σ2 (3.13)

where parameters c and σ determine the center and spread of the gaussian function.

The next layer (Layer 2) multiplies the inputs from the nodes in Layer 1 and generates

the firing strength of the rules. The output of this layer is given by:

wi = µA(I1)× µB(I2)× µC(I3)× µD(I4)× µE(I5) (3.14)

where wi is the firing strength of rule i.

The output of this layer is then fed to Layer 3 to normalize the firing strengths of the

fuzzy rules. For the jth node in this layer, the output is given by:

wj =
wj∑M
i=1wi

(3.15)

The nodes of the next layer (Layer 4) multiply the normalized firing strengths wi by

the rule outputs fi:

outputi = wifi (3.16)

The output of this layer is passed to the final layer (Layer 5), which generates a crisp

output value by computing the weighted average of all the rule outputs:

Overal output =

M∑

i=1

wifi (3.17)

The ANFIS is first trained using the extracted features as the input, with averaged

auscultatory measurements made by two nurses as the the corresponding network tar-

gets. The backpropagation gradient descent learning method [115] is adopted to identify
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parameters in the ANFIS. Once the network has extracted information about the associ-

ation between the input (OMWE features) and target (measured BP), it can be used to

estimate the BP from any unknown input that has not been provided during the training.

3.5 Experimental Results

Our proposed method was tested on an oscillometric waveform dataset provided by

Biosign Technologies Inc. The dataset was acquired from 85 subjects using an auto-

mated wrist BP monitor (UFIT TEN-10) in accord with the recommendations of the

ANSI/AMMI/ISO standard [37]. The dataset is fully described in Appendix A.1.

3.5.1 Train and Test Strategy

The challenge is to design a neural network that can attain an acceptable estimation error

when presented with new inputs. Employing a large representative training dataset, with

input-output mappings of the relationship to be approximated, results in a network that

is more likely to generalize to new inputs. The network should then be trained until the

necessary input-output relationships are found without overfitting the training dataset.

To this end, the early-stopping technique is utilized [124, 128]. In the early stopping

technique, the dataset is divided into three sets, called training, validation and testing

such that the training data is as large as possible and the validation data is a fair

representative of all points in the training set. The network is trained with the training

data and the error obtained with the validation data is checked at every iteration. When

the validation error increases for a specified number of successive iterations (here set to

50), the network’s parameters that lead to the best validation performance are saved.

Then, the network’s performance is assessed using the test data. The error obtained on

the test data, called generalization error, is used as a measure to evaluate the network

performance when new data that was not provided during the training is presented. In

our study, one subject (with five measurements) was selected for the test, which led to



Neural Network 46

the largest possible set of data for training and validation. The rest of the subjects

were randomly divided into training (80%–336 measurements) and validation (20%–84

measurements) [137]. This process was then repeated such that each subject in the

dataset was used once for the test. Despite the advantage of having the largest possible

training data set, a drawback of this testing strategy is the computational cost, because

of the large number of training iterations.

3.5.2 Comparison of NN Training Algorithms

Different NN training algorithms were compared in terms of BP estimation error and

training performance. Two metrics were chosen to compute the estimation error: i)

mean absolute error (MAE) and ii) standard deviation of error (SDE). The training

performance of the NNs was compared in terms of i) training time and ii) number of

training iterations to reach the optimal weights. The NNs were designed with the same

settings as described in Section 3.3.

The BP estimation errors in terms of MAE and SDE for the FFNN using different

training algorithms are shown in Table 3.1. The NN training performance in terms of

training time and number of training iterations to reach the optimal weights are listed

in Table 3.2. These values were averaged over the 85 runs of the algorithms. The results

were obtained on a Pentium IV 2.8 GHz processor with 2.0 GB of RAM.

It is observed that among the SD training algorithms, the SD-VLR has the largest

estimation error with the worst training performance. The SD-VLRM significantly im-

proves the training performance while the estimation error is only slightly improved.

The best result in terms of both estimation error and training performance is obtained

using RBP. Among the QN training algorithms, the BFGS and OSS obtain the least

estimation errors. However, the BFGS is the worst in training performance with the

longest training time and the maximum number of iterations. The BFGS training time

is even longer than SD-VLR, but it needs a smaller number of training iterations. This

is due to the fact that QN algorithms make advantage of the second-order Taylor series
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Table 3.1: Comparison of different neural network (NN) training algorithms in terms of
estimation error (MAE and SDE)

Steepest Descent (SD) Quasi-Newton (QN) Conjugate Gradient (CG)

SD-VLR SD-VLRM RBP BFGS OSS LM FRU PRU PBR SCG

SBP

MAE
7.19 7.00 6.90 6.91 6.98 7.76 7.28 7.04 7.26 7.02

[mmHg]
SDE

10.71 10.10 9.90 10.24 10.21 10.81 10.61 10.43 10.56 10.36
[mmHg]

DBP

MAE
6.44 6.29 5.83 6.32 6.02 6.54 5.95 5.88 5.91 6.24

[mmHg]
SDE

8.17 8.40 7.34 8.03 7.58 8.38 7.59 7.50 7.64 7.96
[mmHg]

expansion of the performance function which makes the training faster in terms of the

number of iterations. However, since each iteration is computationally more expensive

than that of the SD algorithms, the whole training time is longer. The training time has

been significantly improved in the OSS algorithm with estimation errors similar to BFGS

algorithm. The best training performance is achieved using the LM algorithm but with

the cost of slight increase in estimation errors. The LM is the second fastest algorithm

after the RBP, with the least number of training iterations among all the training algo-

rithms. Among the CG training algorithms, the FRU, PRU, and PBR have very similar

results both in estimation error and in training performance. They are faster than the

SD-VLR, BFGS and OSS algorithms but not as fast as the advanced SD (SD-VLRM,

RBP) and QN (LM) methods. The CG based algorithms have estimation errors that are

almost the same as the other algorithms. The training performance is improved in SCG

by employing the trust region approach while achieving comparable estimation errors to

the other CG algorithms. Comparing all the ten different training algorithms together,

it is found that the estimation errors are very close while the training performances sig-

nificantly differ. However, the best estimation errors and fastest training are obtained

using the RBP algorithm.
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Table 3.2: Comparison of different neural network (NN) training algorithms in terms
of training performance (training time and number of iterations to reach the optimal
weights).

Steepest Descent (SD) Quasi-Newton (QN) Conjugate Gradient (CG)

SD-VLR SD-VLRM RBP BFGS OSS LM FRU PRU PBR SCG

SBP

Avg. no.
597 273 194 379 137 110 132 129 124 140

iterations
Avg. train

15.16 6.65 5.53 28.60 9.61 6.85 8.84 8.93 8.78 8.32
time [sec]

DBP

Avg. no.
689 351 163 264 163 107 136 140 133 150

iterations
Avg. train

17.82 8.52 4.82 20.68 11.30 6.68 8.97 9.65 9.23 8.90
time [sec]

3.5.3 Gaussian Model Selection

As mentioned in Section 3.2.1, in the existing literature [69–71], it has been proposed that

the OMWE has the shape of a Gaussian function. We investigated five Gaussian models

to determine the appropriate model for OMWE to be utilized for BP estimation. The

investigated models were i) a single Gaussian function, ii) sum of two Gaussian functions

with same centers, iii) sum of two Gaussian functions with different centers, iv) sum

of three Gaussian functions with same centers, and v) sum of three Gaussian functions

with different centers. For each model, the amplitude(s), center(s), and spread(s) were

considered as inputs to the FFNN. The FFNNs were designed with the same settings as

described in Section 3.3.1. The RBP learning algorithm, as described in Section 3.3.2,

was used to train the networks. The number of hidden nodes was set to 10. The BP

estimation results obtained on the test set are listed in Table 3.3. It is observed that

the BP estimation results are improved in terms of MAE and SDE by presenting the

features extracted using the sum of two Gaussian functions with same centers instead of

one Gaussian function. This improvement is due to fact that the sum of two Gaussian

functions provides a better fit to the OMWE compared to a single Gaussian function.

However, by further increasing the complexity of our model, estimation results are not

improved anymore. We conjecture that a more complex model may approximate in addi-

tion to the envelope, the fine structure variations and artifacts that do not contribute to
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Table 3.3: Comparison of different Gaussian models in estimation of blood pressure (BP)
from oscillometric waveform envelope (OMWE)

1 Gaussian 2 Gaussian functions 3 Gaussian functions
function Same centers Different centers Same centers Different centers

SBP

MAE 6.96 6.76 11.38 7.24 11.07
[mmHg]
SDE

9.21 8.89 14.49 9.66 14.17
[mmHg]

DBP

MAE
6.74 5.98 7.67 6.39 7.92

[mmHg]
SDE 8.82 7.90 10.14 8.41 10.13

[mmHg]

the pressure estimates. Using different centers for the Gaussian models further degrades

the BP estimation results. Moreover, as discussed earlier, by using more complex models,

the number of inputs to the NN increases and the learning performance degrades.

3.5.4 Evaluated Methods

To evaluate performance on the test data, the following methods were implemented:

• Method 1: FFNN with the raw OMWE as the input. The OMWE was evenly

sampled at 3 mmHg increments of the cuff pressure (other sampling rates were

also tested; however, the best BP estimation results were achieved with 3 mmHg

increments). This led to a redundant set of 48 samples per each OMWE that were

considered as inputs to the network.

• Method 2: FFNN with feature extraction using Gaussian function approximation.

The sum of two Gaussian functions was used to model the OMWE. The model

parameters which are two amplitudes A1, A2, two spreads σ1, σ2, and a center µ

were considered as inputs to the network (See Section 3.2.1).

• Method 3: ANFIS with feature extraction using Gaussian function approxima-

tion. The sum of two Gaussian functions was used to model the OMWE. The
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model parameters which are two amplitudes A1, A2, two spreads σ1, σ2, and a

center µ were considered as inputs to the ANFIS.

• Method 4: Conventional MAA which is the most commonly used oscillometric

method for estimating the BP in noninvasive electronic BP devices [17]. Systolic

and diastolic coefficients that led to the least estimation error were chosen for this

study.

All the NN-based methods were designed with the same settings as described in

Section 3.3.1. The RBP learning algorithm, as described in Section 3.3.2, was used to

train the NNs. The ANFIS was designed with the same settings as described in Section

3.4. It should be noted that since the number of rules in ANFIS exponentially increases

with the number of inputs and makes the ANFIS very complex (see Section 3.5.5 and

Table 3.7), we only implemented the featured-based ANFIS.

In order to compare the results, ME, MAE, and SDE between the estimated BP and

the averaged nurse measurements are computed over the whole dataset.

3.5.5 Results and Discussion

As mentioned in Section 3.3, two separate two-layer FFNNs were designed to estimate

SBP and DBP. The hyperbolic tangent sigmoid transfer function was used in the hidden

layer and linear transfer function in the output, making the networks capable of approx-

imating any complex input-output mapping. The number of hidden neurons was a free

parameter and needed to be chosen judiciously.

An important factor in the design of a generalizable NN is the proper choice of number

of hidden neurons. A smaller number of hidden neurons will increase the training and

generalization errors due to underfitting. On the other hand, using too many neurons will

decrease the training error but increase the generalization error due to overfitting. There

are guiding principles for determining the upper and lower bounds for the number of

hidden neurons [137–141], but it is not possible to exactly determine the best number of
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hidden neurons without computing the generalization error for each structure [112,137].

Therefore, we iterated the training and testing process with different number of hidden

neurons.

Figures 3.6 and 3.7 illustrate the performance of the FFNN in the estimation of SBP

and DBP, with raw OMWE as input, as a function of number of hidden neurons (1, 2,

4, 8, 16, and 32). The performance is reported in terms of MAE and SDE obtained on

the test set. The same performance curves for the FFNN with feature extraction using

the Gaussian function approximation are shown in Figs. 3.8 and 3.9. It is observed that

the networks with a larger number of hidden neurons exhibit overfitting. On the other

hand, networks with a smaller number of hidden neurons appear to underfit the training

data due to lack of power to capture the exact input-output relationship. However, there

exists an optimum point where the networks reach the best generalization performance, as

shown in the figures. The network structures with the best generalization performance

were saved and compared. For estimation of SBP and DBP from raw OMWE, the

networks with 4 hidden neurons achieved the best results. For estimation of SBP and

DBP from extracted features using the Gaussian function approximation, the networks

with 2 and 4 hidden neurons obtained the best performance, respectively. For the ANFIS

with feature extraction using the Gaussian function approximation, the training and

testing process were iterated with different numbers of membership functions. It was

found that networks with two membership functions per input achieve the best results

in estimation of both SBP and DBP [45, 47].

Table 3.4 lists the ME, MAE, and SDE values of the four different methods used for

the estimation of SBP while Table 3.5 lists the values for estimation of DBP.

Comparing the proposed feature-based FFNN with the conventional MAA, it is found

that the SBP and DBP estimation errors have been reduced by 3.28 mmHg and 3.91

mmHg in terms of ME, by 1.9 mmHg and 1.88 mmHg in terms of MAE, and by 3.45

mmHg and 1.75 in terms of SDE, respectively. The feature-based ANFIS has also

achieved improved performance compared to the MAA; the SBP and DBP errors are
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Figure 3.6: Performance of FFNN (with raw OMWE as input) in estimation of SBP as
a function of number of hidden neurons. The performane is reported in terms of MAE
and SDE obtained on the test set.
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Figure 3.7: Performance of FFNN (with raw OMWE as input) in estimation of DBP as
a function of number of hidden neurons. The performane is reported in terms of MAE
and SDE obtained on the test set.

improved by 1.81 mmHg and 2.59 mmHg in terms of ME, by 1.2 mmHg and 1.44 mmHg

in terms of MAE, and by 3.01 mmHg and 1.02 in terms of SDE, respectively. Comparing

the proposed feature-based FFNN with the FFNN with raw OMWE as input, it is found

that the SBP and DBP estimation errors have been reduced by 0.44 mmHg and 0.30

mmHg in terms of MAE and by 0.22 mmHg and 0.23 in terms of SDE, respectively, while
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Figure 3.8: Performance of feature-based FFNN in estimation of SBP as a function of
number of hidden neurons. The performance is reported in terms of MAE and SDE
obtained on the test set.
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Figure 3.9: Performance of feature-based FFNN in estimation of DBP as a function of
number of hidden neurons. The performance is reported in terms of MAE and SDE
obtained on the test set.

the ME for both methods is close to zero. The feature-based FFNN has also achieved

superior performance compared to the feature-based ANFIS. As mentioned earlier, the

ANFIS was not implemented using the raw OMWE as input due to the high complexity

of the corresponding network.

The improvement of the proposed feature-based methods is attributed to the result
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Table 3.4: Comparison of different methods in estimation of systolic blood pressure (SBP)
on a dataset of 425 recordings from 85 subjects. The averaged nurse measurements were
used as the reference.

SBP MAA
FFNN Feature-based Feature-based

(raw input) FFNN ANFIS

ME 3.46 -0.03 -0.18 1.65
(mmHg)
MAE 8.18 6.72 6.28 6.98

(mmHg)
SDE 12.03 8.80 8.58 9.02

(mmHg)

Table 3.5: Comparison of different methods in estimation of diastolic blood pressure
(DBP) on a dataset of 425 recordings from 85 subjects. The averaged nurse measurements
were used as the reference.

DBP MAA
FFNN Feature-based Feature-based

(raw input) FFNN ANFIS

ME -3.91 0.14 0.00 1.39
(mmHg)
MAE 7.61 6.03 5.73 6.17

(mmHg)
SDE 9.08 7.56 7.33 8.06

(mmHg)

of i) capturing the nonlinear and complex relationship that likely exists between the

OMWE and BP, and ii) effective data representation obtained by performing feature

extraction before applying the OMWE to the NNs. In addition to the improvement

of ME, MAE and SDE in estimation of BP, the proposed feature-based FFNN uses a

smaller NN compared to the FFNN with raw OMWE as input.

As mentioned earlier, by using features instead of the whole OMWE as input to

the NNs, the number of inputs is significantly decreased, which reduces the number of

the first layer’s connections. Moreover, as is observed in Fig. 3.8, the FFNN designed

for estimation of SBP achieves the best performance with a smaller number of hidden

neurons. As the number of inputs and hidden neurons decreases, the resultant NN
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has fewer weights. For example, by reducing the number of inputs from 48 to 5 and

the number of hidden neurons from 4 to 2, as is the case for the FFNNs designed for

estimation of SBP, the number of the first layer weights decreases from 48 × 4 = 192

to 5 × 2 = 10, and the number of the second layer weights reduces from 4 to 2. Table

3.6 compares the complexity of the FFNN with raw OMWE as input versus the feature-

based FFNN. It is observed that the proposed feature-based FFNN achieves significant

improvements in terms of computational complexity, making it an efficient oscillometric

method for BP estimation.

The feature-based ANFIS has also achieved lower complexity compared to the ANFIS

using the raw OMWE as input, making it possible to be efficiently implemented. Table

3.7 compares the complexity of the ANFIS with raw OMWE as input versus the feature-

based ANFIS. As can be observed, by reducing the number of inputs from 48 to 5, the

number of membership functions is reduced from 48 × 2 = 96 to 5 × 2 = 10, and the

number of rules is decreased from 248 to 25. Since each symmetric Gaussian membership

function has two parameters, the number of premise parameters would be reduced from

2 × 96 = 192 to 2 × 10 = 20, and the number of consequent parameters decreases from

(48 + 1) × 248 to (5 + 1) × 25.

The number of rules in ANFIS exponentially increases with the number of inputs

which makes the ANFIS very complex compared to the NN. The complexity of the

ANFIS may lead to overfitting of the network to the training data and, as a results,

higher estimation errors on the test data. This can be observed in tables 3.4 and 3.5

where the BP estimates using ANFIS are slightly higher than those obtained using NN.

3.6 Conclusion

Estimation of systolic and diastolic pressures from the oscillometric waveform is a chal-

lenging task in noninvasive electronic BP monitoring devices. Since the conventional

oscillometric algorithms cannot model and extract the complex and nonlinear relation-



Neural Network 56

Table 3.6: Comparison of the FFNN with raw input, with the feature-based FFNN in
terms of complexity.

Complexity of FFNNs #inputs
#hidden #1st layer’s #2nd layer’s Total
neurons weights weights #weights

Feature-based SPB 5 2 10 2 12
DBP 5 4 20 4 24

With raw input SBP 48 4 192 4 196
DBP 48 4 192 4 196

Table 3.7: Comparison of the ANFIS with raw input, with the feature-based ANFIS in
terms of complexity.

Complexity of ANFISs #inputs
#Membership

#Rules
#Premise #Consequent

Functions parameters parameters

Feature-based SPB 5 10 25 20 6×25

DBP 5 10 25 20 6×25

With raw input SBP 48 96 248 192 49×248

DBP 48 96 248 192 49×248

ship that may exist between BP and OMW, NNs have been proposed as a possible

alternative. However, the research on this topic has been limited to simple architectures

that directly estimate the BP from raw OMWE. Our proposed method established a new

feature extraction technique from the OMWE that resulted in better NN BP estimators

that were superior with respect to training, generalization and computation when com-

pared with the existing NN-based techniques. It should be noted that even though the

proposed feature-based method was designed and tested on the wrist oscillometric mea-

surements, it can be easily extended to BP estimation from oscillometric measurements

obtained from other locations such as the upper arm (see Chapter 6).

It should be noted that our dataset consisted of reference and oscillometric measure-

ments that were made one minute apart. This lack of simultaneity of the oscillometric

and reference measurements contributes to the error in our estimation due to the intrin-

sic physiological variability over time. It has been demonstrated that the arterial BP

can vary by up to 20 mmHg within around 10 seconds, in normal healthy humans [41].
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Therefore, future work can look at simultaneously recorded test and reference data.

Even though the obtained results were promising, the proposed feature-based NN

method has a black box structure that implicitly models the relationship between the BP

and the OMWE. Once the network recognizes a given input pattern (OMWE features),

it predicts an output pattern (BP value) corresponding to the given input. However, it is

very difficult to explicitly describe the meaning of weights at the nodes of the NN. More-

over, the proposed feature-based NN method can only perform well in various patient

populations if the training dataset contains a uniform distribution of all those popula-

tions. In the next chapter, we will drive a new physiological-based mathematical model

that explicitly represents the relationship between the OMWE and the SBP and DBP.

The proposed model will be used to estimate the SBP and DBP from the oscillometric

BP recordings without the need for any training dataset.



Chapter 4

Mathematical Modeling of the

Oscillometric Waveform and

Coefficient-Free Estimation of Blood

Pressure 1

In Chapter 3, the relationship between the SBP and DBP values and the oscillometric

waveform envelope (OMWE) was implicitly modeled using the NNs. However, no explicit

relationship between the SBP and DBP values and the oscillometric waveform (OMW)

was provided. OMW is usually the only signal obtained in oscillometry, and therefore

it is the focus of all oscillometric algorithms for finding the BP values [10]. Hence, it

is of great importance to obtain a model of the OMW to study, develop, and test the

1Parts of this chapter have been published in:

1. M. Forouzanfar, H. R. Dajani, V. Z. Groza, M. Bolic, S. Rajan, and I. Batkin “Ratio-independent
blood pressure estimation by modeling the oscillometric waveform envelope,” IEEE Trans. In-
strum. Meas., in press.

2. M. Forouzanfar, B. Balasingam, H. R. Dajani, V. Groza, M. Bolic, S. Rajan, and E. M. Petriu,
“Mathematical modeling and parameter estimation of blood pressure oscillometric waveform,” in
IEEE Int. Symp. Medical Measurement and Applications (MeMeA’12), (Budapest, Hungary),
pp. 208-213, May 2012.

3. B. Balasingam, M. Forouzanfar, M. Bolic, H. R. Dajani, V. Z. Groza, and S. Rajan, “Arterial
blood pressure parameter estimation and tracking using particle filters,” in IEEE Int. Workshop
Medical Measurements and Applications (MeMeA’11), (Bari, Italy), pp. 473-476, Sep. 2011.
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oscillometric algorithms [142–145].

In Chapter 2, several existing models of oscillometry were reviewed. While there

have been extensive studies on the theory of oscillometry [14, 15, 17, 19, 24, 25], to the

best of the author’s knowledge, no mathematical model of the OMW has been derived.

A precise mathematical model can represent and quantify a wealth of information that

is contained in the OMW including the SBP, DBP, and MAP values.

In this chapter, (a) a physiologically-based mathematical model for the OMW is

developed by incorporating the existing models of the arterial blood pressure (ABP)

pulse waveform and the cuff-arm-artery system; (b) this model is then utilized to obtain

an explicit mathematical model of the OMWE as a function of SBP and DBP; (c) we

propose a new coefficient-free oscillometric BP estimation method based on minimizing

the least squares error between our model and the OMWE using the trust region reflective

algorithm [114]; and (d) we conduct initial cross-validation of our theoretical findings

by estimating BP from 150 actual oscillometric recordings obtained from ten healthy

subjects.

The block diagram representation of the proposed model-based oscillometric BP es-

timation method is shown in Fig. 4.1.

The remainder of this chapter is organized as follows. In Sections 4.1 and 4.2, the

ABP and the cuff-arm-artery system models are introduced, respectively. In Section 4.3,

a mathematical model for the OMW as a function of the ABP, cuff pressure, and the

cuff-arm-artery system parameters is proposed. In Section 4.4, an explicit mathematical

model for the OMWE as a function of SBP and DBP is derived. In Section 4.5, a

new coefficient-free oscillometric BP estimation method using the trust region reflective

algorithm is proposed. In Section 4.6, the experimental results are provided and in

Section 4.7 the chapter is concluded.
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Figure 4.1: Block diagram of the proposed coefficient-free blood pressure (BP) estimation
method by modeling the oscillometric waveform.

4.1 Arterial Blood Pressure Pulse Waveform Model

In [50, 146–149], the periodic cardiovascular signals such as the ABP pulse were mathe-

matically modeled using the fourier series representation. The ABP pulse was modeled

as a sum of harmonically related sinusoids modulated by respiration. Each sinusoidal

function represented a cardiovascular component and was characterized by three pa-

rameters: amplitude, frequency, and phase. Alternatively, in [150, 151], an equivalent

parametrization was proposed by replacing the amplitudes and phases with sine and

cosine components, represented as follows [151, 152]:

pa(t) = µ(t) + r(t) + c(t) + v(t) (4.1)
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where t is the time index, µ(t) represents the low frequency ABP pulse trend including

its mean, r(t) is the additive quasi-periodic respiratory signal, c(t) is the quasi-periodic

cardiac signal that is modulated by respiration, and v(t) is the white noise signal that

accounts for the high frequency variation that is not described by the other components.

These components can be modeled as follows:

c(t) =

Nc∑

i=1

mi(t)
[
α1,i(t) cos(iθc(t)) + α2,i(t) sin(iθc(t))

]
(4.2)

r(t) =
Nr∑

j=1

β1,j(t) cos(jθr(t)) + β2,j(t) sin(jθr(t)) (4.3)

mi(t) = 1 +
Nr∑

k=1

γ1,i,k(t) cos(kθr(t)) + γ2,i,k(t) sin(kθr(t)) (4.4)

θc(t) = 2πfc(t) (4.5)

θr(t) = 2πfr(t) (4.6)

where Nc and Nr are the number of cardiac and respiratory harmonics. fc(t) and fr(t)

represent the instantaneous cardiac and respiratory frequencies, respectively. α1,i(t) and

α2,i(t) are the amplitudes of the ith harmonic sinusoidal components of the cardiac signal.

β1,j(t) and β2,j(t) are the amplitudes of the jth harmonic sinusoidal components of the

respiratory signal. mi(t) is a quasi-periodic signal due to respiration that causes the

amplitude modulation of the ith harmonic of the cardiac signal. γ1,i,k and γ2,i,k are the

amplitudes of the kth harmonic sinusoidal components of mi(t).

In the aforementioned model, each cardiac harmonic is separately amplitude-modulated

by the respiratory modulation signal. This accounts for the asymmetry typically observed

between the upper and lower envelopes of the ABP pulse waveform [150].
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Figure 4.2: Cross-sectional representation of the cuff-arm-artery system.

4.2 Cuff-Arm-Artery System Model

The cross-section of the cuff-arm-artery system is illustrated in Fig. 4.2. When the cuff

is not placed on the arm, the ABP is the only pressure that is exerted on the arterial

wall. Since the ABP is always greater than zero, the brachial artery in this situation is

always stretched and distended. When the oscillometric cuff is placed around the arm,

the arterial wall confronts another pressure in the opposite direction of the ABP. To

study the arterial vessel behavior in this condition, the transmural pressure, defined as

the difference in pressure between the two sides of the arterial wall, should be considered.

The transmural pressure pt is defined as follows [17]:

pt(t) = pa(t)− pc(t) (4.7)

where pc(t) is the cuff pressure. Depending on the cuff pressure value, the transmural

pressure can vary from negative to positive values.

In oscillometry, the cuff is inflated to a supra-systolic pressure SSP and then slowly

released to a sub-diastolic pressure. Assuming that the deflation is performed linearly

over time, the cuff pressure can be modeled as follows:

pc(t) = SSP − rt (4.8)
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where r is the deflation rate which is kept constant between 1 to 4 mmHg/sec [79]. It

should be noted that if the deflation deviates from linearity, the cuff pressure model can

be readily adjusted.

4.2.1 Model of the Cuff and the Arm

The mechanics of the occlusive arm cuff have been analyzed in several previous studies

[14,15,17,19]. The cuff is usually characterized by its internal and external wall and the

enclosed air. The cuff volume is defined as the volume difference between the outer and

inner cuff layers, as follows: .

Vc(t) = Ve(t)− Vi(t) (4.9)

where Vi is the inside volume in contact with arm and Ve is the external sheath volume.

The cuff volume Vc is related to the cuff pressure pc and the pumped volume into the

cuff Vp according to Boyle’s law, as follows:

(pc(t) + pA) Vc(t) = pA (Vc0 + Vp(t)) (4.10)

where pA is the atmospheric pressure, Vc0 is the initial air volume in the cuff at pA, and

Vp is the volume of air pumped into the cuff. pc is referenced to zero when cuff pressure

equals pA.

The cuff pressure pc is determined according to the following nonlinear relationship:

pc(t) = Ec

[
(Ve(t)/Ve0)

1/n − 1
]n

(4.11)

where Ec is the maximum cuff elastance, Ve0 is the zero stretch volume of the bladder,

and n is a constant of nonlinearity.



Oscillometry Model 64

The arterial lumen area (ALA) A is linked to the cuff through the following equation:

Vi(t) = Vi0 + A(t)Lc (4.12)

where Vi0 is the arm volume for a collapsed brachial artery and Lc is the cuff bladder

width.

4.2.2 Model of the Artery

The study of the arterial mechanics at different transmural pressures is of critical im-

portance in modeling oscillometry [18]. There have been several research studies on

modeling the arterial pressure-area relationship [14–17,19]. It has been found that when

the transmural pressure is positive, the arterial wall is stretched and distended and the

arterial lumen area (ALA) exhibits a circular shape. In contrast, with negative transmu-

ral pressures, the arterial wall is bent and collapsed. During collapse, the ALA changes

its shape from circular to elliptical until it becomes flat and occluded.

In [17], a description of the mechanics of the occlusive cuff and of brachial artery

with details on arterial buckling was provided. The combination of nonlinear geometric

collapse and elastic distention of an artery was modeled with a single equation as follows:

A(t) = c4
ln(c1pt(t) + c2)

1 + e−c3pt(t)
(4.13)

where A represents the ALA, and c1, c2, c3, and c4 are subject-dependent constants that

account for different cuff-arm-artery system characteristics.

Figure 4.3 illustrates examples of the arterial BP and ALA obtained by equations

(4.1)-(4.6) and (4.13), respectively, as a function of cuff pressure. Two harmonics of the

cardiac signal were considered to be adequate as they carry most of the signal power [17].

The cuff was assumed to be linearly deflated from a supra-systolic pressure (here 140

mmHg) to a sub-diastolic pressure (here 40 mmHg) using a deflation rate of 3 mmHg/sec.
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Figure 4.3: Examples of (a) the arterial blood pressure pa and (b) the arterial lumen area
A. The slow-varying component of the arterial lumen area Ā is shown by a red dashed
line. The waveforms have been plotted as a function of cuff pressure pc.

The time sampling period Ts was set to 1 msec. Typical values of the cardiovascular

parameters in human artery were used in this simulation [17]; where c1 = 0.03 mmHg−1,

c2 = 3.3, c3 = 0.1 mmHg−1, c4 = 0.08 cm2, fc = 80 beats/min, α1,1 = 0 mmHg, α2,1 = 10

mmHg, α1,2 = −8.4 mmHg, α2,2 = 3.5 mmHg, µ = 95 mmHg, SBP = 114 mmHg, and

DBP = 82 mmHg. It should be noted that the used cardiovascular parameters are only

for the purpose of demonstration and can vary between different subjects. It should be

also noted that the respiration effect was not considered in this simulation, as the main

goal was to show the main properties of the ALA model.

4.3 Oscillometric Waveform Model

Over the duration of the cuff deflation, the recorded cuff pressure oscillations form a

signal known as the oscillometric waveform (OMW) that may be viewed mathematically

as a function of cuff pressure [15]. It has been shown that the oscillometric pulses

are proportional to the arterial lumen area (ALA) oscillations during the cuff deflation
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[17, 19]. Therefore, a model of the arterial lumen area oscillations as a function of cuff

pressure can equivalently represent the OMW. In [17,19], the oscillations of the simulated

ALA were extracted using a high-pass filter with cut-off frequency of 0.3 Hz [17] – 0.5

Hz [19]. The extracted ALA oscillations were then analyzed and compared with the

OMW extracted from the actual recorded cuff pressure. It was found that the two

waveforms match very closely. However, no mathematical model was proposed for the

OMW.

According to equations (4.7) and (4.13), the ALA is composed of two main compo-

nents: the slow-varying component due to the deflating cuff pressure (represented as Ā(t)

hereafter) and the oscillations due to the quasi-periodic nature of the arterial pressure

(represented as Ã(t) hereafter). The slow-varying component of the ALA Āc(t) is mod-

eled and subtracted from the whole ALA A(t) model given in equation (4.13) to obtain

a model of the ALA oscillations, as follows:

Ã(t) = A(t)− Ā(t) (4.14)

The slow-varying component of the ALA Ā can be obtained by fixing the arterial

pressure pa(t) in (4.13) to its mean µ, as follows:

Ā(t) = c4
ln(c1(µ− pc(t)) + c2)

1 + e−c3(µ−pc(t))
(4.15)

where pc(t) is the cuff pressure. The slow-varying component of the ALA is shown by a

red dashed line in Fig. 4.3(b).

Since the oscillometric pulses are proportional to the ALA oscillations during the cuff

deflation [17, 19], according to (4.14), the OMW can be modeled as follows:

OMW (t) = η
(
A(t)− Ā(t)

)
(4.16)

where η is a scaling factor.
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Figure 4.4: Examples of the simulated (a) oscillometric waveform OMW and (b) oscillo-
metric waveform envelope OMWE obtained by equations (4.17) and (4.20), respectively.
The upper and lower envelopes of the oscillometric waveform are shown in red dashed
and blue dashdot curves, respectively. The vertical dashed lines from left to right show
the points at which cuff pressure pc is equal to DBP, MAP, and SBP, respectively.

By substitution of equations (4.13) and (4.15) into (4.16), the OMWmodel is obtained

as follows:

OMW (t) = c′4
ln(c1(pa(t)− pc(t)) + c2)

1 + e−c3(pa(t)−pc(t))
− c′4

ln(c1(µ− pc(t)) + c2)

1 + e−c3(µ−pc(t))
(4.17)

It should be noted that the derived OMW model in equation (4.17) is a function of the

arterial pressure pa, the cuff pressure pc, and four cuff-arm-artery system parameters c1,

c2, c3, and c′4.

Figure 4.4(a) illustrates an example of the the OMW obtained by equation (4.17) as

a function of cuff pressure. The same parameter values used in the simulation of Fig.

4.3 were used in the simulation of Fig. 4.4. The scaling parameter η was set to 10

mmHg/cm2.

As mentioned earlier, the cuff pressure deflation rate is usually between 1-4 mmHg/sec.

On the other hand, the arterial pressure changes from DBP to SBP within a heartbeat
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which has a duration of about 0.6-1.2 second in healthy adults during rest [2]. Therefore,

the variation of cuff pressure is smaller than the variations of the arterial pressure in each

heartbeat (see Fig. 4.3(a)). As a result, the cuff pressure pc(t) can be assumed constant

in each heartbeat. Based on the above discussion and according to equation (4.17), it

can be concluded that the peaks of the OMW occur when arterial pressure is maximum,

i.e. when pa(t) = SBP . The troughs of the OMW occur when the arterial pressure

is minimum, i.e. when pa(t) = DBP . Also, the OMW crosses zero when the arterial

pressure is equal to MAP, i.e., pa(t) = µ. This equivalence between the time points at

which the arterial pressure is equal to SBP, DBP, and MAP and the time points at which

the OMW is maximum, minimum, and zero, respectively, can be observed in Figs. 4.3

and 4.4.

4.4 Oscillometric Waveform Envelope Model

The amplitudes of the oscillometric pulses form the oscillometric waveform envelope

(OMWE) and may be viewed mathematically as a function of cuff pressure [15]. There-

fore, a model of the amplitude of the oscillometric pulses as a function of cuff pressure

can equivalently represent the OMWE. The amplitude of the oscillometric pulses dur-

ing the cuff deflation can be modeled as the difference between the upper and lower

envelopes of the OMW, as shown in Fig. 4.4. According to equations (4.7)-(4.13), the

peaks of the oscillometric pulses occur when the arterial pressure pa(t) is maximum, i.e.,

at pa(t) = SBP . Therefore, the OMW upper envelope OMWue can be modeled as:

OMWue(t) = c′4
ln(c1(SBP − pc(t)) + c2)

1 + e−c3(SBP−pc(t))
− c′4

ln(c1(µ− pc(t)) + c2)

1 + e−c3(µ−pc(t))
(4.18)

Likewise, the troughs of the oscillometric pulses occur when the arterial pressure pa(t)

is minimum, i.e., at pa(t) = DBP . Therefore, according to equations (4.7)-(4.13), the
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OMW lower envelope OMWle can be modeled as:

OMWle(t) = c′4
ln(c1(DBP − pc(t)) + c2)

1 + e−c3(DBP−pc(t))
− c′4

ln(c1(µ− pc(t)) + c2)

1 + e−c3(µ−pc(t))
(4.19)

Now, the OMWE can be modeled as the difference between the upper and lower

envelopes of the OMW, as follows:

OMWE(t) =
c′4 ln(c1(SBP − pc(t)) + c2)

1 + e−c3(SBP−pc(t))
−

c′4 ln(c1(DBP − pc(t)) + c2)

1 + e−c3(DBP−pc(t))
(4.20)

Note that the OMWE model in equation (4.20) consists of six unknown parameters

including the cuff-arm-artery system parameters c1, c2, c3, and c′4 and the desirable BP

parameters SBP and DBP .

Figure 4.4(b) shows the OMWE obtained through Eq. (4.20). As is expected [14–19],

it is obvious that the OMWE has a maximum close to the point at which the cuff pressure

is equal to MAP.

4.5 Coefficient-Free Blood Pressure Estimation

In order to find the SBP and DBP values, the proposed model in equation (4.20) is fitted

to the measured OMWE. The optimum parameters of the model are found using the

least squares method, as follows:

{ ˆSBP, ˆDBP, ĉ1, ĉ2, ĉ3, ĉ′4} = arg min︸︷︷︸
SBP,DBP,c1,c2,c3,c′4

∫

t

(
OMWE(t)− ˜OMWE(t)

)2
dt

(4.21)

where ˜OMWE(t) represents the measured OMWE. The estimated parameters are shown

on the left-hand side of the equation. The aforementioned optimization problem is solved

using the trust region reflective algorithm [114].
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4.5.1 Trust Region Reflective Algorithm

Line search algorithms are the conventional methods for optimization. In each iteration

of a line search algorithm, a search direction is computed. It is then decided how far to

move along that direction to find a better point.

Trust region algorithms are a class of relatively new line search algorithms. In a trust

region algorithm, the search direction is found by solving a subproblem that approxi-

mates the original optimization in only a trusted region near the current iterate. The

trust region is adjusted in each iteration based on the previous iteration performance.

Compared to the conventional line search algorithms, trust region algorithms are more

reliable and robust, they can be applied to ill-conditioned problems, they have very

strong convergence properties, and they can handle bound constraints [153].

The trust region reflective algorithm [114] is adopted to solve the optimization prob-

lem in equation (4.21). The trust region reflective algorithm can be described as follows.

Consider an optimization problem where function f(x), which takes vector arguments

and returns scalars, is to be minimized. At each optimization iteration, the goal is to

find a point x+ s in n-space where the function f(x) has a lower value than the current

point x. The trust region reflective algorithm approximates f with a simpler function q

which reasonably reflects the behaviour of function f in a neighborhood N around point

x, called the trust region N . Function q is defined as the quadratic approximation of

function f using the first two terms of the Taylor series, as follows:

q(s) = gTs+
1

2
sTHs (4.22)

where g is the gradient of f at the current point x and H is the Hessian matrix.

Since minimizing equation (4.22) can be computationally expensive, the optimization

problem is restricted to a two-dimensional subspace S. The two-dimensional subspace

S is determined as the linear space spanned by s1, the vector in the direction of the
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gradient, and s2, an approximate Newton direction obtained as the solution to:

Hs2 = −g (4.23)

The trial step s is obtained by minimizing equation (4.22). If f(x+ s) < f(x), then

the current point x is updated to x+ s. Otherwise, the current point remains unchanged

and the trust region is shrunk and the trial step computation is repeated. For more

details on the trust region reflective algoritm, the reader is referred to [114].

4.6 Experimental Results

As an initial validation of our proposed method, it was tested on real-world data collected

by our research group [79]. This dataset comprised 150 oscillometric BP recordings

acquired with a prototype designed in our research laboratory. Analogous Food and

Drug Administration (FDA)-approved Omron HEM-790IT monitor readings were used

as the reference. The dataset is fully described in Appendix A.2.

The oscillometric waveform (OMW) was obtained from the recorded cuff pressure

signal using a 2nd order band-pass digital Butterworth filter with lower cutoff frequency

of 0.5 Hz and upper cutoff frequency of 20 Hz. A local maxima detection technique [10]

was applied to detect the peaks and troughs of the OMW. The oscillometric waveform

envelope (OMWE) was formed by subtracting the consecutive peaks and troughs of the

OMW. Examples of the measured OMW and OMWE are shown in Fig. 4.5.

The optimum model parameters including SBP and DBP were obtained as the solu-

tion to the optimization problem in equation (4.21) which was implemented in discrete

time. Typical values of the cardiovascular parameters in human artery were used as

initial values for the trust-region-reflective algorithm [17]; where c1 = 0.03 mmHg−1,

c2 = 3.3, c3 = 0.1 mmHg−1, c4 = 0.08 cm2, SBP = 114 mmHg, and DBP = 82 mmHg.

Examples of the OMWE and the fitted model are shown in the solid grey and dashed
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Figure 4.5: Examples of the measured (a) oscillometric waveform OMW and (b) oscil-
lometric waveform envelope OMWE. The dashed red curve represents the fitted model
proposed in equation (4.20). The vertical dashed lines from left to right show the points
at which cuff pressure pc is equal to DBP, MAP, and SBP, respectively.

Table 4.1: Mean error (ME), mean absolute error (MAE), and standard deviation of error
(SDE) of the coefficient-free BP estimates based on the proposed oscillometric waveform
model on the dataset of 150 recordings.

SBP DBP

ME [mmHg] 0.04 -1.75
MAE [mmHg] 4.60 4.53
SDE [mmHg] 5.84 5.97

black curves, respectively, in Fig. 4.5 (b).

The performance of the proposed method was evaluated in terms of mean error (ME),

mean absolute error (MAE), and standard deviation of error (SDE) on the dataset of

150 recordings. It was found that the ME, MAE, and SDE in estimation of SBP are

0.04, 4.60, and 5.84 mmHg, respectively. It was also found that the ME, MAE, and

SDE in estimation of DBP are -1.75, 4.53, and 5.97 mmHg, respectively. The results are

summarized in Table 4.1.

In order to analyze the agreement between our proposed method and the FDA-
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Figure 4.6: Bland-Altman plot of the (a) SBP and (b) DBP estimates for our proposed
model-based method versus Omron monitor. The horizontal dotted lines show the limits
of agreement, while the horizontal dashed line shows the bias.

approved Omron monitor, Bland-Altman analysis was performed [106, 107]. Figure 4.6

shows the Bland-Altman plot of the SBP and DBP estimates for our proposed method

versus the Omron monitor. The x-axis of the plots shows the average of our proposed

method and the Omron monitor, while the y-axis shows the difference between the two

methods. The bias (ME) and the limits of agreement (ME ± 1.96 × SDE) are shown

in dashed and dotted lines, respectively. It is observed that our method slightly overes-

timates the SBP and DBP at pressures approximately under 90 mmHg and 60 mmHg,

respectively, compared to the Omron monitor. There is also a slight increase in variabil-

ity of SBP estimates at pressures approximately above 120 mmHg. However, in total,

the errors are almost evenly distributed over the measured pressure range. That is, the

BP estimates made by our proposed method are in close agreement with those made by

the Omron device.
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4.7 Conclusion

The main contributions of this chapter were the development of a new mathematical

model for the OMWE as a function of the SBP and DBP, and the formulation of a novel

coefficient-free method for estimating BP. The successful cross-validation with empiri-

cal data confirmed the accuracy of the proposed theoretical model and BP estimation

method. Future work will involve undertaking clinical testing on a larger number of

healthy subjects as well as patients, where the method will be compared against auscul-

tatory measurements by trained observers.

Unlike existing models of oscillometry, our proposed model provides an explicit rela-

tionship between the OMWE and the SBP and DBP. Therefore, our proposed model can

be used to develop accurate BP estimation algorithms and study the effect of different

cuff-arm-artery system parameters on the accuracy of BP estimates. Since our proposed

model is a function of parameters characterizing the arterial collapse and distension, it

can also be used to estimate arterial stiffness in oscillometry. Moreover, the proposed

model can be used to remove noise and unwanted artifacts from the OMWE.

It should be noted that the optimization problem in equation (4.21) may converge to-

wards local minima due to the number of unknown parameters. Therefore, it is expected

that the BP estimation results would improve if the number of unknown parameters is

reduced. One possibility that we are currently investigating is to estimate the cuff-arm-

artery system parameters (c1, c2, c3, and c′4) and the BP parameters (SBP and DBP ),

separately, using multiple measurements from a subject.

We also assumed that the SBP and DBP do not change during a measurement which

is usually shorter than 30 s. Future work will focus on models that incorporate the time

variability of the SBP and DBP during the measurement period. The extended Kalman

filter can then be used to estimate the SBP and DBP values that correspond to any

heartbeat, in contrast to the conventional oscillometric method that estimates the SBP

and DBP values at two random instants in time over the deflation period. Moreover, by
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incorporating the time variability of the model parameters, the proposed model can be

used to estimate, track, and predict the BP variability over time.



Chapter 5

Mathematical Modeling of the Pulse

Transit Time and Coefficient-Free

Estimation of Blood Pressure 1

Since most of the oscillometric methods are solely based on changes in oscillometric

pulse amplitudes, they fail to provide accurate estimation in several conditions such as

atrial fibrillation, obesity, and atherosclerosis, where pulse amplitudes may be weak or

erratic [154–158].

Previous studies have tried to overcome the above mentioned problem by employ-

ing an alternative time-based method for automatic BP estimation [95–97, 159]. These

studies investigated the dependence of pulse transit time (PTT) on cuff pressure for

BP estimation, where PTT is the time delay between ECG R-peaks and arterial pulses.

1Parts of this chapter have been published in:

1. M. Forouzanfar, S. Ahmad, I. Batkin, H. R. Dajani, V. Z. Groza, and M. Bolic, “Coefficient-free
blood pressure estimation based on pulse transit time-cuff pressure dependence,” IEEE Trans.
Biomed. Eng., vol. 60, pp.1814-1824, Jul. 2013.

2. I. Batkin, S. Ahmad, M. Bolic, V. Z. Groza, H. R. Dajani, and M. Forouzanfar, “Apparatus
and method for electrocardiogram-assisted blood pressure measurement,” US, UK, and Canadian
Non-Provisional Patent Application, No. US 20120283583 A1, May 2012.

3. M. Forouzanfar, S. Ahmad, I. Batkin, H. R. Dajani, V.Z. Groza, and M. Bolic, “Model-based
mean arterial pressure estimation using simultaneous electrocardiogram and oscillometric blood
pressure measurements,” submitted to Ann. Biomed. Eng..
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However, these techniques were not suitably developed; for example, they required pres-

sure/ECG sensors auxiliary to the cuff. Problems like these defeated the simplicity

and straightforwardness of the oscillometric BP estimation method. In a recent article,

our research group proposed an ergonomic integration of the PTT-cuff pressure method

with the oscillometric method for accurate BP measurement [79]. However, that work

still relied on using empirical coefficients on the PTT-cuff pressure mapping for SBP

and DBP estimation. Moreover, the focus of that work was on the validation of the

method/algorithms and not on developing a theoretical foundation of the analysis. To

the best of our knowledge, no previous work (including our research group’s - [79]) pro-

vided a theoretical explanation of the PTT-cuff pressure method along with employing a

non-parametric (coefficient-free) method for SBP/DBP estimation from either the PTT-

cuff pressure dependency or oscillometry.

In Chapter 4, a mathematical model of oscillometry was derived to describe the

interaction between the cuff and the artery. In this chapter, this model is utilized to build

a model for the PTT based on which the coefcient-free estimation of BP is proposed. We

will (a) develop a theoretical framework for the PTT-cuff pressure BP estimation method,

which is an extension of previous modeling work done on oscillometry alone [14–19]; (b)

show that with the developed model, SBP, DBP, and MAP can be determined directly

from maxima of PTT-cuff pressure mappings without empirical coefficients when PTT is

measured from ECG R-peak to the oscillometric pulse peak, trough, and zero-crossing,

respectively; and (c) cross-validate the theoretical findings of (b) by estimating BP from

150 actual ECG and oscillometric recordings obtained from ten healthy subjects using

our prototype [79] and comparing it with analogous BP estimates made by the Food and

Drug Administration (FDA)-approved Omron monitor (HEM-790IT).

The block diagram representation of the proposed model-based oscillometric BP es-

timation method is shown in Fig. 5.1.

The remainder of this chapter is organized as follows. In Section 5.1, our simultane-

ous ECG and oscillometric BP measurement system is introduced. In Section 5.2, the
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Figure 5.1: Block diagram of the proposed coefficient-free blood pressure (BP) estimation
method using pulse transit time (PTT).

oscillometry model proposed in Chapter 4 is utilized to build a model for the PTT, based

on which the coefficient-free estimation of SBP, DBP, and MAP is proposed. In Section

5.3, the experimental determination of PTT in oscillometry is described. In Section 5.4,

an alternative PTT-based method is proposed for estimation of MAP. In Section 5.5, the

experimental results are provided and in Section 5.6 the chapter is concluded.
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5.1 Measurement System

In order to measure the PTT, defined as the time taken by an arterial pulse to travel

between the heart and the brachial artery, oscillometric BP and the ECG signals should

be recorded simultaneously [29]. In [98], a wireless medical device was designed to con-

tinuously monitor the ECG, BP, and blood oxygen of a patient and deliver pertinent

information to first responders. In [99], synchronized ECG signals were acquired for

removing motion artifacts from oscillometric signals to increase the accuracy of BP mea-

surements. However, these devices required pressure and ECG sensors auxiliary to the

cuff, defeating the simplicity and straightforwardness of the oscillometric BP estimation

method.

In this study, the oscillometric BP and the ECG signals were acquired simultaneously

using a prototype designed in our research laboratory [79], as shown in Fig. 5.2. Our

measurement system consists of eight main components; a) a brachial cuff with a flexible

dry ECG electrode, b) a wrist band with a flexible dry ECG electrode, c) a manual

air pump with a screw-controlled pressure-release valve, d) a mini direct-current (DC)

automatic air pump, e) an analog pressure transducer, f) an analog ECG amplifier, g)

the National InstrumentsTM C Series 9239 data acquisition module, and h) the National

InstrumentsTM LabVIEW system design software.

The brachial BP cuff is placed around the subject’s upper left arm and controlled by

an automatic 6 volt DC mini air pump. The pump operates with a push-button mounted

on the prototype. Once the push-button is pressed, it turns the pump on and the brachial

cuff is gradually inflated and then deflated to conduct the oscillometric measurement. A

screw-controlled manual pressure release valve is connected in-line with the brachial cuff.

The screw on the valve can be rotated manually to control the deflation rate of the cuff.

Dry flexible ECG electrodes are embedded both inside the brachial cuff that is

wrapped around the subject’s arm and inside a wristband that the subject wears on

the other hand’s wrist. The two ECG leads, one from the brachial cuff and one from the
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Figure 5.2: Functional block diagram of our pulse transit time (PTT) measurement
system. (a) Brachial cuff with conductive fabric. (b) Wrist band with conductive fab-
ric. (c) Manual air pump and screw-controlled pressure-release valve. (d) Automatic
DC mini air pump. (e) Vernier pressure transducer. (f) ECG amplifier. (g) National
InstrumentsTM C Series 9239 data acquisition module. (h) Personal computer with Na-
tional InstrumentsTM LabVIEW system design software.
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wristband, form the input to the ECG amplifier. This is equivalent to an ECG lead 1

configuration. The ECG amplifier has an input impedance of 20 Mohm and a voltage

gain of 1000. The ECG amplifier includes circuitry for stabilizing the supply voltage and

for signal conditioning.

A Vernier pressure transducer is connected to the brachial cuff through an air hose to

convert the cuff pressure oscillations into an analog voltage signal. The Vernier pressure

transducer operates on a DC supply voltage of five volts.

The analog voltage outputs from the ECG amplifier and the Vernier pressure trans-

ducer are fed to two of the four simultaneously-sampled analog input channels of the

National InstrumentsTM C Series 9239 module mounted on a CompactDAQ data acqui-

sition board. The National InstrumentsTM module operates on a DC supply voltage of 10

volts. These analog signals are conditioned, buffered, and then sampled at a frequency

of 1.613 kHz by a 24-bit delta-sigma analog-to-digital converter. The quantized signals

are transmitted to a personal computer via a universal serial bus cable.

National InstrumentsTM LabVIEW system design software is used for data acquisition

of the ECG and the oscillometric BP signals. A customized LabVIEW user interface is

developed that displays the acquired ECG and oscillometric BP signals in real-time.

Signal processing and statistical analysis are performed offline using Matlab.

This configuration provides an ergonomic integration of ECG and oscillometric BP

monitoring that enables the robust measurement of the PTT.

5.2 Pulse Transit Time Model

In this section, we prove analytically how the pulse transit time (PTT) measured at

certain points of the arterial pulses can be employed to estimate the SBP, DBP, and

MAP. These theoretical findings will be then validated in Section 5.5 on real oscillometric

measurements.

In oscillometry, the cuff affects the propagation of the BP pulse wave locally in the
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brachial artery under the cuff, while the propagation of the BP pulse wave from the

heart to the brachial artery is not affected. Therefore, the PTT is modeled with two

components: the time it takes for the BP pulse wave to arrive from the heart to the

brachial artery under the cuff τa(t) and the time it takes for the BP pulse wave to travel

in the brachial artery underneath the cuff τc(t) [79, 160]:

τ(t) = τa(t) + τc(t) (5.1)

where τa(t) = La/νa(t) and τc(t) = Lc/νc(t). La and Lc are the length of the arterial

segments between the heart and the arm and underneath the cuff, respectively, and νa(t)

and νc(t) are the average pulse wave velocities (PWV) over La and Lc, respectively. As

our goal is to analyze the changes in PTT as a function of applied cuff pressure, we do

not take into account the pre-ejection period (PEP) in our model. Since PEP can be

treated as a constant at rest and is not sensitive to cuff pressure variations, this is a

reasonable assumption [160].

Using the Bramwell and Hill equation [2], νc(t) and ν0(t) can be written, respectively,

as follows:

νc(t) =

√
Ac(t)

ρ
×

√
∂ (pa(t)− pc(t))

∂Ac(t)
(5.2)

νa(t) =

√
Aa(t)

ρ
×

√
∂pa(t)

∂Aa(t)
(5.3)

where ρ is the blood density, pa(t) and pc(t) represent the ABP and cuff pressure as

defined in equations (4.1) and (4.8), respectively. Ac(t) and Aa(t) are the average ALAs

along the arterial segments underneath the cuff and between the heart and the arm,

respectively. By the end of this Section, it will be shown that our proposed BP estimation

method is independent of ρ, La, and Lc.
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According to equations (5.2) and (5.3), equation (5.1) can be re-written as follows:

τ(t) = La

√
ρ

Aa(t)

∂Aa(t)

∂pa(t)
+ Lc

√
ρ

Ac(t)

∂Ac(t)

∂pt(t)
(5.4)

where the PTT τ(t) is a function of four variable terms: Aa(t), Ac(t), ∂Ac(t)/∂pt(t), and

∂Aa(t)/∂pa(t).

In [161, 162], the arterial pressure-area relationship at positive transmural pressures

was modeled by an exponential curve. A similar model was adopted in [15] to model the

arterial pressure-area relationship at negative transmural pressures. The combination of

the two models, results in the following two-segment model for the arterial pressure-area

relationship [24]:

A(t) =




A0e

apt(t) for pt(t) ≤ 0

Am + (A0 − Am)e
−bpt(t) for pt(t) ≥ 0

(5.5)

where A(t) represents the ALA, a and b are compliance indices that relate to the arte-

rial stiffness, A0 represents the ALA at zero transmural pressure, and Am is the fully

expanded ALA. All the model parameters a, b, A0, and Am are always positive. The

following relationship is held between the model parameters:

a = b

(
Am

A0
− 1

)
(5.6)

Recently, Lan et al. [163–165] developed and validated clinically a 3D finite element

upper arm model to study the effect of arm soft tissue, muscle, brachial artery and

humerus mechanical properties on oscillometric measurements. They showed that the

pressure transmission from the external surface of the arm to the tissue surrounding

the brachial artery varies at different longitudinal locations even if the external pressure

is uniformly applied along the arm. They defined a pressure transmission ratio as the

pressure at the external brachial artery surface divided by the pressure on the arm surface
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and found that this ratio degrades by up to 70% from the center to the edge of the cuff.

This means that the ALA increases from center to the edge of the cuff, and when the

artery is closed at the center it can remain open underneath the rest of the cuff. Since

the measured cuff pressure in oscillometry is a reflection of the entire arterial area change

under the cuff rather than one section, equation (5.5) should be modified accordingly to

represent the average ALA under the cuff. This is done by adding a small constant Acst

to equation (5.5), as follows:

Ac(t) = A(t) + Acst

=




Acst + A0e

apt(t) for pt(t) ≤ 0

(Acst + Am) + (A0 −Am)e
−bpt(t) for pt(t) ≥ 0

(5.7)

where Ac(t) represents the average ALA under the oscillometric cuff. The ALA model in

(5.7) is different from (5.5) only in the constant Acst that represents the average non-zero

ALA over the whole cuff bladder width when the arterial area at the center of the cuff is

zero. The necessity of the constant Acst in the ALA model will be verified in Section 5.5

on estimated PTTs from actual recordings. Nevertheless, we will show by the end of this

section that our proposed BP estimation method is independent of the ALA parameters

including the constant Acst.

According to equation (5.5), Aa(t) can be written as follows:

Aa(t) = A′

m + (A′

0 − A′

m)e
−b′pa(t) (5.8)

where the prime is used to distinguish between the ALA model parameters of the arterial

segment between the heart and the arm from those of the arterial segment underneath

the cuff. Since there is no cuff over the arterial branch from the heart to the arm, pt(t)

is always greater than zero for this section of the artery. Therefore, the second term in

equation (5.5) was used to derive equation (5.8).
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∂Aa(t)/∂pa(t) is obtained by taking the derivative of equation (5.8), as follows:

∂Aa(t)

∂pa(t)
= (A′

m −A′

0)b
′e−b′pa(t) (5.9)

Finally, ∂Ac(t)/∂pt(t) is obtained by taking the derivative of equation (5.7), as follows:

∂Ac(t)

∂pt(t)
=




aA0e

apt(t) for pt(t) ≤ 0

(Am − A0)be
−bpt(t) for pt(t) ≥ 0

(5.10)

Now, by substituting equations (5.7)-(5.10) into (5.4), we obtain:

τ(t) = τa(t) +




τc1(t) for pt(t) ≤ 0

τc2(t) for pt(t) ≥ 0

(5.11)

where

τa(t) = La

√√√√√ρb′


 1

1−
A′

m−A′

0

A′

m

e−b′pa(t)
− 1


 (5.12)

τc1(t) = Lc

√√√√ρa

(
1−

1

1 + A0

Acst
eapt(t)

)
(5.13)

τc2(t) = Lc

√√√√ρb

(
1

1− Am−A0

Am+Acst
e−bpt(t)

− 1

)
(5.14)

The second term on the right side of equation (5.11) represents τc(t).

Figure 5.3(a) shows the simulated PTT during cuff deflation period with La = 70

cm, Lc = 10 cm, ρ = 1060 kg/m3 [166], a = 0.09 mmHg−1, b = 0.03 mmHg−1, A0 = 0.1
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cm2, and Amax = 0.4 cm2 [23]. The rest of the parameters were the same as the ones

used to simulate Fig. 4.3. It should be noted that the used cardiovascular parameters

are only for the purpose of demonstration and can vary between different subjects. The

observed oscillations of the PTT are due to the changes in arterial pressure during each

heartbeat. The gradual change in the amplitude and shape of the PTT oscillations is

due to the change in cuff pressure.

From equations (5.13)-(5.14), it is observed that τc1(t) and τc2(t) are functions of

pt(t) = pa(t) − pc(t). Since parameter a is always positive, τc1(t) is monotonically in-

creasing as the transmural pressure increases. On the other hand, since parameter b is

always positive, τc2(t) is monotonically decreasing as the transmural pressure increases.

This bring us to the conclusion that τc(t) has a maximum at pt(t) = 0, or in other words,

when pc(t) = pa(t).

From equation (5.12) it can be observed that τa(t) is only a function of the arte-

rial pressure pa(t). Therefore, τa(t) oscillates during each heartbeat as pa(t) changes.

However, τa(t) would be constant if the arterial pressure pa(t) in equation (5.12) is re-

placed by a fixed value such as SBP, DBP, and MAP. In other words: τa(t)|pa(t)=SBP ,

τa(t)|pa(t)=DBP , and τa(t)|pa(t)=MAP are all constants. It should be noted that the arte-

rial elastic properties may change along the arterial branch from the heart to the arm,

and therefore τa(t) model parameters could change at different locations of the arterial

branch. In our PTT model, τa(t) parameters were assumed to be constant and equal to

their average value over the corresponding arterial segment. Also, notice that as we are

studying the changes in PTT with respect to the changes in cuff pressure applied to the

subject’s arm, τa(t) is treated as a constant with respect to the cuff pressure changes.

If the PTT associated with the points at which arterial pressure equals to SBP, DBP,

and MAP, is represented as τs(t), τd(t), and τm(t), respectively, then from the above

discussion it can be concluded that:

τs(t) has a maximum at pc(t) = SBP (5.15)
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Figure 5.3: Simulated pulse transit time (PTT) as a function of cuff pressure. (a)
Simulated PTT. (b-d) Simulated PTT computed at the points at which the arterial
pressure is equal to SBP, DBP, and MAP, respectively. The PTT has been depicted for
Acst = 0%, Acst = 1%, Acst = 10%, and Acst = 20% of the maximum arterial lumen area
(ALA) in dotted, dashdot, dashed, and solid lines, respectively. All the waveforms are
plotted as a function of cuff pressure pc. The vertical dashed lines from left to right show
the points at which cuff pressure is equal to DBP, MAP, and SBP, respectively.

τd(t) has a maximum at pc(t) = DBP (5.16)

τm(t) has a maximum at pc(t) = MAP (5.17)
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where

τs(t) = τ(t)
∣∣
pa(t)=SBP

(5.18)

τd(t) = τ(t)
∣∣
pa(t)=DBP

(5.19)

τm(t) = τ(t)
∣∣
pa(t)=MAP

(5.20)

Therefore, the estimation of the SBP, DBP, and MAP can be performed by finding the

cuff pressures at which τs(t), τd(t), and τm(t) have a maximum, respectively, as illustrated

in Figs. 5.3(b-d). The same parameter values used in the simulation of Fig. 5.3(a) were

used for the rest of the parameters in the simulation of Fig. 5.3. The SBP, DBP, and

MAP values were determined as the maximum, minimum, and arithmetic mean of the

arterial pressure in a cardiac cycle, respectively. The important point is that τs(t), τd(t),

and τm(t) always exhibit a maximum independent of the model parameter values at cuff

pressure equal to SBP, DBP, and MAP, respectively. The only exception is when the

constant Acst is equal to zero. In this case, τs(t), τd(t), and τm(t) will exhibit a flat

maximum starting at the point at which the cuff pressure equals to SBP, DBP, and

MAP, respectively. In such a case, the BP values can be determined as the cuff pressure

at which the slope of PTT becomes zero. However, as explained earlier, the constant

Acst is always greater than zero since the arterial branch under the cuff is never occluded

completely across its length at typical cuff pressure values. The non-zero value of the

constant Acst was verified on the PTT curves obtained on real measurements, as will

be shown in Section 5.5. τs(t), τd(t), and τm(t) are plotted for Acst = 0%, Acst = 1%,

Acst = 10%, and Acst = 20% of the maximum ALA in Figs. 5.3(b-d), respectively. It

should be pointed out that the PEP could alter Figs. 5.3(a-d) by shifting them upward by

a small constant. However, PEP does not alter the shape of the PTT curves and location
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of their maxima as it can be assumed to be constant at rest during the measurement

interval [160]. Therefore, our proposed method is independent of the PEP.

5.3 Experimental Determination of Pulse Transit Time

In this section, we demonstrate how to experimentally measure the PTT from the simul-

taneous ECG and oscillometric recordings and how the experimental measured PTT is

related to the theory developed in the previous section.

A prototype designed in our research laboratory was used to record the simultaneous

oscillometric BP and ECG signals [79]. PTT was estimated as the time interval between

the ECG R-peaks and certain points of the oscillometric pulses, i.e, the peaks, troughs,

and zeros. As it was shown in Chapter 4, there is an equivalence between the time

points at which the arterial pressure is equal to SBP, DBP, and MAP and the time

points at which the OMW is maximum, minimum, and zero, respectively. In other

words, the peaks of the OMW occur when arterial pressure is maximum, i.e. when

pa(t) = SBP . The troughs of the OMW occur when the arterial pressure is minimum,

i.e. when pa(t) = DBP . Also, the OMW crosses zero when the arterial pressure is equal

to MAP, i.e., pa(t) = µ.

For the purpose of better illustration, this process is shown on a simulated pulse in

Fig. 5.4. The corresponding arterial pressures at the aorta and the brachial artery are

shown in Fig. 5.4(a) by dashed and solid lines, respectively. The aortic pressure waveform

is obtained as the time-shifted version of the brachial artery pressure waveform defined

in equation (4.1). The amount of time shift was determined according to equations

(5.11)-(5.14). The time interval between the ECG R-peak (shown by the bold vertical

dashed line) and the aortic pulse peak was set to 30 ms. These values were arbitrarily

chosen for the purpose of illustration only. The theoretical PTTs associated with the

points at which the arterial pressure equals to SBP, DBP, and MAP are shown in Fig.

5.4(a) as τs, τd, and τm, respectively. In theory, these PTTs can be computed through
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equations (5.18-5.20), respectively. However, in experiment, the PTT is estimated as the

time interval between the ECG R-peaks and the oscillometric peaks, troughs, and zeros,

as shown Fig. 5.4(b). The estimated PTTs are shown as τp, τt, and τz , respectively. As

it can be observed from Fig. 5.4, there are time differences between the estimated and

the theoretical PTTs that have been shown as Ts, Td, and Tm. Ts, Td, and Tm are the

time intervals between the ECG R-peak and the time points at which the aortic pulse is

equal to SBP, DBP, and MAP, respectively. It is obvious that these time intervals are

independent of the cuff pressure that is applied to the brachial artery because they relate

to the aortic pulse. Therefore, they are assumed to be constant during the deflation

period. As a result, equations (5.15)-(5.17), can be re-written for τp(t), τt(t), and τz(t),

as follows:

τp(t) has a maximum at pc(t) = SBP (5.21)

τt(t) has a maximum at pc(t) = DBP (5.22)

τz(t) has a maximum at pc(t) = MAP (5.23)

where

τp(t) = τs(t) + Ts (5.24)

τt(t) = τd(t)− Td (5.25)

τz(t) = τm(t)− Tm (5.26)
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Figure 5.4: Experimental determination of pulse transit time (PTT) shown on simulated
pulses for a better illustration. (a) Simulated arterial pressure waveforms in the aorta and
the brachial artery. (b) Simulated oscillometric waveform (OMW). τs(t), τd(t), and τm(t)
represent the theoretical PTTs that can be computed through equations (5.18)-(5.20),
respectively. τp(t), τz(t), and τt(t) are the experimentally measured PTTs according
to equations (5.24)-(5.26), respectively. The bold vertical dashed line shows the ECG
R-peak location in both figures.

Equations (5.21-5.23) provide the means to estimate SBP, DBP, and MAP, respec-

tively, independent of any parameters.
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5.4 Estimation of Mean Arterial Pressure fromMax-

imum Slope Pulse Transit Time

While determining the location of peaks and troughs of the oscillometric pulses is triv-

ial, finding the correct location of the OMW zero-crossings is challenging as it is very

sensitive to the filtering technique used to extract the oscillometric pulses from the cuff

deflation curve. This makes the proposed PTT-based MAP estimation technique some-

what unreliable.

In [79], it was empirically found that the PTT measured as the time interval between

the ECG R-Peaks and the maximum slope points of the oscillometric pulses exhibits a

maximum at a cuff pressure close to MAP. However, since the focus of that work was

on developing hardware, software, and algorithms for ECG-assisted BP estimation, no

theoretical foundation of the PTT analysis was developed. Moreover, the sensitivity of

the MAP estimates to cardiovascular system parameters was not studied. The advan-

tage of using the oscillometric maximum slope points instead of the zero-crossings in

computation of PTT is that the maximum slope points can be detected more accurately,

directly from the cuff deflation curve using a simple differential operator.

In this section, we derive a new mathematical model for the PTT computed as the

time interval between the ECG R-peaks and the maximum slope points on the oscillomet-

ric pulses. Based on the developed model, we show that the MAP can be approximated as

the cuff pressure at which the computed PTT attains a maximum. We will then study

the sensitivity of the MAP estimates to changes in various cardiovascular parameters

including the ABP pulse and the arterial lumen area parameters

5.4.1 Maximum Slope Pulse Transit Time Model

Equation (5.4) represents the general PTT model for any point on the arterial pressure

pulse. Therefore, in order to find the PTT model corresponding to the maximum slope

points of the oscillometric pulses, the general arterial pressure model pa(t) in equation
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(5.4)) should be replaced by the arterial pressure values (represented by pam(t) hereafter)

at which the oscillometric pulses exhibit the maximum slope. It has been shown that

the oscillometric pulses are proportional to the oscillations of the ALA segment under-

neath the cuff [17]. Therefore, the arterial pressure values pam(t) corresponding to the

the maximum slope points of the oscillometric pulses can be found as the solution to

∂2Ac(t)/∂t
2 = 0 which can be formulated as follows:

pam(t) =





Pa1 for pc(t) ≤ Pa1

pc(t) for Pa1 < pc(t) ≤ Pa2

Pa2 for pc(t) > Pa2

(5.27)

where Pa1 and Pa2 are obtained as the solution to the following equations, respectively:

−b (∂pa(t)/∂t)
2 + ∂2pa(t)/∂t

2 = 0 (5.28)

a (∂pa(t)/∂t)
2 + ∂2pa(t)/∂t

2 = 0 (5.29)

with pa(t) given in equation (4.1).

Now, by substitution of equations (5.7)-(5.10) and (5.27) in equation (5.4) and sim-

plification, the PTT computed from maximum slope points on the oscillometric pulses,

τms(t), is obtained as follows:

τms(t) = τmsa(t) + τmsc(t) (5.30)
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where

τmsa(t) =





Ta(Pa1) for pc(t) ≤ Pa1

Ta(pc(t)) for Pa1 < pc(t) ≤ Pa2

Ta(Pa2) for pc(t) > Pa2

(5.31)

τmsc(t) =





Tc1(Pa1 − pc(t)) for pc(t) ≤ Pa1

Tc1(0) for Pa1 < pc(t) ≤ Pa2

Tc2(Pa2 − pc(t)) for pc(t) > Pa2

(5.32)

Ta(x) = La

√√√√√ρb′


 1

1−
A′

m−A′

0

A′

m

e−b′x
− 1


 (5.33)

Tc1(x) = Lc

√√√√ρa

(
1−

1

1 + A0

Ac
eax

)
(5.34)

Tc2(x) = Lc

√√√√ρb

(
1

1− Am−A0

Am+Ac
e−bx

− 1

)
(5.35)

From equations (5.31) and (5.33) it is observed that τmsa(t) has a flat maximum for

cuff pressures less than Pa1, as shown in Fig. 5.5(a). From equations (5.32), (5.34) and

(5.35) it is observed that τmsc(t) exhibits a flat maximum for cuff pressures between Pa1

and Pa2, as shown in Fig. 5.5(b). Therefore, according to equation (5.30), τms(t) attains

a maximum at cuff pressure equal to Pa1, as is shown in Fig. 5.5(c). From Fig. 5.5, it is
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observed that τms(t) maximum occurs at a cuff pressure very close to MAP (2.30 mmHg

difference). Therefore, MAP can be approximated as the cuff pressure at which τms(t)

attains a maximum, or in other words at cuff pressure equal to Pa1.

For the simulation of Fig. 5.5, a simplified model of the ABP pulse proposed in [17]

was adopted. The ABP pulse model is given by:

pa(t) = MAP + α1 cos(2πfct) + α2 cos(4πfct+ φ) (5.36)

where two harmonics of the cardiac signal were considered to be adequate as they carry

most of the signal power [17]. In this model, fc is the cardiac rate, α1 and α2 represent

the amplitude of the first and second harmonics of the cardiac signal, respectively, and φ

is the phase difference between the the two harmonics. Typical values of the cardiovas-

cular parameters in human artery were used in this simulation [17, 23]; where a = 0.09

mmHg−1, b = 0.03 mmHg−1, A0 = 0.1 cm2, Am = 0.4 cm2, MAP = 95 mmHg, fc = 75

beats/min, α1,1 = 0 mmHg, α2,1 = 10 mmHg, α1,2 = −8.39 mmHg, α2,2 = 3.28 mmHg.

According to equations (5.28) and (5.36), Pa1 is a function of arterial compliance

index b and the ABP pulse parameters α1, α2, and φ. As a result, MAP estimation

results could be affected as these parameters vary between different health conditions,

age groups, etc. A parametric sensitivity analysis was performed to reveal the accuracy

of MAP estimation results as parameters b, α1, α2, and φ change by ±50% around their

typical values in human brachial artery with α2 set to 0.7 of α1 [17,23]. It was observed

that the MAP estimation error gradually increases as the cardiovascular parameter values

increase from their typical values. However, the absolute error was always less than 5

mmHg, which meets the international standard requirement for automatic noninvasive

BP devices [37]. Therefore, the cuff pressure at which τms(t) attains a maximum could

be used as an accurate approximation of the MAP.
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Figure 5.5: Simulated PTT computed from maximum slope points on the oscillometric
pulses. (a) The PTT from the heart to the brachial artery (τmsa), (b) the PTT along
the brachial artery underneath the cuff (τmsc), and (c) the total PTT (τms). The vertical
dashed lines from left to right show the points at which cuff pressure is equal to Pa1,
MAP , and Pa2, respectively.

5.5 Experimental Results

As an initial validation of our proposed method, it was tested on real-world data collected

by our research group [79]. This dataset comprised 150 simultaneous oscillometric BP

and ECG recordings acquired with a prototype designed in our research laboratory [79].

The dataset is fully described in Appendix A.2.

5.5.1 Oscillometric Waveform Detection

As explained in Section 5.3, our proposed BP estimation method is based on measuring

the time interval between the ECG R-peaks and the peaks, troughs, and zeros of the
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OMW. Therefore, detection of the correct location of peaks, troughs and zeros of the

OMW is of great importance.

Detecting the Peaks, Troughs, and Maximum Slope Points

In order to find the peaks, troughs, and maximum slope points of the OMW, an ECG-

based detrending approach was utilized [79]. The R-peaks of the ECG signal were first

found using the MIT/PhysioNET MATLAB QRS onset detector software [167]. Figure

5.6(a) shows a sample ECG signal that was collected with our prototype with the detected

R-peaks marked in dots. The deflation curve values corresponding to the detected R-

peaks were then interpolated to form a detrended cuff pressure signal. Figure 5.6(b)

illustrates the recorded cuff deflation curve in solid black line. The detrended cuff pressure

signal using the ECG-based technique described above is plotted in dashed light gray

line (visible in inset). The OMW was found by subtracting the detrended cuff pressure

signal from the recorded cuff deflation curve, as shown in Fig. 5.6(c). The peaks,

troughs, and maximum slope points of the OMW were detected with the help of ECG

R-peaks. The oscillometric peaks and troughs were determined as the maximum and the

minimum of the extracted OMW between each two consecutive R-peaks, respectively.

The detected peaks and troughs of the OMW are shown with upward and downward

triangles in Fig. 5.6(c). The oscillometric maximum slope points were determined as the

maximum of the derivative of the extracted OMW between each two consecutive trough

and peak. The detected maximum slope points of the OMW are shown with squares

in Fig. 5.6(c). Unlike high-pass filtering techniques [17, 19] that can alter the peaks,

troughs, and maximum slope points locations depending on the filter parameters, the

utilized ECG-based method can find the exact location of the OMW peaks and troughs

without any approximation.
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Detecting the Zero-Crossings

Although the ECG-based OMW detection method is very accurate in determining the

location of the peaks, troughs, and maximum slope points, it cannot completely remove

the slow-varying component of the cuff deflation curve, and therefore it introduces some

bias to the oscillometric pulses. This, makes it challenging to find the correct location

of the OMW zero-crossings. Therefore, in order to detect the zeros of the OMW, we

adopt a filtering approach. In this method, we find the detrended cuff pressure waveform

by applying a low-pass filter on the recorded cuff deflation curve. The detrended cuff

pressure signal is then subtracted from the deflation curve to form the OMW. The

detrended cuff pressure signal is plotted in dashdot dark gray line in Fig. 5.6(b) and

is visible in the inset. Figure 5.6(d) depicts the OMW obtained by subtracting the

detrended signal from the cuff deflation curve. The zeros are marked as squares in the

figure.

5.5.2 Pulse Transit Time Detection

τp(t), τt(t), τz(t), and τms(t) were measured as the time interval between the ECG R-peaks

and the peaks, troughs, zeros, and maximum slope points of the OMW, respectively.

The calculated τp(t), τt(t), τz(t), and τms(t) are plotted in grey lines in Figs. 5.7(a-d),

respectively. Since the calculated PTTs are very noisy, several steps were performed

before determining their true maximum, as follows:

Outlier Removal

An outlier removal technique was applied to remove the PTT samples that appear to be

inconsistent with the remainder of the signal. The adopted outlier removal technique was

based on fitting a quadratic polynomial function to the PTT waveforms. An outlier was

defined as a value that is more than three standard deviations away from the quadratic

polynomial fit [168]. The outliers were then removed and this procedure was repeated
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Figure 5.6: Example of oscillometric waveform (OMW) detection. (a) A Real electrocar-
diogram (ECG) signal. (b) Recorded cuff deflation curve (simultaneous with the ECG).
The detrended cuff pressure signals using the ECG-based method and the filtering tech-
nique are depicted in dashed and dashdot lines in the same figure, respectively, which can
be seen more clearly in the inset. (c) OMW obtained using the ECG-based method. The
peaks, troughs, and maximum slope points are shown in upward triangles, downward
triangles, and squares, respectively. (d) OMW obtained through filtering. The zeros of
the OMW are shown as squares.

until no more outliers were detected.

Smoothing

The PTTs were first smoothed using a moving average filter. Afterwards, a cubic smooth-

ing spline function was fitted to the smoothed signal to remove any remaining artifacts.

Since τt(t) exhibited the most fluctuations, a 9-point moving average filter and a spline
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function with smoothing parameter 0.01 were used to smooth the signal. On the other

hand, τp(t) exhibited the least fluctuations around its peak, and therefore it was smoothed

using a 3-point moving average filter and a spline function with smoothing parameter

0.2. τz(t) was smoothed using a 7-point moving average filter and a spline function

with smoothing parameter 0.02. The filter parameters used in this study were chosen

empirically.

Maximum Detection

The smoothed PTTs were linearly interpolated and resampled at 5 Hz. In order to

avoid any remaining noise and artifacts, the search region for maximum was limited.

For detection of τz(t) and τms(t) maximums, the search was performed from pc(t) = 55

mmHg to pc(t) = 140 mmHg. For detection of τp(t) maximum, the search was performed

from pc(t) = (MAP +12) mmHg to pc(t) = 150 mmHg. For detection of τt(t) maximum,

the search was performed from pc(t) = 50 mmHg to pc(t) = (MAP − 5) mmHg. MAP

was estimated as the cuff pressure at which OMWE has a maximum. These limits were

preliminary choices based on the available data.

The resulting τp(t), τt(t), τz(t), and τms(t) after outlier removal and smoothing are

depicted in solid black lines in Figs. 5.7(a-d), respectively. The smoothed PTTs are only

plotted in the limited interval where the search for the maximum is performed. Note that

the PTTs depicted in Figs. 5.7(a-d) are consistent with those computed theoretically

(shown in Figs. 5.3 and 5.5).

5.5.3 Results and Discussion

The performance of our proposed BP estimation method was tested on the whole recorded

dataset introduced in Appendix A.2. This dataset comprised 150 oscillometric BP record-

ings acquired with a prototype designed in our research laboratory [79]. The estimation

results were compared with the FDA-approved Omron oscillometric BP monitor (HEM-

790IT) as the reference. The performance was analyzed in terms of ME, MAE, and
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Figure 5.7: Example of detected pulse transit time (PTT). (a-d) PTT computed as the
time interval between the ECG R-peaks and the peaks, troughs, zeros, and maximum
slope points of the OMW, respectively. All the waveforms are plotted as a function of
cuff pressure pc. The vertical dashed lines from left to right show the points at which
cuff pressure is equal to DBP, MAP, and SBP, respectively.

SDE.

Table 5.1 summarizes the values of ME, MAE, and SDE for our proposed coefficient-

free BP estimation method obtained on the dataset of 150 recordings. It is observed that

the ME of our proposed method in estimating systolic and diastolic pressures is within

3.09 mmHg relative to the Omron device, the SDE of our proposed method in estimating

systolic and diastolic pressures is within 5.81 mmHg relative to the Omron device, and

the MAE of our proposed method in estimating systolic and diastolic pressures is within
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Table 5.1: Mean error (ME), mean absolute error (MAE), and standard deviation of
error (SDE) of the coefficient-free BP estimates using pulse transit time analysis on the
dataset of 150 recordings. The columns from left to right show the coefficient-free SBP,
DBP, MAP (using zero-crossings), and MAP (using maximum slope points) estimation
errors using our proposed PTT-based method.

SBP DBP MAP-ZC MAP-MS

ME [mmHg] -3.09 -2.39 -5.31 3.27
MAE [mmHg] 5.31 4.51 5.74 4.12
SDE [mmHg] 5.81 5.78 4.30 5.25

5.31 mmHg relative to the Omron device. Comparing the PTT-based method’s MAP

estimates, it is found that the maximum slope approach achieves improved results in

terms of ME (2.04 mmHg improvement) and MAE (1.62 mmHg improvement) relative

to the zero-crossing approach. However, the zero-crossing method achieves smaller SDE.

In order to further analyze the agreement between our proposed method and the

Omron monitor, we performed Bland-Altman analysis [106, 107]. Figure 5.8 shows the

Bland-Altman plots of the SBP, DBP, and MAP estimates for our proposed method

versus Omron monitor. The x-axis of the plots show the average of our proposed method

and the Omron monitor, while the y-axis shows the difference between the two methods.

The bias (ME) and the limits of agreement (ME ± 1.96 × SDE) are shown in dashed

and dotted lines, respectively. From Fig. 5.8(a), it is observed that our method slightly

overestimates the SBP at pressures approximately under 90 mmHg compared to the

Omron monitor. From Fig. 5.8(b), it is observed that our method slightly overestimates

the DBP at pressures approximately above 70 mmHg and underestimates the DBP at

pressures approximately under 60 mmHg compared to the Omron monitor. From Fig.

5.8(c), it is observed that our proposed zero-crossing method underestimates the MAP

at pressure under 65 mmHg compared to the Omron monitor. However, in total, the

errors are almost evenly distributed over the measured pressure range. That is, the BP

estimates made by our proposed methods are in close agreement with those made by the

Omron device.
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Figure 5.8: Bland-Altman plot of the (a) SBP, (b) DBP, (c) MAP (using the zero-
crossings), and (d) MAP (using the maximum slope points) estimates for our proposed
method versus Omron monitor. The horizontal dotted lines show the limits of agreement
(mean error ± 1.96 × standard deviation of error), while the horizontal dashed line shows
the bias.

5.6 Conclusion

We presented a comprehensive theory and developed a model for the dependence of

PTT on cuff pressure within an oscillometric BP measurement framework. Through

this model, we analytically showed that SBP, DBP, and MAP can be accurately esti-
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mated from PTT-cuff pressure mappings without using empirical coefficients. Finally, we

cross-validated our findings on 150 recordings (oscillometric and ECG) from ten healthy

subjects and compared results with the FDA-approved Omron monitor. The theoretical

model and the empirical results conformed well to the reference measurements. For com-

parison with the Omron device, the method achieved an MAE of 5.31 mmHg for SBP,

4.51 mmHg for DBP, and 4.12 mmHg for MAP.

In this study, we assumed that the various parameters inside our model do not change

with cuff deflation during a measurement. We understand that for certain patient popu-

lations and disease states, such as atrial fibrilation, the PTT model parameters may well

change during a measurement which may be as short as 30-45 seconds. Therefore, future

work will focus on models that incorporate the time variability of these parameters.



Chapter 6

Discussion 1

In Chapters 3-5, a comprehensive model of oscillometry was developed and the fundamen-

tal relationship between the BP and the oscillometric and electrocardiogram recordings

was formulated. Based on the developed models, novel methods were proposed that are

capable of estimating the BP without the need for any empirical coefficients. In this

chapter, we compare the proposed methods in Chapters 3-5, discuss their particular ap-

plications and limitations, and propose a fusion algorithm that combines these methods

to obtain more robust and accurate estimate of BP.

6.1 Comparison and Applications

The performance of our proposed oscillometric BP estimation methods was evaluated

on the dataset of 150 simultaneous oscillometric BP and ECG recordings acquired with

a prototype designed in our research laboratory (See Appendix A.2). These methods

include: i) the feature-based NN described in Chapter 3, ii) the OMW modeling method

described in Chapter 4, and iii) the PTT-cuff pressure dependence modeling/analysis

1Parts of this chapter have been published in:

1. M. Forouzanfar, H. R. Dajani, V. Z. Groza, and M. Bolic, , “Model-based oscillometric blood
pressure estimation,” IEEE Int. Symp. Medical Measurements and Applications (MeMeA’14),
Lisbon, Portugal, May 2014, in press.

105
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Table 6.1: Comparison of different methods in estimation of systolic blood pressure
(SBP) on the dataset of 150 recordings.

SBP
Feature-based OMW PTT Fusion Fusion

NN Modeling Analysis (Mean) (Weighted Mean)

ME 0.47 0.04 -3.09 -0.94 -1.20
(mmHg)
MAE 6.31 4.60 5.31 4.45 4.40

(mmHg)
SDE 7.54 5.84 5.81 5.40 5.30

(mmHg)

described in Chapter 5. The estimation results were compared with the FDA-approved

Omron oscillometric BP monitor (HEM-790IT) as the reference. The performance was

analyzed in terms of ME, MAE, and SDE.

Tables 6.1 and 6.2 summarize the SBP and DBP estimation errors of the three pro-

posed methods in terms of ME, MAE, and SDE. It is found that the OMW modeling

and PTT analysis methods achieve close estimation results in terms of MAE and SDE.

However, the PTT analysis is slightly biased with ME of -3.09 mmHg in estimation of

SBP and -2.39 mmHg in estimation of DBP. On the other hand, the feature-based NN

achieves the best DBP estimation results with ME of 0.40 mmHg, MAE of 3.31 mmHg,

and SDE of 4.08 mmHg. However, the MAE and SDE of the feature-based NN in es-

timation of SBP is more than 1 mmHg higher than the other two methods. Table 6.3

summarizes the MAP estimation errors of the two proposed PTT analysis methods in

terms of ME, MAE, and SDE. It is found that the PTT analysis using the maximum

slope points on the oscillometric pulses achieves 2.04 mmHg improvement in terms of ME

and 1.62 mmHg improvement in terms of MAE relative to the PTT analysis using the

zero-crossings of the oscillometric pulses. However, PTT analysis using the zero-crossings

achieves smaller SDE.

In order to further analyze the performance of the proposed oscillometric methods

versus the FDA-approved Omron monitor (HEM-790IT), Bland-Altman analysis was
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Table 6.2: Comparison of different methods in estimation of diastolic blood pressure
(DBP) on the dataset of 150 recordings.

DBP
Feature-based OMW PTT Fusion Fusion

NN Modeling Analysis (Mean) (Weighted Mean)

ME 0.40 -1.75 -2.39 -1.25 -0.83
(mmHg)
MAE 3.31 4.53 4.51 3.09 3.00

(mmHg)
SDE 4.08 5.97 5.78 3.84 3.70

(mmHg)

performed [106,107]. Bland-Altman plots of the SBP, DBP, and MAP estimates for our

proposed methods versus the Omron monitor are shown in Figs. 6.1-6.3, respectively.

The x-axis of the plots shows the average of our proposed methods and the Omron

monitor, while the y-axis shows the difference between the two methods. The bias (ME)

and the limits of agreement (ME ± 1.96 × SDE) are shown in dashed and dotted lines,

respectively. Compared to the Omron monitor, it is observed that: for the feature-

based NN, there is a slight underestimation of SBP at pressures above 120 mmHg and

overestimation of DBP at pressures under 60 mmHg, for the OMW modeling method,

there is a slight overestimation of SBP and DBP at pressures under 90 mmHg and 60

mmHg, respectively, and for the PTT analysis, there is a slight overestimation of SBP

at pressures under 90 mmHg and underestimation of DBP at pressures under 70 mmHg.

It is also observed that the zero-crossing method slightly underestimates the MAP at

pressure under 65 mmHg compared to the Omron monitor. The maximum slope method

does not show any obvious unevenness over the measured pressure range compared to

the Omron monitor. In total, the errors for all the methods are almost evenly distributed

over the measured pressure range. These results prove that the BP estimates made by

our proposed methods are in close agreement with those made by the Omron device.

The proposed feature-based NN can be used to learn from multiple measurements ob-

tained from the same subject taken over a period of time. Therefore, the feature-based
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Table 6.3: Comparison of different methods in estimation of mean arterial pressure
(MAP) on the dataset of 150 recordings.

MAP
PTT Analysis PTT Analysis Fusion Fusion
(Zero-crossings) (Maximum slope points) (Mean) (Weighted Mean)

ME -5.31 3.27 -1.04 -1.50
(mmHg)
MAE 5.74 4.12 3.05 3.21

(mmHg)
SDE 4.30 5.25 3.78 3.76

(mmHg)

NN can be customized for any particular patient if enough training data is provided.

Even though the featured-based NN estimation results are promising, its usage is limited

to particular applications. First, the NN has a black box structure that implicitly models

the relationship between the BP and the OMWE. Once the network recognizes a given

input pattern (OMWE features), it predicts an output pattern (BP value) corresponding

to the given input. However, it is very difficult to explicitly describe the meaning of

weights at the nodes of the NN. Therefore, in applications where an explicit relation-

ship between the oscillometric recordings and the BP is required (such as sensitivity

analysis of BP estimates to the change in cardiovascular parameters) the use of NN is

limited. Second, once the NN has been trained, it is not possible to incorporate addi-

tional knowledge such as new data or system settings into the network without repeating

the whole training process. Third, NNs require a large training dataset representative of

all the target patient populations, since the NN can only perform well in various patient

populations if the training dataset contains a uniform distribution of all those popula-

tions. However, collecting a large dataset is expensive and time consuming, and finding a

sufficient number of volunteers in all the target patient populations is not always trivial.

Our proposed NN approach is based on extracting features from the OMWE and

using the extracted features to estimate the BP. Therefore, just as with many other os-

cillometric algorithms, the useful information contained in the oscillometric pulses was
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Figure 6.1: Bland-Altman plot of the SBP estimates for our proposed methods versus
Omron monitor. (a) Feature-based NN. (b) OMW modeling. (c) PTT analysis. (d)
Fusion using unweighted mean. (e) Fusion using weighted mean. The horizontal dotted
lines show the limits of agreement, while the horizontal dashed line shows the bias.

not considered. In contrast, the OMW modeling method incorporates existing models

of the arterial blood pressure (ABP) pulse waveform and the arterial pressure-area rela-

tionship along with the occlusive cuff mechanics to obtain an explicit model between the

oscillometric recordings and the BP. The SBP and DBP are estimated by minimizing the
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Figure 6.2: Bland-Altman plot of the DBP estimates for our proposed methods versus
Omron monitor. (a) Feature-based NN. (b) OMW modeling. (c) PTT analysis. (d)
Fusion using unweighted mean. (e) Fusion using weighted mean. The horizontal dotted
lines show the limits of agreement, while the horizontal dashed line shows the bias.

sum of the squares of the differences between the extracted OMWE and the developed

model. The the OMW modeling method does not require a training dataset and is only

based on analysing the oscillometric recordings, therefore it can be used in almost any

application. Since the proposed OMW model is a function of the ABP and cuff-arm-

artery system parameters, it can be used to study the effects of different cardiovascular
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Figure 6.3: Bland-Altman plot of the MAP estimates for our proposed methods versus
Omron monitor. (a) PTT analysis using zero-crossings of the oscillometric pulses. (b)
PTT analysis using maximum slope points on the oscillometric pulses. (c) Fusion using
unweighted mean. (d) Fusion using weighted mean. The horizontal dotted lines show
the limits of agreement, while the horizontal dashed line shows the bias.

system parameters on the accuracy of BP estimate. It can be also used to estimate ar-

terial stiffness in oscillometry. Moreover, given the time variability of the cardiovascular

parameters, through appropriate modifications to the proposed OMW model, the time

varying cardiovascular system parameters including the SBP and DBP can be estimated,
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tracked, and predicted and the BP variability over time can be studied. The main draw-

back of the OMW modeling method is that the optimization problem in equation (4.21)

may converge toward local minima due to the number of unknown parameters of our

model presented in equation (4.20).

The OMW is the only signal acquired in conventional oscillometry, and therefore it is

the only source of information available for estimation of BP. If the recorded oscillometric

pulse amplitudes are affected by noise and artifacts (such as due to muscle contractions,

movements, etc.), or are weak and erratic (such as due to atrial fibrillation, obesity,

atherosclerosis, etc.), the OMW modeling method may fail to provide accurate estimates

of BP. The PTT analysis method overcomes this drawback by the use of the higher fidelity

ECG signal measured simultaneously along with the OMW. The ECG signal improves

the detection of the true oscillometric pulses and enables the measurement of PTT. In

the PTT analysis method, the BP is easily estimated as the cuff pressure at which the

PTT is maximum, and therefore it does not rely on any optimization approach or a

training dataset. Unlike the feature-based NN approach described earlier, the proposed

PTT analysis method provides an explicit relationship between the BP and the OMW

and ECG signals. This was accomplished by the development of a new mathematical

model that describes the behaviour of PTT computed as the time interval between the

ECG R-peaks and certain points on the oscillometric pulses. Since the proposed PTT

model is a function of the ABP and arterial vessel parameters, it can be used to estimate

arterial stiffness. The main problem in estimating the BP from the PTT was that the

PTT signals were very noisy. Therefore, it was somehow difficult to find the true maxima

of the PTT signals. This problem was addressed by preforming several noise reduction

steps before determining the PTT true maximum.

It should be also noted that unlike the conventional model-based oscillometric BP

estimation methods [14,15,17–21], our three proposed model-based methods are indepen-

dent of any empirical coefficients. Moreover, unlike the model-based methods introduced

in [16, 24, 25], our proposed methods do not require pre-estimates of BP using an inde-
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Table 6.4: Comparison of our proposed model-based oscillometric blood pressure (BP)
estimation methods in terms of their requirements, applications, and limitations.

Method Requirements Applications Limitations

Feature-
based
NN

–Large training
dataset
representative of
all the target
patient
populations

–Coefficient-free
estimation of BP
–Learn from multiple
measurements from one
subject

–Has a black box
structure that implicitly
models the relationship
between the BP and the
oscillometric recordings
–Not possible to
incorporate additional
knowledge such as new
data or system settings
into the network without
repeating the whole
training process

OMW
Modeling

—— –Coefficient-free
estimation of BP
–Tracking of the
cardiovascular system
parameters including
SBP, DBP, and MAP
–Study the BP variabilty
–Sensitivity analysis of
BP estimates to
different cardiovascular
parameters
–Estimation of vessel
elasticity

–Involves an
optimization process
that may converge
towards local minima
due to the number of
unknown parameters
–Sensitive to weak or
erratic oscillometric
pulse amplitudes

PTT
Analysis

–Simultaneously
recorded ECG
signal

–Coefficient-free
estimation of BP
–Estimation of vessel
elasticity

–PTT-cuff pressure
mappings are very noisy
that makes it difficult to
find their true maximum

pendent approach.

Table 6.4 compares our three proposed oscillometric BP estimation methods in terms

of their requirements, applications, and limitations.
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6.2 Fusion Algorithm

In order to obtain more robust and accurate estimates of BP, the three proposed model-

based oscillometric BP estimation methods are fused. Two simple fusion algorithms are

employed in this section to explore the potential of achieving improved estimation results

by combining our three proposed methods.

The first fusion algorithm is based on computing the unweighted arithmetic mean of

the three proposed methods’ estimates, as follows:

SBPMean =
SBPNN + SBPOMW + SBPPTT

3
(6.1)

DBPMean =
DBPNN +DBPOMW +DBPPTT

3
(6.2)

MAPMean =
MAPZC +MAPMS

2
(6.3)

where SBP , DBP , and MAP represent the systolic, diastolic, and mean arterial pres-

sures, respectively. The subscripts NN , OMW , PTT , and Mean are used to distinguish

between the BP estimates obtained by the feature-based NN, OMWmodeling, PTT anal-

ysis, and fusion (using the arithmetic mean) methods, respectively. The subscripts ZC,

MS are used to distinguish between the MAP estimates obtained by the PTT analysis

using zero-crossings and maximum slope points on the oscillometric waveform, respec-

tively.

The second fusion algorithm is based on a weighted arithmetic mean of the three pro-

posed methods’ estimates. The weight of each method’s estimates is set to the method’s

standard deviation of error (SDE), as follows:

SBPWMean =
SBPNN/σ

2
S,NN + SBPOMW/σ2

S,OMW + SBPPTT/σ
2
S,PTT

1/σ2
S,NN + 1/σ2

S,OMW + 1/σ2
S,PTT

(6.4)
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DBPWMean =
DBPNN/σ

2
D,NN +DBPOMW/σ2

D,OMW +DBPPTT/σ
2
D,PTT

1/σ2
D,NN + 1/σ2

D,OMW + 1/σ2
D,PTT

(6.5)

MAPWMean =
MAPZC/σ

2
M,ZC +MAPMS/σ

2
M,MS

1/σ2
M,ZC + 1/σ2

M,MS

(6.6)

where σ represents the SDE, subscript WMean indicates the fusion algorithm using the

weighted arithmetic mean, and subscripts S, D, and M are used to distinguish between

the SBP, DBP, and MAP SDEs.

In order to test the performance of our proposed fusion algorithm using the weighted

arithmetic mean of the estimates, our dataset of 150 recordings was divided into two

sets: training and testing. The SDEs of the three proposed model-based oscillometric

methods were obtained on the training data. The obtained SDEs were then used as the

corresponding weights for the test data to assess the fusion algorithm’s performance. The

error obtained on the test data was used as a measure to evaluate the fusion algorithm’s

performance when new data that was not provided during the training was presented.

In our study, one subject (with 15 measurements) was selected for the test, which led to

the largest possible set of data for training. The rest of the subjects’ data was used for

the training. This process was then repeated such that each subject in the dataset was

used once for the test.

The last two columns of Tables 6.1-6.3 list the SBP, DBP, and MAP estimation errors

of the proposed fusion algorithms. It is found that the two fusion algorithms achieve very

close results in estimation of SBP, DBP, and MAP. It is also found that the fusion of the

proposed SBP estimation methods results in improvements of up to 1.89 mmHg in ME,

1.91 mmHg in MAE, and 2.24 mmHg in SDE, fusion of the proposed DBP estimation

methods results in improvements of up to 1.56 mmHg in ME, 1.53 mmHg in MAE, and

2.27 mmHg in SDE, and fusion of the proposed MAP estimation methods results in

improvements of up to 4.27 mmHg in ME, 2.69 mmHg in MAE, and 1.49 mmHg in SDE.

From Figs. 6.1(d)-(e), it is observed that our fusion algorithms slightly overestimates
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the SBP at pressures under 90 mmHg compared to the Omron monitor. However, unlike

the feature-based NN method, the fusion algorithms do not show any underestimation of

SBP at high pressures. From Figs. 6.2(d)-(e), it is observed that our fusion algorithms

slightly overestimates the DBP at pressures under 60 mmHg compared to the Omron

monitor. From Figs. 6.3(c)-(d), it is observed that our fusion algorithms do not show

obvious unevenness in estimation of MAP over the measured pressure range compared

to the Omron monitor. In total, the errors for the fusion algorithms are more evenly

distributed over the measured pressure range and they have smaller biases and narrower

limits of agreements compared to their underlying three model-based methods.

These results confirm the possible potential of achieving robust and accurate esti-

mates of BP by fusing the proposed model-based oscillometric BP estimation methods.

As the focus of this thesis was on deriving new models between the BP and the oscillo-

metric recordings and developing new coefficient-free BP estimation methods, only two

simple fusion algorithms were proposed and assessed. Future work can involve devel-

oping advanced statistical approaches for optimal fusion of the proposed BP estimation

methods.

6.3 Limitations of Our Study

Our dataset of 150 oscillometric BP and ECG recordings consists of reference readings

obtained by the Omron HEM-790IT BP monitor (See Appendix A.2). We understand

that the references could have been either based on the noninvasive auscultatory or the

invasive intra-arterial methods. However, it should be noted that the FDA-approved Om-

ron HEM-790IT has gone through rigorous clinical validation according to protocols set

forth by the European Society of Hypertension (ESH), Association for the Advancement

of Medical Instruments (AAMI), and British Hypertension Society (BHS) [32, 33, 169].

Therefore, for this pilot study, the successful validation of our proposed methods against

the Omron monitor is sufficient to support their potential significance and efficacy.
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In all comparisons and analysis, the reference MAP was calculated using the common

formula MAP = DBP +1/3×(SBP−DBP ) [2]. However, this formula has been found

to be only valid at normal resting heart rates [170]. Therefore, future work can be directed

toward invasive measurements of reference MAP.

Our dataset of 150 oscillometric BP and ECG recordings was collected from a modest

cohort of 10 healthy subjects and no patients were included. It should be pointed out

that although the number of subjects was 10, to increase the validity of the empirical

data, we recorded 15 simultaneous ECG and oscillometric BP signals from every par-

ticipant (five recordings in three days). This resulted in a substantial dataset of 150

recordings for the pilot investigation. Future work will involve undertaking clinical test-

ing on a larger number of healthy subjects as well as patients, whereby the method will

be compared against nurse-recorded auscultatory measurements, and if possible, against

invasive measurements.

Our dataset of 150 oscillometric BP and ECG recordings consists of oscillometric

measurements that were performed as soon as the reference Omron measurement ended

(See Appendix A.2). Also, our dataset of 425 oscillometric wrist measurements consisted

of reference and oscillometric measurements that were made one minute apart (See Ap-

pendix A.1). This lack of simultaneity of the oscillometric and reference measurements

contributes to the error in our estimation due to the intrinsic physiological variability

over time. It has been demonstrated that the arterial BP can vary by up to 20 mmHg

within around 10 seconds, in normal healthy humans [41]. Therefore, future work can

look at simultaneously recorded test and reference data.

Our proposed models of the OMW and PTT in Chapters 4 and 5 were derived using

existing models of the ABP and the cuff-arm-artery system. Several assumptions have

been made in the derivation of the adopted models that can affect the accuracy of our

developed models and the proposed BP estimation methods, and these are summarized as

follows: (a) The ABP model adopted in this study is based on the approximation of ABP

pulse as a sum of harmonically related sinusoids which does not model the relatively sharp
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peaks of the ABP pulse [149]. (b) The cuff-arm-artery system model adopted in this study

is based on the approximation of the arterial pressure-area relationship by an exponential

shape function [17]. (c) The cuff-arm-artery system model adopted in this study is also

based on the assumption that the arm tissue is mostly incompressible [17]. However,

these assumptions have been found to be valid through experiments on empirical data

in several studies [14–17, 146–151].

We modeled the PTT with two main components: the time it takes for the BP pulse

wave to arrive from the heart to the brachial artery under the cuff and the time it takes

for the BP pulse wave to travel in the brachial artery underneath the cuff. We understand

that the arterial elastic properties may change along the arterial branch, and therefore

the PTT model parameters could change at different locations of the artery. However,

our model parameters were assumed to be constant and equal to their average value

over the corresponding arterial segment. Moreover, the proposed BP estimation method

based on PTT analysis was shown to be independent of all the model parameters. Future

work can involve validating our proposed coefficient-free BP estimation method using a

more detailed model of the PTT.



Chapter 7

Conclusions and Future Work

Blood pressure (BP) is an important indicator of cardiovascular health. High BP in-

creases the risk for heart disease and stroke. Moreover, high BP can cause other problems

such as heart failure, kidney disease, and eye pathologies. As a consequence, regular BP

monitoring is an essential part of health maintenance, especially in patients with cardio-

vascular disease.

The use of automated BP monitoring is growing as it does not require much expertise

and can be performed by patients several times a day at home. Oscillometry is one of

the most common measurement methods used in automated electronic BP monitors. A

variety of oscillometric BP algorithms exist in the literature. However, most of these

algorithms are without physiological and theoretical foundation. Moreover, most of the

existing oscillometric algorithms ignore the wealth of information that is contained in the

amplitude and time characteristics of the oscillometric pulses. Among the oscillometric

algorithms, the maximum amplitude algorithm (MAA) is the most popular one. In the

MAA, the mean arterial pressure (MAP) is estimated as the cuff pressure at which the

oscillometric pulses attain maximum amplitude. Fixed empirical coefficients are then

used on the oscillometric waveform envelope (OMWE) to find the time points at which

the cuff pressure equals to the SBP and DBP. However, it has been shown that these

coefficients should be changed as the characteristics of the cardiovascular system vary

119
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between different health conditions, age groups, etc.

This thesis aimed to derive a comprehensive model of oscillometry and find the fun-

damental relationship between the BP and the oscillometric recordings. Based on the

developed models, novel methods were proposed that are capable of estimating the BP

without the need for any empirical coefficients. The proposed BP estimation methods

were physiologically and/or theoretically supported. A block diagram representation of

the proposed methods was shown in Fig. 1.1.

In the first phase of this research, a novel feature-based neural network (NN) approach

for estimation of BP from oscillometric measurements was proposed. Unlike previous

methods that used the raw OMWE as input to the NN, we used features extracted from

the envelope. A new feature extraction technique based on approximating the OMWE

with a sum of two Gaussian functions was proposed to derive a small set of features that

forms an effective representation of the entire OMWE. The parameters of the Gaussian

functions that had the best fit to the OMWE were considered as features. A Feed-

forward neural network (FFNN) and an adaptive neuro-fuzzy inference system (ANFIS)

were trained to find an implicit model between the SBP/DBP and the extracted features.

The networks were trained and tested on a dataset of oscillometric recordings collected

from 85 subjects in accordance to the ANSI/AAMI/ISO standard. It was found that

the proposed approach achieves lower values of mean error (ME), mean absolute error

(MAE) and standard deviation of error (SDE) in the estimation of BP compared to

the MAA and the existing NN-based methods. In addition, the proposed approach has

the following advantages compared to the existing NN-based methods: lower complexity

with respect to the design parameters, smaller training dataset, and lower computational

load.

In the second phase of this research, a new physiologically-based mathematical model

was developed for the oscillometric waveform (OMW). Existing models of the arterial

blood pressure (ABP) pulse waveform and the cuff-arm-artery system were incorporated

to derive a model for the arterial lumen area (ALA). The ABP pulse waveform was
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modeled as a sum of harmonically related sinusoids and the arterial pressure-area rela-

tionship was modeled by considering the arterial collapse and distension. It was shown

that the ALA is composed of two main components: the slow-varying component due

to the deflating cuff pressure and the oscillations due to the ABP. Since the oscillations

of the ALA during the cuff deflation period are proportional to the oscillometric pulses,

the difference between the ALA model and its slow-varying component was proposed as

the model of the OMW. An explicit mathematical model was then derived between the

OMWE and the SBP and DBP. Based on the developed model, a novel coefficient-free BP

estimation method was proposed. The proposed method was based on minimizing the

least squares error between our model and the OMWE using the trust region reflective

algorithm. To validate our proposed method, a pilot study was undertaken on a dataset

of oscillometric BP recordings collected by our research group. The dataset comprised

150 recordings acquired from 10 subjects. The successful cross-validation with empirical

data confirmed the accuracy of the proposed theoretical model and the BP estimation

method.

In order to improve the estimation of BP using oscillometry, the ECG signal was

recorded simultaneously along with the OMW using a device prototype which has been

designed by our research group. This device consists of a brachial cuff with conductive

fabric, a wrist band with conductive fabric, and a control unit that consists of a pressure

sensor and hardware/software for simultaneous ECG and oscillometric BP acquisition

and analysis. The ECG R-peaks were detected and used to: (i) extract the oscillometric

pulses from the recorded cuff deflation curve; and (ii) calculate the pulse transit time

(PTT). By combining our developed model of oscillomtery with an existing model of

the pulse wave velocity given by the Bramwell and Hill equation, a new mathematical

model was derived for the PTT during the cuff deflation. It was analytically shown that

the PTT measured as the time interval between the ECG R-peaks and certain points

on the oscillometric pulses can be used to estimate the BP. In particular, it was proved

that: the PTT measured as the time interval between the ECG R-peaks and the peaks
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of the oscillometric pulses attains a maximum at a cuff pressure equal to the SBP; the

PTT measured as the time interval between the ECG R-peaks and the troughs of the

oscillometric pulses attains a maximum at a cuff pressure equal to the DBP; and the PTT

measured as the time interval between the ECG R-peaks and the zero-crossing points

of the oscillometric pulses attains a maximum at a cuff pressure equal to the MAP.

Since determining the zero-crossings of the oscillometric pulses is not always trivial, an

alternative method was also proposed for estimating the MAP. It was shown that the

PTT measured as the time interval between the ECG R-peaks and the maximum slope

points of the oscillometric pulses also attains a maximum at a cuff pressure very close

to the MAP. This was the first study in which a mathematical validation was provided

for the theory of BP estimation from PTT-cuff pressure dependence. Moreover, it was

the first study to propose a coefficient-free PTT-based BP estimation method within an

oscillometric measurement framework. The theoretical model for the PTT-cuff pressure

analysis was developed based on earlier works which focused solely on oscillometric BP

measurement models. To validate our proposed methods, a pilot study was undertaken on

a dataset of simultaneous ECG and oscillometric BP recordings collected by our research

group. The dataset comprised 150 recordings acquired from 10 subjects with the device

prototype we developed. The successful cross-validation with empirical data confirmed

the accuracy of the proposed theoretical models and the BP estimation methods.

Finally, the three proposed model-based oscillometric BP estimation methods were

fused by computing the weighted arithmetic mean of their estimates. The proposed fusion

algorithm was validated with a pilot study undertaken on a dataset of 150 simultaneous

ECG and oscillometric BP recordings collected from 10 subjects. By comparing the

fusion algorithm’s performance with that of the three proposed model-based methods

in terms of ME, MAE, and SDE, it was found that the fusion algorithm achieves more

robust and accurate estimates of BP.

Conventionally, OMW is the only signal obtained in oscillometry. The envelope of

this signal is usually detected and analyzed to find the systolic, diastolic, and mean
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arterial pressures. In this research, we recorded the ECG simultaneously with the OMW

as an extra source of information. Therefore, the OMW and the ECG were the input

signals considered for the further analysis. The proposed feature-based NN and the

OMW modeling method use the OMW as the input signal. The proposed PTT analysis

method uses the OMW and ECG signals as inputs. In order to find the fundamental

relationship between BP and the recorded signals, a comprehensive modeling approach

was employed. Accurate modeling of these signals enabled us to develop and test new

coefficient-free oscillometric algorithms for BP estimation.

The following are several relevant directions that can be explored in future work:

• Since our datasets consisted of reference and oscillometric measurements that were

not simultaneous, an error of zero is not possible even in principle. Therefore, future

work can focus on collecting simultaneous reference and oscillometric measurements

and testing the proposed methods on the simultaneous data.

• Our datasets consisted of a non-uniform distribution of the reference BP values, in

the sense that most of the subjects’ BPs were around normal range. Since neural

networks can only perform well if the training dataset is uniformly distributed

[121], future work can be directed to the collection of a dataset of oscillometric

measurements with a uniform distribution of the reference BP values.

• Future work can also be directed toward testing our proposed methods on different

patient populations such as patients with obesity, arterial stiffness, atrial fibrilation,

etc.

• Future work can also be directed toward designing networks that would utilize

multiple measurements from the same subject taken over a period of time.

• In our study, we only incorporated two intelligent networks: the FFNN and the AN-

FIS. Future work can incorporate other architectures of the NNs. Future work can
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also investigate the application of support vector regression [171] to BP estimation

from the OMWE.

• One of the main challenges in training the NNs is the overfitting problem. In our

work, we used the early-stopping technique to avoid overfitting. Another possible

approach to avoid overfitting that could be incorporated in future work is called

regularization [172]. In regularization, the performance function that is usually the

mean square of errors is modified by adding the sum of squares of the network

weights and biases. The resulting network will a have smoother response and is

less likely to overfit.

• In our study, the NN was used to extract BP information from the envelope of the

oscillometric pulses. NNs can also be incorporated to extract BP information from

the oscillometric pulse morphology in future work.

• In Chapter 4, we assumed the the BP parameters (SBP and DBP) and the cuff-

arm-artery parameters do not change with cuff deflation during a measurement.

Through appropriate modifications to the proposed OMW model, the time vari-

ability of these parameters can be incorporated in the model. The OMW model

can then be used to estimate the SBP and DBP values that correspond to any

heartbeat, in contrast to the conventional oscillometric method that estimates the

SBP and DBP at two random instants in time over the deflation period. More-

over, the proposed approach can be used to estimate, track, and predict the BP

variability over time.

• In Chapter 5, we assumed that the various parameters inside our PTT model do not

change with cuff deflation during a measurement. We understand that for certain

patient populations and disease states, such as atrial fibrillation, these parameters

may well change during a measurement which may be as short as 30-45 seconds.

Future work will focus on models that incorporate the time variability of these
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parameters. For example, to simulate atrial fibrillation, amplitudes and pulse-to-

pulse intervals of the arterial pressure pulse waveform can be randomized.

• The effect of respiration on our proposed methods’ BP estimates was not studied

in this thesis. Future work can involve investigation of the effect of respiration on

the accuracy of our proposed methods.

• We have observed that along with PTT, which changes with cuff pressure, the

morphology of the individual oscillometric pulses also changes [75]. Our future

work will analyze changes in oscillometric pulse morphology with respect to cuff

pressure. This method promises to provide a coefficient-free estimate of BP and

does not rely on an ECG signal for PTT computation.

• Finally, in this thesis simple fusion algorithms were proposed to explore the po-

tential of achieving improved estimation results by combining our three proposed

methods. To obtain a more stable and robust estimation of BP, future work can

focus on fusing the proposed BP estimation methods using a more advanced sta-

tistical approach.



Appendix A

Datasets

The two datasets that were used to evaluate the performance of the proposed methods

in this thesis are described in this Appendix.

A.1 Dataset 1

The first oscillometric waveform dataset was provided by Biosign Technologies Inc. This

dataset was acquired using an automated wrist BP monitor (UFIT TEN-10) in accord

with the recommendations of the ANSI/AMMI/ISO standard [37]. The dataset included

85 subjects, 48 males and 37 females, aged from 12 to 80. Five sets of oscillometric

wrist BP measurements were obtained from each subject resulting in a total of 425

measurements. Following each wrist oscillometric measurement, and after a one-minute

delay, two independent simultaneous reference readings were also recorded at the arm

level by two nurses using the auscultatory method. A double stethoscope was used for

this purpose, as shown in Fig. A.1. The average value of these two measurements

was used as the reference pressure of each subject for the corresponding trial. The

measurement conditions stipulated by the ANSI/AMMI/ISO standard aim to minimize

the intrinsic physiological variability of the BP over time, but still the SBP and DBP

may change from the moment of the wrist measurement until the reference measurements

126
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a)                                                             b)

UFIT TEN-10

Double stethoscope

Reference sphygmomanometer

Figure A.1: Illustration of the data recording method used to collect 425 wrist measure-
ments from 85 subjects. (a) UFIT TEN-10 measurement from left wrist. (b) After a
one-minute delay, two independent simultaneous reference readings are recorded at the
arm level by two nurses using the auscultatory method.

are performed. The ranges of the recorded SBPs and DBPs were 78-147 mmHg and 42-

99 mmHg, respectively. The reference MAP was calculated using the common formula

MAP = DBP + 1/3 × (SBP − DBP ) [2], for all comparisons and analysis. For more

details the reader is referred to [10, 66].

The data collection protocol for each subject can be summarized as follows:

1) Invite the participant to the trial area and inform him/her of the measurement

steps.

2) Sit the participant comfortably and apply the arm cuff appropriately to left arm

and the UFIT cuff to the left wrist at heart level.

3) Start the UFIT recording from left wrist.

4) Wait one minute.

5) Start the two simultaneous auscultatory readings from the left arm.
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6) Wait one minute.

7) Repeat steps 3-6 four times.

8) End session.

Figure A.1 illustrates the data recording method.

A.2 Dataset 2

The second dataset was collected by our research group. This dataset comprised 150

simultaneous oscillometric BP and ECG recordings acquired with a prototype designed

in our research laboratory [79]. The data was collected from 10 healthy subjects, six males

and four females, aged from 24 to 63 years. This study was approved by the University

of Ottawa Research Ethics Board, and written informed consent was obtained from all

subjects. To the best of our knowledge, no subject had a history of cardiovascular or

respiratory disease. Recordings from each subject were obtained on three separate days

with five sets of recordings in each day.

Each set of recordings started with the Food and Drug Administration (FDA)-

approved Omron monitor (HEM-790IT) measurement on the right arm. As soon as

the Omron measurement ended, our prototype measurement started on the left arm.

The subject also wore the wristband of the prototype on the right wrist for simultaneous

ECG recording as shown in Fig. A.2. Since the American Heart Association recommends

at least a 1 min gap between two consecutive BP measurements [173], the five sets of

measurements were performed with three-minute gaps. Although there may be differ-

ences in BP measured from right and left arms, studies have shown that such differences

are not statistically significant in healthy subjects [174] such as the ones tested in this

pilot investigation.

The data collection protocol for each subject can be summarized as follows:

1) Invite the participant to the trial area and inform him/her of the measurement

steps.
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Omron HEM-790IT Our prototype

a)         b)

ECG wrist band

Figure A.2: Illustration of the data recording method used to collect 150 arm measure-
ments from 10 subjects. (a) Omron HEM-790IT measurement from right arm. (b) As
soon as the Omron measurement ends, our prototype measurement starts on the left arm.
The subject also wears the wristband of the prototype on the right wrist for simultaneous
ECG recording.

2) Sit the participant comfortably and apply the prototype arm cuff appropriately to

left arm at heart level, the prototype wristband to the right wrist, and the Omron cuff

to the right arm at heart level.

3) Start Omron recording from right arm.

4) Start the prototype recording from left arm, as soon as Omron recording ends.

5) Wait three minutes.

6) Repeat steps 3-5 four times.

7) End session.

8) Wait for at least 24 hours.

9) Repeat steps 1-8 two times.

Our prototype recordings comprised inflating the prototype cuff to a pressure of

160 mmHg and then deflating it slowly to a pressure of 20 mmHg. The deflation rate

was 1.5-3.5 mmHg/sec. Following the measurement, the oscillometric and ECG signals

corresponding to a cuff pressure range of 25-155 mmHg were chosen for further analysis.
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The ranges of the reference recorded SBPs and DBPs were 79-136 mmHg and 52-86

mmHg, respectively. Since the Omron device only provides the SBP and DBP values,

the reference MAP was calculated using the common formula MAP = DBP + 1/3 ×

(SBP −DBP ) [2], for all comparisons and analysis.

Figure A.1 illustrates the data recording method. Our measurement prototype is

shown in Fig. 5.2 and is described in more detail in Section 5.1. For more details the

reader is referred to [79].
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