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Abstract 

Blood pressure estimation by the oscillometry is a practice growing in popularity. 

Algorithms for blood pressure estimation are diverse, however little effort has been put forth 

to assess their performance. This thesis first surveys and assesses the algorithms used for 

oscillometric blood pressure estimation. Of all the known algorithms, the results of this work 

revealed one procedure which performed the best. These algorithms were evaluated by 

readings from two trained nurses. Next, we developed algorithms for extracting and 

suppressing breathing effects on blood pressure estimation. Breathing causes fluctuation in 

blood pressure and current oscillometric devices do not account for these effects. Extracting 

breathing signals extends the capabilities of existing oscillometric devices, such as reporting 

respiratory sinus arrhythmia, without the need for hardware changes. Suppression of these 

effects is performed by homomorphic and adaptive filtering. Results show improvement in 

that estimated pressure after suppression was closer to the nurse readings. 
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Chapter 1 - Introduction 

1.1 Blood Pressure Estimation 

Blood pressure provides a measure of a subject's state of health and is one of the most 

commonly measured physiological parameters. High blood pressure is a dangerous condition 

that if left untreated, can lead to heart disease, stroke and other health problems. One in three 

adults in the USA has high blood pressure, but nearly a third of them are unaware of it [1]. 

Blood pressure is typically reported in terms of millimetres of mercury (mmHg) and two 

values are estimated: systolic and diastolic blood pressure (SBP and DBP). Physiologically, 

SBP is the pressure pushing blood flow in the arteries near the beginning of a cardiac cycle, 

when the heart contracts, or systole. This is the maximum pressure in the arteries. DBP 

occurs at the opposite end of the cardiac cycle, when the heart relaxes in between beats. 

Here, the heart reaches diastole and the pressure produced in the arteries is at its minimum 

level [2]. 

Methods of measuring blood pressure vary between invasive and noninvasive methods. An 

intra-arterial measurement, the most common invasive method, is recognized as the most 

accurate [3], but has obvious disadvantages in complexity and inconvenience. Noninvasive 

methods, like oscillometric, palpitation or auscultation are preferred in common situations 

such as home monitoring or at health check clinics. One of the most popular noninvasive 

methods is oscillometry, which is widely used in the home blood pressure monitoring market 

due to its simplicity and ease of use [4]. 

Oscillometric measurements are based on sensing the pressure pulsations from a cuff 

wrapped around a subject's bicep or wrist. This method was first discovered by Marey in 

1876, who detected oscillations imposed on an arm cuff by arterial pulsations [5]. The 

oscillometric method works by inflating a cuff to a pressure above SBP and then deflating to 

a pressure below DBP. Deflating the cuff produces a decreasing curve which represents the 

pressure as it drops from a high to low value. Along with the cuff deflation, pressure 

oscillations induced by the beat-to-beat pulsations in the subject's artery are superimposed 
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onto this curve. From these pressure oscillations, numerous existing algorithms to estimate 

the SBP and DBP have been proposed [4]. 

Blood pressure values are also known to fluctuate over time. These natural fluctuations 

create variability in SBP and DBP and have been previously studied and quantified spectrally 

[6]. A large part of this variation is attributed to respiration, or breathing [7], whose effects 

were first discovered by Hales [8]. Subjects who breathed normally were found to have a 

variation of about 3 to 6 mmHg in SBP, while subjects who breathed deeply exhibited a 

variation of about 15 to 20 mmHg [9]. In both cases, this fluctuation is quite large and is a 

potential cause for inaccuracy in the estimation of blood pressure. 

1.2 Motivation and Problem Statement 

Studies regarding the performance of the oscillometric method have shown mixed results in 

its estimates of SBP and DBP [10]-[14], Some show that oscillometric readings agree with 

intra-arterial and Korotkoff sound measurements [10], whereas others have shown a large 

deviation in readings between commercially available devices [11], [12] or large error when 

measuring subjects in uncontrolled situations [13] or for unhealthy subjects [14]. These 

studies criticize the performance of these devices but do not focus on the underlying basis of 

all these devices, the algorithms. 

Blood pressure measurements by the method of oscillometry is defined by the physical 

procedure of deflating a cuff wrapped around a subject's arm, but methods to harvest 

information from these measurements are not rigidly defined. After an oscillometric blood 

pressure measurement has taken place, estimating blood pressure is strictly based on the 

operations of algorithms to find the SBP and DBP. From a literature review, a large variety 

of methods were discovered that estimate blood pressure but these methods were scattered 

around many different publications or sources. Considering that oscillometric devices 

dominate the home blood pressure monitoring market, surprisingly little effort has been put 

forth to assess the underlying algorithms which are actually used to estimate blood pressure. 

2 



Inaccuracies in estimation can come from the natural fluctuations that are inherent in blood 

pressure, which include breathing, or artifactual or physiological phenomena. In this case, 

the term inaccuracy corresponds to blood pressure estimates which may not be truly 

representative of a subject's actual blood pressure, but instead is heavily influenced by some 

other natural physiological processes. Breathing is a natural, automatic process that everyone 

must engage in, yet can also induce fluctuations in SBP and DBP estimates. Breathing 

effects on blood pressure are already quite well known, but to the best of our knowledge, no 

work found has attempted to reduce these effects in oscillometric waveforms. Breathing 

effects leads to alterations in the signal recorded during an oscillometric measurement. 

Proper suppression of these effects could yield SBP and DBP estimations that are more 

representative of a subject's blood pressure than algorithms that do not account for these 

effects. 

1.3 Prior Art 

Prior work on oscillometric blood pressure recordings is scattered around a variety of works. 

After an oscillometric recording, a deflation curve is returned. Estimation of SBP and DBP is 

performed based on an algorithm composed of several steps that processes this deflation 

curve. The individual steps of this algorithm have been proposed in many independent 

studies, but there exists a lack of unification between the existing methodologies. Generally, 

the procedure that composes the algorithm is as follows: 

1. Extract an oscillometric waveform (OMW) from the deflation curve 

2. Choose an oscillometric pulse index (OPI) 

3. Perform envelope cleaning 

4. Find the SBP and DBP points on the envelope 

5. Locate the corresponding actual SBP and DBP points on the deflation curve 

Existing methods for steps 1 to 4 are quite diverse and varying. In the first step, extracting an 

OMW is necessary to identify pulsations that are caused by blood flow. The OMW should 

contain only the pulsations caused by the artery as it reacts to the decreasing cuff pressure. 

The downward trend relating to the cuff deflation should be removed to create the OMW. 

This can be performed by digital filtering (band pass [16], [17] or high pass [18]), analog 

filtering [9] or detrending [19], [20]. From the OMW, a definition of an OPI is then required 
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as part of step 2. The OPI forms an envelope where points which correspond to SBP and 

DBP are located in later steps. The OPI can be taken as the height from baseline-to-peak, 

peak-to-peak, or area of each pulse [4], [19], [21], [22]. The OPI should form a locus, or 

envelope, for which cleaning techniques in step 3 are employed. This step is aimed at 

cleaning the envelope from any possible disturbances caused by noise or interference and is 

necessary for the algorithms later on in step 4 that estimate SBP and DBP values. Methods 

here include frequency domain filtering [16], [18] median filtering [23], moving average 

filtering [24]-[25], fuzzy logic [26], [27], curve fitting [27], [28], [29] and methods that 

identify and replace corrupted pulses heuristically [9], [20], [30]. These methods are intended 

to be a general purpose way rid the envelope formed by the OPI from noise or other 

interference. Afterwards, step 4 is performed where points that correspond to the SBP and 

DBP are found on the now cleaned envelope. Four known algorithms have been surveyed for 

this: the maximum amplitude algorithm (MAA) [9], [16]-[18], [21], [22], [24], [25], linear 

approximation algorithm (LAA) [31], points of maximum/minimum slope algorithm 

(MMSA) [21], [22], [32], [33], and slope change algorithm (SCA) [34]. Variations of these 

algorithms also exist, but these four represent the fundamental algorithms which others are 

based on. Finally, step 5 is locating the SBP and DBP points on the cuff deflation curve to 

provide proper estimates of SBP and DBP in terms of mmHg. 

Although a number of algorithms exist for estimating SBP and DBP, to the best of the 

author's knowledge nobody has assessed or evaluated these different algorithms against each 

other. Some work that address the current state of oscillometric measurement techniques 

exist [4], [22], [35], [36], but the underlying algorithms behind these devices lack a more 

critical assessment. One objective of this work to fulfill this need and compare the different 

algorithms in each step of the procedure. This is important because further work on 

oscillometry requires an algorithmic procedure for oscillometric blood pressure estimation. 

Envelope cleaning methods in step 4 of the algorithm are performed to reduce irregularities 

caused by noise or other interference in the OMW in a general way; that is they try to capture 

the useful information in the envelope while removing all other irregularities. However, 

breathing, one source for irregularities in the envelope, is known to be a major influence and 

4 



cause of large variations in blood pressure estimation. These effects are taken into more 

consideration in this work. Existing studies have shown that the presence of breathing in 

blood pressure recordings can lead to larger error when estimating SBP and DBP values [9], 

[37]. Currently, studies on the effects of breathing have been performed using intra-arterial 

blood pressure recordings. From this, breathing information is known to manifest itself 

through amplitude modulation, frequency modulation and additive effects [38]. 

Demodulation has been applied to estimate the subject's breathing signal [8] and adaptive 

filtering with a reference signal has been used to remove breathing effects from the intra­

arterial waveform [40]. The use of demodulation has been adapted from popular methods 

that derive breathing from ECG signals [41]-[44]. To the best of the author's knowledge, 

methods that investigate or reduce breathing effects in oscillometric recordings have never 

been published before. 

1.4 Contributions 

Major contributions of this work are listed below: 

• Provide a comparison of most popular oscillometric algorithms and sub-algorithms 

• Extract breathing signals from oscillometric measurements and study there effects on 

blood pressure estimation 

• Suppress breathing effects in blood pressure to improve SBP and DBP estimates 

• Extract respiratory sinus arrhythmia, a quantity not typically returned by 

oscillometric devices 

Different algorithms to estimate SBP and DBP from oscillometric recordings exist. These 

algorithms need to be properly evaluated. The contribution of the work performed here is to 

first provide a critical assessment of many of these algorithms. First, existing algorithms are 

surveyed and then implemented. Second, their performance is assessed based on comparing 

the estimated SBP and DBP values produced by the algorithms with some reference blood 

pressure readings. No development of any new algorithms is claimed but this work does 

provide meaningful contribution in surveying the current oscillometric algorithms and 

assessing their performance. This also helps to determine which algorithm is most accurate 



for estimating SBP and DBP in comparison to nurse readings. The work in Sections 3.1 to 

3.9 and the partial results of Chapter 4 have led to a publication in IEEE Instrumentation and 

Measurement Conference [45]. 

Breathing effects have been investigated and reduced in other cardiac recordings such as the 

ECG and intra-arterial blood pressure signals. These effects have never been studied in 

oscillometric recordings before. Another contribution of this work is to provide an analysis 

of breathing in oscillometric recordings and the suppression of its effects to provide better 

SBP and DBP estimates is a third contribution of this work. Existing studies also all require a 

reference breathing signal to be explicitly provided for the operation of the cancellation 

scheme. This work will show that breathing effects may be suppressed in oscillometric 

recordings without the need of any additional reference signal, reducing cost and complexity 

compared to other studies which require an additional signal [39],[40],[72]. The results of 

this study led to a publication in [46]. This includes Sections 5.1 to 5.8, 6.1 and 6.3. An 

extension of this work has also submitted for publication in a special issue of IEEE 

Transactions on Instrumentation and Measurement [47], which also includes Section 5.9 to 

5.11, 6.4 and 6.5. Currently, this publication [47] is in the revision process. 

In addition to the aforementioned two publications, the contribution of this work has also led 

to the publication of an additional three conference proceedings which used the algorithms 

developed here [48]-[50]. In [48] and [49], two statistical analyses on the fluctuations in 

blood pressure are presented. The blood pressure estimation algorithms assessed here in 

Chapter 3 are used in these two studies. A prototype system which uses National Instruments 

hardware and Lab View software was published in [50]. This system is used to acquire 

synchronous ECG and blood pressure data and incorporates the breathing extraction 

algorithms developed in Chapter 5. 

1.5 Analysis 

Figure 1.1 shows a block diagram of the overall work performed in this thesis. The ultimate 

goal is to provide a system where the inputs are the oscillometric recordings and the outputs 

are the accurately estimated SBP and DBP values. The implemented algorithms presented as 
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solid blocks in this figure (extract OMW, define OPI, envelope cleaning and SBP/DBP 

algorithms) rely on existing published algorithms. Blocks inside the large dashed block of 

this figure represent how breathing effects are dealt with and are newly developed algorithms 

for the purpose of this work. ECG signals are used here to assist development of the 

algorithms that deal with breathing. However, the developed algorithms for suppression of 

breathing effects may also operate without ECG as well. Breathing suppression algorithms 

are specific type of envelope cleaning and operate just before general envelope cleaning 

methods are implemented. Breathing signal extraction also leads to estimation of respiratory 

sinus arrhythmia (RSA) values. Extracted RSA can provide information that is correlated to 

other physiological mechanisms such as stress, obesity, diabetes, and more [15]. A major 

contribution of this work is to extract this information using only oscillometric recordings as 

this can greatly extend the capabilities of existing oscillometric devices without having to 

change existing hardware or add new hardware. The methods employed for these two blocks 

are new and have never been applied to oscillometric recordings before. 

Oscillometric Recording 

I 
Extract OMW 

i 
Define OPI 

^ v^ 

1 ECG Recording • 

> j j i 
| Breathing Extraction i 

i + i 
• ( * 1 , 
! Breaming Suppression « 

— i — | 
RSA 

x 4 - . _ ~ 
Envelope Cleaning 

I . 
SBP.DBP Algorithms r 
SBP.DBP Estimation 

Figure 1.1. General outline for work proposed in this thesis. 
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To create the system shown in Figure 1.1, the analysis performed in this work will be 

completed as shown in Figure 1.2. Oscillometric algorithms were surveyed first and 

implemented in MATLAB. They were evaluated using a data set of 85 subjects provided by 

Biosign Technologies Inc. The performance of each algorithm was assessed with some 

defined metrics which use reference SBP and DBP readings that are also provided. The 

second step of this analysis is developing algorithms to suppress the effects of breathing in 

oscillometric measurements. These algorithms use some of the oscillometric algorithms to 

assist in detecting and extracting breathing. Performance metrics to assess these algorithms 

are defined and the algorithms are again applied on the data set provided by Biosign 

Technologies Inc. For breathing signal extraction, ECG recordings are also used to help 

develop these algorithms because of existing knowledge of the breathing effects on ECG. 

These ECG recordings are obtained by a BioHarness by Zephyr Technology. Recordings 

were performed in the room 3010 of SITE building at the University of Ottawa. Approval of 

these experiments was granted by a local ethics approval board. The approval notice is 

shown in Appendix A. The use of ECG signals here is to add different sources for extracting 

breathing and is optional, as oscillometric blood pressure estimates are improved with and 

without it. All work here was performed using Mathworks MATLAB version 7.10.0.499. 
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Figure 1.2. Block diagram of the analysis procedure. 

1.6 Assumptions and Limitations 

Algorithms for oscillometric recordings here are validated by comparison with reference 

values obtained either by two trained nurses or by an OMRON HEM-790 IT blood pressure 

monitor. The procedure underwent for obtaining reference readings follows that of SP10 

standard, where one minute gap exists between subsequent nurse readings and oscillometric 

recordings [50]. Blood pressure values measured using intra-arterial methods would provide 

the best reference [3], but this is difficult to perform and unavailable for this study. In this 
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study, either nurse readings or readings from a commercial off-the-shelf blood pressure 

monitor are used as the reference blood pressure to compare our estimates to. As such, 

verification of estimates of this study must also take into account the potential discrepancies 

that exist in these readings as well. 

Another limitation is the time delay between the acquisition of oscillometric blood pressure 

recordings and the reference readings. After a subject's recording, a reference blood pressure 

measurement is taken after waiting one full minute. However, blood pressure is known to 

fluctuate over time [6] and thus, the delay between these two events create a discrepancy 

between blood pressure values. Due to the known fluctuations, the subject's blood pressure 

could be different when the two measurements take place, producing a reference that is not 

representative of the subject's blood pressure at the time of the oscillometric recording. The 

reason for this delay is to follow current implemented safety standards put in place by SP-10 

standards for recording blood pressure [51]. Ideally, the reference reading and the 

oscillometric recording should occur at the same time to account for this variability, but this 

is not possible for the safety of the subject. 

1.7 Thesis Overview 

The structure of this thesis is organized as follows: Chapter 2 surveys the current art in this 

field. Existing algorithms for oscillometric blood pressure estimation are explained. Existing 

work that studies breathing in blood pressure will also be reviewed to provide the proper 

fundamentals for the rest of the thesis. Chapter 3 details and compares the implementations 

of the algorithms for oscillometric blood pressure estimation. Chapter 4 presents the results 

of these algorithms implemented on a data set of 85 subjects. This chapter will also select a 

recommended algorithm for oscillometric blood pressure estimation based on this study. 

Chapter 5 presents the study on breathing in oscillometric blood pressure. Work on how to 

extract a breathing signal, its influence on blood pressure estimation, suppression of its 

affects and application to RSA will be provided here. Chapter 5 will show results and 

discussion for the work on breathing in oscillometry. Chapter 6 will end with a conclusion 

that summarizes the contributions of this thesis and presents potential future work in this 

field. 

9 



Chapter 2 - Prior Art 

2.1 OsciUometric Blood Pressure Estimation 

Many different algorithms for estimating blood pressure from the oscillometry have been 

published [4], [9], [17], [18], [21], [22]. These publications primarily focus on the sub-

algorithms that compose of the entire algorithm, such as envelope extraction methods, 

artifact removal schemes or algorithms to extract SBP and DBP [16], [19], [20], [23]-[34]. 

Existing literature provides novel methods and algorithms, but in general, the overall 

procedure for blood pressure estimation from osciUometric recordings can summarized into 

the following procedure (repeated from Chapter 1): 

1. Extract an osciUometric waveform (OMW) from the deflation curve 

2. Choose an osciUometric pulse index (OPI) 

3. Perform envelope cleaning 

4. Find the SBP and DBP points on the envelope 

5. Locate the corresponding actual SBP and DBP points from the deflation curve 

These 5 steps are general, but provide an outline of the algorithm. Each step of this algorithm 

relies on a method or sub-algorithm which is discussed next. The goal of this chapter is to 

explain the current methodologies and algorithms that researchers have developed for 

osciUometric blood pressure estimation. Implementation of the algorithms will be performed 

in Chapter 3. 

2.2 OMW Extraction 

Recording the blood pressure signal by the osciUometric method involves wrapping a cuff 

around a subject's bicep or wrist and inflating the cuff to a pressure above SBP, then 

deflating it to a pressure below DBP. Standard cuffs deflate as linearly as possible, at a 

recommended rate between 2-3 mmHg per second [56]. A pressure transducer is used to 

measure the pressure inside the cuff. As the cuff deflates, the pressure transducer records a 

signal, known as the deflation curve, shown in Figure 2.1. Embedded on this curve is all the 

information regarding SBP and DBP data and it is the focus of all osciUometric algorithms. 
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Two main components comprise the deflation curve; the pressure from the deflating cuff and 

the pressure pulsations induced in the artery from the gradual deflation. The objective of this 

step is to extract these pressure pulsations, also known as oscillometric pulses [4], [9]. Over 

the duration of the recording, these pulses form a signal known as the OMW [36], but may 

also be referred to in some literature as the oscillogram [11], oscillometric pulse profile [18], 

oscillatory pressure curve [20], oscillometric signal [24], or simply as oscillation amplitudes 

[27]. The term OMW will be used here. 
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Figure 2.1. Typical cuff deflation curve 

Methods to recover the OMW from the deflation curve consist of filtering [9], [16]-[18] and 

detrending [19], [20]. Filtering, either by band pass [16], [17] or high pass [9], [18], removes 

the frequency components that belong to the deflating cuff pressure (and sometimes, 

measurement noise) but keeps everything else, most importantly the frequency components 

that belong to the subject's pressure pulses. By setting a lower cutoff of the filter such that 

the deflation is eliminated, the remaining signal components are let in, which comprise the 

desired OMW. Existing literature usually sets the low cutoff of the high pass or band pass 

filter somewhere between 0.3 - 1 Hz [16]-[18]. Both band pass and high pass filters can be 

used for this application but typically, band pass filtering is used so that high frequency noise 

components that exist in the recording are eliminated as well. A plot of the OMW recovered 

by this method is shown in Figure 2.2 (a). 
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Obtaining the OMW may also be performed by detrending [19], [20]. In this method, a line 

of best fit represents the decreasing cuff pressure and then is subtracted from the deflation 

curve. Fitting the line requires locating the beginning of each individual pulse on the 

deflation curve. Points are then joined together on the deflation curve to produce a trend line 

that estimates of the decreasing cuff pressure [19], [20]. The end of one pulse is also the start 

of the next pulse so if these are all successfully found, joining them produces a trend line 

which connects all the pulses. Proper identification of the beginning and end of a pulse is of 

critical importance in this method so that the trend line is estimated properly. Interpolation is 

used in [19]. The main difference between detrending and filtering is that if the decreasing 

cuff pressure is properly estimated by detrending, then each pulse of the produced OMW 

should start at zero and at no point in the OMW should ever be negative. An example of the 

OMW extracted by this method is shown in Figure 2.2 (b). Typically, if detrending is used, a 

low pass filter is also implemented to reduce measurement noise in the deflation curve [19]. 

As shown in Figure 2.2, a normal OMW exhibits a characteristic envelope that starts off low 

in amplitude, increases to a maximum and then decreases back to low amplitude again. 
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Figure 2.2. OMW extracted by (a) filtering and (b) detrending. 
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2.3 Peak Detection 

An important step in the processing is peak detection in the OMW. Each heart beat 

corresponds to a pulse in the blood pressure signal and locating the maximum point of each 

pulse is important for blood pressure estimation. The peaks of each pulse are used to form an 

envelope for which points which correspond to SBP and DBP are located. Peaks are 

normally defined as the highest points on an amplitude varying waveform. The extracted 

OMW, as shown in Figure 2.2, are highly amplitude varying waveforms, exhibiting many 

local maxima and minima points. Locating each local maximum is a key step in blood 

pressure estimation. Peak detection is also a large area of interest in ECG analysis for which 

R-peak locations are desired. Algorithms for peak detection used here are based on existing 

ECG methods. The considered methods include using amplitude threshold methods 

combined with the Hilbert transform [52] or adaptive amplitude thresholds [53], slope based 

methods that use differentiation [54], or zero crossing methods [55]. 

Use of the Hilbert transform is similar to existing signal processing methods which apply it 

to envelope detection [52]. Amplitude threshold methods work with a predetermined 

threshold. The maximum value of a group of points which exceed this threshold is taken as a 

peak. Thresholds are usually held constant over the duration of the entire signal, but only 

algorithms whose threshold are adjustable are considered here because unlike the ECG 

signal, the amplitudes of the peaks in the OMW are not expected to be constant [53]. 

Algorithms which rely on differentiation are based on the assumption that the slope of the 

ECG signal is most positive right before a peak occurs and most negative right after a peak 

occurs. A peak is detected if 3 consecutive points on the differentiated signal are above the 

positive slope threshold and then in the next 10 points, 2 consecutive points are below the 

negative slope threshold [54]. The zero crossing method filters the signal, then subtracts out 

its mean and finds where it crosses zero. Each downward zero crossing should follow an 

upward zero crossing and vice versa. In between two consecutive crossings should lay a 

peak. The maximum value in the group of points which lay between the upward and 

downward zero crossing is the identified peak [55]. 
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2.4 Oscillometric Pulse Index (OPI) 

The OPI is a defined quantity that forms a locus, or envelope, where points which correspond 

to SBP and DBP are located. After the OMW is extracted, the OPI can be found by one of 

three methods. Methods in current literature compute the OPI as either the height of each 

pulse from baseline-to-peak, peak-to-peak or as the area under each pulse, which can be 

found by integration [4], [19], [21], [22]. Peak-to-peak and area values can be estimated after 

peaks are identified. The definition of baseline-to-peak values is vague because to the best of 

the author's knowledge, no strict definition of a baseline is ever provided. Here, it is assumed 

that the baseline is zero for the duration of the recording. 

These three approaches produce three different envelopes, but no literature exists that 

actually quantifies the performance of each. No reasoning is even provided for why a certain 

OPI is chosen over another. The absence of this comparison provides further motivation for 

the work done here. 

2.5 Envelope Cleaning 

Much like other signals, the OMW can be corrupted by noise and interference, some of 

which are from natural physiological processes and some of which are caused by external 

factors. Common to all engineering signals, measurement noise is one such interference that 

exists after the recording takes place. This noise is usually reduced by low pass (or band 

pass) filtering the cuff deflation curve in step 1 [9], [16], [17], [19], [26]. This measurement 

noise is dealt with by the envelope cleaning algorithms, but the most important concern here 

is to reduce interferences that are uniquely present in blood pressure or cardiac signals. These 

include movement or possible interference from other physiological processes. Here, 

methods will be discussed which reduce these disturbances so that algorithms in step 4 of the 

procedure may be applied to estimate SBP and DBP. Since the envelopes formed by the OPI 

should follow a distinct characteristic, the role of envelope cleaning is to re-shape a 

corrupted envelope, regardless of what the source of the irregularities may be. 
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Algorithms specifically designed to target one type of disturbance also exist. For example, 

motion artifact is a common interference that usually causes large spikes in the OMW [57]. 

Complicated algorithms based on an external sensor, such as an accelerometer, and adaptive 

filtering work especially well for the elimination of motion artifacts [57], but they add 

complexity and only target this specific disturbance. In this work, the focus of envelope 

cleaning is on less intensive, general purpose methods that clean the envelope. However, a 

new technique for reducing the effect of breathing, a known interference in oscillometric 

recordings, is developed in this thesis. For the estimation of blood pressure, envelope 

cleaning methods which are not limited to one specific type of disturbance are implemented. 

A potential drawback of these methods is that if the envelope has been distorted too much, it 

may be impossible to correctly clean the envelope or the cleaned envelope may still be 

unsatisfactory. 

Two simple filtering methods have been proposed to help get rid of artifacts and 

interference: median filtering and moving average filtering. Median filtering is adopted to 

remove spurious data points [23]. Median filters replace each sample by the median value of 

it and its neighboring samples. A fixed window length is first required for this filter. Then, 

for each sample, only the points in the window are considered. That is, for sample x„, with 

fixed window size 2*N + 1, the median filter proceeds by: 

xn = median([xn-.N,xn-N+1, ...,xn,... ,xn+N_1,xn+N\) (2.1) 

Moving average filters also work by considering a window for each point, except instead of 

replacing a point with the median point of the window, the mean of all the points in the 

window is used. These are a type of non-causal finite impulse response (FIR) filter that take 

the average or mean of the samples in the window. An example of a moving average filter 

that takes the un-weighted mean of the window may be expressed as: 

xn = mean([xn_N, xn_w+1,..., xn,..., xn+N_1, xn+N\) (2.2) 

Mathematically, this can be expressed as: 

1 
%n = 7 . w -L i (Xn-N + xn-N+i + ••• + Xn + h X n + W_ 1 + Xn+N) (2.3) 
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This is an equation of a filter composed of all zeros and no poles, making it FIR. The moving 

average filter can also be thought of as a LPF with a cutoff dependent on the window size. It 

generally works well for reducing random noise in the time domain but is poor in its ability 

to distinguish between different frequency bands. Windows lengths that have been 

previously used in moving average filtering for this purpose can depend on the size of the 

width of the pulses [24] or are a fixed length nine-point window for a 128 Hz sampled 

system [25]. 

Fuzzy logic has also been used to help clean envelopes as well [26], [27]. This rule based 

approach is adopted to assess the quality of each individual pulse. Each pulse is assigned a 

weight as a result of its determined quality. If the quality of the pulse is ruled to be poor or 

low, then the pulse is weighted with a low value. Otherwise, if the pulse is ruled to be clean, 

then the pulse is weighted normally. The weights of the pulse provide information that is 

used further along in the algorithm and represents the degree to which the pulse can be 

trusted. The properties of each pulse, such as height, width, slope, angle and relation to 

neighboring pulses are taken as inputs for this fuzzy logic decision making. 

Another known technique to clean the envelope is curve fitting. This method has been used 

by itself in [28], [29] and has also been combined with fuzzy logic as well [30]. Curve fitting 

is the process of constructing a line or curve through the points of interest that has the best 

fit. The curve is defined by a mathematical function with variables that are adjusted. Best fit 

is in terms of least squared error between the points of interest and the curve produced after 

fitting. Current literature fits the envelope by a Lorentzian function [28] or a Gaussian 

function [30]. The Lorentzian function is fit by developed algorithms that minimize error in a 

weighted least-squares sense [28]. Gaussian functions have also been used to fit data using 

the Gauss-Marquardt algorithm. Best fit is achieved by minimizing the squared error [30]. 

The final method is to detect oscillometric pulses that are artifactual and replace them with a 

clean, estimated pulse. Determination of whether a pulse is artifactual or not can be done by 

comparing the pulse in question to its neighbors. If the pulse falls outside an accepted 

threshold level that is determined by the previous pulses, then it is replaced by a newly 
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generated pulse. This level can be determined by the time intervals between pulses [9] or the 

relative amplitude of the pulse [10]. In [11], a prediction algorithm is developed that, based 

on the amplitude of previous pulses, sets an upper and lower limit for what the amplitude of 

the next pulse should fall in between. If it is decided that the pulse is artifactual and needs to 

be replaced, then the replacement pulse may be found by averaging the neighboring pulses 

[9], [10] or by some prediction algorithm [11]. Any outliers that may exist should be fixed by 

this method, but the level of artifactual reduction will depend on the criteria in which pulses 

are identified to be corrupted. 

2.6 Algorithms for Blood Pressure Estimation 

Information regarding a subject's blood pressure is embedded on the cleaned envelope 

formed by the OPI. Blood pressure is estimated by applying algorithms that determine points 

on the envelope that correspond to the SBP and DBP. Four known algorithms, which may be 

divided into two different approaches: height based and slope based, were analyzed. Height 

based algorithms include the most popular MAA [9], [16]-[18], [21], [22], [24], [25], and the 

lesser known LAA [31]. Slope based approaches include the well-known MMSA [21], [22], 

[32], [33], and SCA [34]. The SCA is a yet to be published algorithm. Height based 

algorithms depend on locating the mean arterial pressure (MAP) first. This will be addressed 

first before the four algorithms are discussed. 

2.6.1 MAP Estimation 

MAP is defined as average arterial blood pressure of an individual. For intra-arterial blood 

pressure measurements, it is estimated as the average of the total arterial pressure during one 

cardiac cycle [17]. As opposed to the SBP and DBP, this quantity is not commonly returned 

by blood pressure monitors but empirical methods do exist to approximate the MAP. From 

the SBP and DBP, the MAP may be calculated by [16]: 

1 
MAP = DBP + - • (SBP - DBP) (2.4) 

In oscillometric measurements, the widely accepted method to estimate the MAP is by 

finding the maximum point on the OPI. This method was established when a high correlation 

was found between the point of maximal oscillations in the cuff for an OMW and their actual 

17 



MAP [9]. In certain cases, the MAP has also been taken as 95% of the maximum point on 

the diastolic side [17]. An actual pressure value in mmHg can then be estimated by locating 

this point on the deflating cuff curve. When looking at the OMW, the point which 

corresponds to the SBP typically lies to the left of the MAP and the points which 

corresponds to the DBP lies to the right of the MAP. Thus, when considering the OMW 

plotted against time, such as the ones in Figure 2.2, it is said that the MAP divides the OMW 

into two regions: the systolic region and the diastolic region. The left side is the systolic 

region, containing the point that corresponds to SBP and the right side is the diastolic region, 

containing the point that corresponds to DBP. The names systolic region and diastolic region 

do not hold much physical meaning, except to indicate the location where the points for SBP 

and DBP may lie. 

All the processing performed up to this point affects the position where the MAP is located 

and thus affects SBP and DBP estimation in height based algorithms as well. Systolic and 

diastolic values are estimated at the end of the entire procedure, but some criterion to 

evaluate the individual algorithms at each step of the procedure is required as well. One 

method to do this is by comparing the MAP value obtained by finding the maximum point on 

the processed OMW and comparing it with the MAP calculated empirically from the 

reference recordings. This will be used in the procedure to evaluate certain steps of the 

algorithm. 

2.6.2 Maximum Amplitude Algorithm 

The MAA is the most popular oscillometric algorithm for determining blood pressure [24]. 

As shown in Figure 2.3, this algorithm operates by first finding the point on the envelope 

corresponding to the mean arterial (MAP) [17]. The right side of the maximum point of the 

envelope is the diastolic side and the left side is the systolic side. In Figure 2.3, this point 

corresponds to amplitude A. Predetermined systolic and diastolic characteristic ratios, rs and 

rd, are then used to find the points that correspond to SBP and DBP. The systolic ratio can 

reportedly range from 0.45 to 0.73 and the diastolic ratio may range from range from 0.69 to 

0.83 [16]. These ratios seem to differ between devices as well. Some have also adopted 

dynamic ratios that change depending on the subject's MAP [18]. Regardless of what ratio is 
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chosen, the point corresponding to SBP can be found by multiplying the height of the MAP 

point with the systolic ratio, A -rs. The resulting amplitude can then be located on the systolic 

side of the envelope to produce the SBP point. The same can be done for the point 

corresponding to the DBP, by multiplying the height of the MAP with the diastolic ratio, A -rd 

and locating the point on the diastolic side of the envelope. 
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Figure 2.3. MAA implementation. 

2.6.3 Linear Approximation Algorithm 

Similar to the MAA, the LAA also operates by using the heights of the envelope and also 

require predefined systolic and diastolic characteristic ratios [31]. This algorithm works by 

approximating the envelope with a pair of linear lines of best fit based on the peaks of all the 

oscillometric pulses. A pair of lines is first approximated, one for peaks 1, 2 and another for 

peaks 3 to N, where N is the total number of peaks. Next, another pair of lines is 

approximated, one for peaks 1 to 3 and another for peaks 4 to N. This procedure continues 

until a pair of lines for peaks 1 to N - 2 and peaks N - 1 and N is found. For each pair of 

lines, it is assumed that the one produced by the first set of the peaks should have positive 

slope and represent the systolic side, whereas the one produced by the second set of peaks 
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should have a negative slope and represent the diastolic side. If some artifacts or interference 

causes any approximated line to have the opposite slope, then it and its paired line are 

removed from analysis. Each iteration should then produce a valid pair of lines that have an 

intersection point. Intersection points from all the produced pairs of lines are compared and 

the highest intersection point is taken as the initial MAP. 
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Figure 2.4. LAA implementation. 

To eliminate any artifacts or interference, the procedure is performed again, but this time 

only with peaks that are greater in amplitude than half the initial MAP point. All remaining 

points after this elimination are then again fitted for pairs of linear lines of best fit. The same 

procedure as before is performed, except N now represents a lesser number of peaks than 

before. After each iteration, a pair of lines should be produced, each with a corresponding 

intersection point. The highest intersection point is taken as the final MAP and the pair of 

lines that produce this intersection is used to locate SBP and DBP. The line on the left with 

positive slope is the final systolic line and the line of the right with negative slope is the final 

diastolic line. The amplitude of the MAP point is multiplied by the corresponding systolic or 

diastolic characteristic ratio to produce points that are located on the final systolic and 

diastolic lines, respectively. These points are the final systolic and diastolic points. Figure 2.4 



shows the implementation of this algorithm with the final pair of lines of best fit illustrated. 

The amplitude corresponding to the MAP is A and the systolic and diastolic ratios are rs and 

Yd- By using linear approximations, this algorithm provides another layer of artifact 

reduction. The LAA was developed by Medero in a 1996 US patent [31] and has not been 

found in any other known literature. 

2.6.4 Points of Maximum/Minimum Slope Algorithm 

Unlike the previous two algorithms, the MMSA considers the slope of the envelope rather 

than the heights [21], [22], [32], [33]. Here, the systolic point is found as the point on the 

envelope where the slope of the envelope is at its maximum and the diastolic point is where 

the slope of the envelope is at its minimum. As shown in Figure 2.5, these two points can be 

found by taking the derivative of the signal. Since the derivative represents the slope of the 

line tangent to each point on the signal, the point where slope is maximum also correspond to 

the maximum of the derivative signal and the point where slope is minimum also 

corresponds to the minimum of the derivative signal. Overall, the MMSA is arguably the 

second most well-known algorithm, just behind the MAA [4]. 
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Figure 2.5. MMSA implementation. 
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2.6.5 Slope Change Algorithm 

The SCA finds the points on the envelope where the slope changes, or the inflection points. 

Although no published literature regarding this algorithm exists, [34] argues that it is based 

on the physiology of blood pressure. It is hypothesized that the envelope may be split into 4 

distinct regions, based on slope. The location of the intersection of these regions are taken as 

the systolic, MAP and diastolic points. The four regions SI to S4 are: 

• SI: From the beginning of the reading to the systolic point where no blood flow 

passes under the cuff but oscillations are present because the radial artery pulsations 

are transmitted to the proximal side of the cuff. 

• S2: From the systolic point to the MAP where blood flow is no longer occluded and 

starts flowing into the arm. 

• S3: From the MAP point to the diastolic point where blood flow is turbulent and the 

artery under the cuff is free from occlusion. 

• S4: From the diastolic point to the end of the procedure where the radial artery is no 

longer occluded. 

This algorithm differs from the previous slope based algorithm in that it looks for inflection 

points on the envelope, which is when the derivative of the signal is equal to zero, rather than 

the maximum and minimum points. The algorithm is illustrated in Figure 2.6. 

2.7 Determining SBP and DBP Pressure Values 

Actual systolic and diastolic pressure values must be extracted after their corresponding 

points are located on the envelope. This can be performed by mapping the points determined 

to be SBP and DBP on the envelope back to the cuff deflation curve. The cuff deflation 

curve shows the deflating cuff pressure in mmHg. Points on the envelope where the SBP and 

DBP are determined correspond to a certain time stamp. This time stamp is then located on 

the cuff deflation curve, where a pressure value in mmHg can be extracted. 

2.8 Respiration in Blood Pressure 

Algorithms for extracting SBP and DBP from oscillometric measurements form the basis of 

any work on blood pressure. They provide a foundation for which blood pressure can be 
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estimated so that studies in other areas of oscillometry may progress. In these algorithms, 

envelope cleaning algorithms are used to rid the OMW of any unwanted disturbances. 

Although they do a good job at that, there are also some cases where the disturbance 

warrants special attention. This is the reason breathing in blood pressure is studied here. 

Breathing, at various levels has a large influence on SBP and DBP estimation [8], [9]. In 

some cases, breathing can be large enough that estimated SBP and DBP values may not be 

truly representative of the subject's actual blood pressure even after any envelope cleaning 

algorithms. This section will review the known effects of breathing on blood pressure 

estimation and the established work on reducing these effects. It is important to note that the 

current literature primarily uses intra-arterial blood pressure signals to investigate breathing, 

and not oscillometry. 
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2.9 Effects of Respiration 

In 1733, Stephen Hales was the first to discover that respiratory activity modifies heart rate 

and blood pressure oscillations [8]. Since then, a number of works have advanced the study 

of respiration effects in blood pressure signals. It has been discovered that the effects of 

respiration influence blood pressure through amplitude (AM), frequency modulation (FM) 
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and additive effects [58], [59]. Deep, pronounced breathing has been found to cause large 

fluctuations in SBP of up to 15 to 20 mmHg. Breathing at a normal depth can even cause 

SBP fluctuations of up to 3 to 6 mmHg [9]. This fluctuation is quite large and is the 

motivation for why breathing is specifically targeted for suppression. 

AM and additive effects account for the large fluctuations in the amplitude of the signal [60]. 

An explanation of these effects requires an understanding of the physical interaction between 

the lungs and the heart. As respiration occurs, gas is transferred in and out of the lungs, 

flowing from an area of higher pressure to lower pressure [2]. During the inspiration phase, 

the diaphragm and intercostals muscles expand the thoracic cavity, which houses the lungs, 

heart and rib cage. Here, the pressure inside the thoracic cavity, intra-thoracic pressure, 

decreases below the atmospheric pressure which allows air to move into the lungs. During 

the exhalation phase, the opposite behavior occurs, where the muscles relax and a rise in 

intra-thoracic pressure causes air to move out of the lungs. 

Cardiac output is the volume of blood pumped into the arteries from the heart per minute. 

This volume of blood is directly related to blood pressure. Cardiac output is related to blood 

pressure through stroke volume, which is directly related to cardiac output and blood 

pressure. Stroke volume is the total volume of blood pumped out of the heart per heartbeat. 

As cardiac output increases, more blood is pumped out of the heart per minute, resulting in 

an increase in blood pressure. Blood pressure can even be modeled simply as the cardiac 

output multiplied by the resistance to blood flow by the blood vessels [61]. The interaction 

between the cardiac output and intra-thoracic pressure is known to result in the amplitude 

changes in blood pressure. 

During inspiration, cardiac output is known to increase. The thorax expands as intra-thoracic 

pressure reduces, allowing more room for the heart to fill a larger capacity with blood. Thus, 

cardiac output increases, which produces a rise in blood pressure. During exhalation, intra­

thoracic pressure is high and the thorax contracts. As a result, the heart is compressed and the 

capacity of the heart to fill with blood is reduced. Cardiac output is decreased and blood 

pressure is reduced in this stage [61], [62]. This change in cardiac output as a result of 

respiration is known to cause the large fluctuations in blood pressure readings. 



FM is evidenced in the changes in the pulse-to-pulse intervals, or heart rate, of the subject. 

This shortening and lengthening of heart periods with respect to respiration is a phenomenon 

known as RSA [63]. Heart rate and HRV is controlled by the autonomic nervous system 

(ANS). The ANS is a part of the nervous system that acts as an involuntary control system 

for certain functions such as heart rate and blood pressure [64]. Two motor neurons, the 

vagal and sympathetic are primarily dominant in controlling heart rate through innervating 

the cardiac sinoatrial (SA) node of the heart. When active, the vagal motor neuron slows 

down heart rate (increase the period between pulse-to-pulse intervals) and the sympathetic 

vagal motor neuron increases heart rate. The excitation of these two neurons depends on 

respiration phase. 

Increases and decreases in CO2 concentration, with respect to the inspiration and expiration 

phases of respiration, excite and inhibit these two neurons. During inspiration, the vagal 

neuron is inhibited and the sympathetic neuron is excited, leading to a higher heart rate. The 

opposite occurs during expiration where the vagal neuron is excited and the sympathetic 

neuron is inhibited, leading to a lower heart rate. This cyclic behavior is known as RSA and 

produces the frequency modulation effects which are observed in the pulse-to-pulse intervals 

in blood pressure. [64] 

Variations in the amplitude and pulse to pulse intervals of blood pressure seem to be 

influenced by both the depth and frequency of the respiration. These two different 

manifestations of respiration in blood pressure also appear to have a strong relationship with 

each other. An example of their effects can be seen in Figure 2.7. A portion of an 

oscillometric recording is shown here with the pulse peaks identified so that the AM and FM 

effects may be observed. Higher respiration rates resulted in lower fluctuations in both 

effects. It has also been discovered that, with the use of ECG R-R intervals, the amplitude 

changes always precede changes in heart rate. This suggests a tight link in the baroreflex, the 

mechanism which controls the level of blood pressure [63], [64]. 
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Figure 2.7. AM and FM effects of breathing on blood pressure. 

2.10 Blood Pressure Variability 

Blood pressure is known to vary with time and this has been shown to lead to an 

unacceptable level of measurement uncertainty according to SP10 standards [48], [49]. 

Respiration is a known contributor to this variability. This has been previously studied 

through frequency domain spectral investigations of blood pressure and heart rate [6]. From 

this analysis, three specific blood pressure and heart rate rhythmic oscillations have been 

identified. They are classified based on the different frequencies they reside at, very low 

frequency (VLF), low frequency (LF) and high frequency (HF). These three components 

along with their causes and location in the frequency domain are of area of interest to many. 

Due to the tight link between the cardiovasculatory and the respiratory system, one of the 

three spectral components, the HF component, has been identified to be induced by 

respiration [65]. Although the exact ranges differ between studies, their general locations are 

still similar. The respiration caused HF range used here will follow [66]: 0.15 to 0.5 Hz. This 

frequency range also corresponds to the rate of respiration. These limits provide boundaries 

for which the presence of respiration in a signal can be found. Presence of respiration 

spectrally in the variation of blood pressure and heart rate also provide support for the AM 

and FM effects discussed in the previous section. 

2.11 Breathing Signal Extraction 

Before any suppression of breathing can occur, it has to first be detected in the signal. 

Extracting breathing provides an estimate of how much it is interfering with the important, 

information bearing part of the signal. Many algorithms to extract breathing from the intra­

arterial blood pressure signal have been developed that take advantage of its well-known 
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additive, AM and FM effects. The simplest of these algorithms puts the blood pressure 

envelope and pulse-to-pulse intervals into additive, AM and FM estimators to extract the 

respiratory signals [38]. Extraction from the additive estimator involves applying a bandpass 

filter around the breathing frequency to simply obtain the signal. AM estimators use a 

combination the Hilbert transform and filtering to detect the envelope of the signal. 

Detection of an envelope is performed by the Hilbert transform, which is then filtered to 

extract only the breathing component. Finally, the FM estimator from this technique simply 

uses the R-R intervals along with a filter as well. All filters used here are tuned to the 

frequency of breathing [38]. 

Other algorithms for extracting breathing from arterial blood pressure also exist. Amplitude 

demodulation using the Teager energy operator and adaptive eigenvector decomposition has 

also been used. The algorithm cancels out the cardiac component in the intra-arterial blood 

pressure signal to produce an estimate of only the respiratory component [39]. Independent 

component analysis has also been applied to this subject and used to extract the additive 

effect of breathing. All the harmonics of breathing are estimated, which include portions that 

overlap with the spectrum of the cardiac component [67]. One final surveyed algorithm 

estimates breathing by calculating the area under the dicrotic notch of the pulse wave. 

Arterial pulses normally consist of a large peak, followed by a dip, then a brief rise and 

finally a gradual decline until the end of the pulse. The dicrotic notch is the dip in each pulse 

that precedes a small bump after the peak value of the pulse. The peak of the pulse is caused 

by the blood flow from the heart to the arm, whereas the bump that arises after it results from 

the reverse flow of blood from the arm to the heart. Area estimates of the dicrotic notch are 

found to be related to breathing, which gives forth this algorithm for breathing extraction 

[68]. 

Breathing may also be derived from ECG analysis as well [41]. Similar to blood pressure, 

ECG signals also exhibit AM and FM effects due to breathing. These effects have also been 

exploited to provide valid estimates of respiration. Another signal known as the pulse wave 

transit time (PTT) has also been used to derive breathing [69]. PTT can be extracted by 

measuring delay in time for the arterial pulse to travel from the heart to a reference point. In 

this work, this is found as the delay in time between the ECG R-peaks and the pulse peaks of 
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the blood pressure signal. Breathing heavily modulates the PTT which can be used to extract 

another respiration signal [69]. Methods to extract breathing signals from ECG and PTT are 

mentioned because they will be used later in the study to provide reference signals. 

2.12 Adaptive Filtering 

Some current methods to reduce or extract breathing from intra-arterial blood pressure or 

ECG signals employ adaptive filtering. As such, the adaptive filters that will be used are 

reviewed here. Traditionally, suppressing narrowband interference is performed by applying 

a fixed notch filter tuned to the frequency of the interference. The precise location of this 

interference must be known beforehand and is fixed. However, in some situations, the 

frequency of the signal changes with time and its frequency components may be unknown. 

Adaptive filters can be used in this situation to overcome these problems. These filters differ 

from regular frequency domain filtering techniques in that the transfer function self-adjusts 

according to an optimization algorithm. Thus, they can be used to overcome the difficulties 

that traditional filters have with these problems [70]. 

Optimization is based on the well-known least mean squares (LMS) algorithm. This is a 

linear adaptive filtering algorithm that forms a feedback loop consisting of two basic 

processes, a filtering process and an adaptive process. Filtering involves computing the 

output of a transversal filter and then comparing this output with a desired response to 

estimate an error. Coefficients are updated through an iterative process that progresses 

sample by sample. Updates of the coefficients proceed to minimize the square of the 

estimated error. This error should ideally reduce as each sample is inputted until the 

coefficients converge to a point where error cannot be reduced any further by the algorithm. 

At this point, the filter coefficients should be stable and remain at approximately these values 

for the duration of processing of the remaining samples. Adaptation here is also based on a 

step-size parameter, which acts as a scaling factor. This controls the amount of adjustment 

after each coefficient update. A step-size that is too small can result in a slower convergence 

and a step-size that is too large can result in unstable behavior due to adjustments that are too 

large. For optimal convergence, the step-size parameter should be chosen to satisfy 

28 



conditions which relate to the Eigen-structure of the input correlation matrix. Further detail 

of adaptive algorithms may be found in [70]. 

Two adaptive filtering schemes used in this work are the adaptive noise canceller (ANC) and 

adaptive line enhancer (ALE) scheme. Both of these schemes rely on the LMS algorithm for 

convergence and are used for suppressing the effects of breathing from oscillometric 

recordings. Although they are used for the same purpose, two filtering schemes are presented 

because they are applied to two separate situations. 

2.12.1 Adaptive Noise Canceller 

The ANC scheme is based on suppressing a narrowband interference using a reference noise 

signal that must be provided [70]. Two inputs are required in this scheme, a primary input 

and a reference input. The primary input contains the information bearing signal along with 

some narrowband corrupting interference signal. A correlated version of this signal is 

supplied to the reference input of the ANC. The ANC behaves like an adaptive notch filter at 

the angular frequency of the signal provided by the reference. Figure 2.8 shows the block 

diagram of the ANC. 
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Figure 2.8. Scheme for the adaptive noise canceller (ANC) 

The goal of the algorithm is to filter the reference signal in such a way that is becomes an 

accurate estimate of the interfering signal contained in the primary input. Let the primary 

signal be represented by: 

d(n) = s(n) + v(n) (2.5) 

In this equation, s(n) is the information bearing part of the signal and v(n) is the additive 

narrowband interference part of the signal. The reference input provides a signal u(n) that is 

correlated to the interference part of the signal, v(n), but uncorrelated to the information part, 
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s(n). Using the LMS algorithm, the reference input u(n) is adapted to match v(n) as closely as 

possible. An intermediate output, y(n), is taken as the estimate ofv(n) such that: 

y(n) » v(n) (2.6) 

Ideally, then at the summing junction, the output of the system, which is also the error signal, 

should be the input signal with the noise subtracted out: 

s(n) = e(n) 

s(n) = d(n) — y(ri) 
(2 7) 

s(n) = s(n) + v(ri) — y(ri) 

s(n) « s(ri) 

Tap-update equations that govern the operation of the adaptive filter to produce the output, 

y(n), are as follows: 

M - l 

y(n) = 2^ w£-u(n - 0 
i=o 

(2.8) 
e(n) = d(n) —y(n) 

wt(n + 1) = Wi(n) + [imu(n — i)'e(n) 

Here, Mis the total number of tap weights in the filter and // is the step size parameter. Step 

size can be taken as any value between: 

2 
0 < V- < ] (2.9) 

The value lmax is the largest eigenvalue of the input autocorrelation matrix. The error signal, 

e(n), also serves as the output of this filtering scheme. Filtering is performed by a finite 

impulse response (FIR) type of filter. Tap-update equations proceed by minimizing the total 

output power of the system. 

2.12.2 Adaptive Line Enhancer 

In the case where no reference signal is available, the ALE scheme is used [71]. This filter is 

capable of detecting and filtering a narrowband spectral peak in broadband noise, without 

requiring a secondary input. The block diagram of the ALE is shown in Figure 2.9. 
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Figure 2.9. Scheme for the adaptive line enhancer (ALE) 

In this scheme, the input is split in two signals, where one goes through a delay of one 

sample. This filter exploits the coherent nature of the signal to separate the narrowband and 

broadband components. By delaying the input signal by one sample, the broadband noise 

components will have a weaker correlation than the strongly correlated narrowband 

component. The adaptive filter then forms a transfer function equivalent to the correlated, 

narrowband component. A one sample delay is used here, but the delay can be chosen as any 

value. Adaptation proceeds by forming a transfer function equivalent to a sharp narrowband 

filter centered at the frequency of the detected narrowband component. Weights of the filter 

are adjusted such that the narrowband component in the input signal is cancelled out at the 

summing junction. Again, here the input signal may be represented as in (2.4). At the output 

of the adaptive filter, y(n) is adjusted such that: 

y(n) « v(n) (2.io) 

Then at the summing junction: 

s(n) = d(n) - y(n) 

s(n) = s(n) + v(n) - y{n) (2.i i) 

s(n) « s(ri) 

Tap-updates for this adaptive filter operate by minimizing the mean square error of the 

output power. Minimizing the output power depends on the transfer function of the system. 

A second order notch IIR filter is used in this scheme: 

W(z) 
H(z) = 

W(a-z) (2.12) 

Here, W = fwi, W2) is the weight vector which may be written as: 

W(z) = 1 — w±'z 1 — w2'z , - 1 (2.13) 
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W{z) = 1 — CC'W-L'Z
 1 — a'w2'z

 x 

The parameter a is the debiasing parameter, which represents the magnitude of the pole. In 

order for proper operation of the filter, this value should be as close to 1 as possible, without 

actually reaching it. Zeros in the filter are located on the unit circle, with a magnitude of 1. 

Roots of the transfer function correspond to the angular frequency of the notch filter. For 

every specified a, there exists a vector JFthat minimizes the output power. Adaption of 

coefficients to reach this minimum is performed by the stochastic Gauss-Newton method 

[68]. The tap-update equations are given by: 

W(n) = W(n - 1) + K(n)- s(n) 

P(n- l ) - i | / (n) 
K(n) = 

P(t) 

A ( t ) + i | i T ( t ) - P ( t - l N i ( t ) 

P ( t _ D _ p ( t " i)^(t)^T(t)-P(t - 1) 
A(t) + v|/T(t)-P(t-l)-A(t) 

e(t)= V A ( t - l ) + ( l - A 0 ) 

A(t) 
(2.14) 

The variable y/(t) represents the gradient, which is taken as the output of the ALE scheme, 

s(n). Matrix P may be initialized as the identity matrix and Xo is set to 0.95. The variable X is 

equivalent to a forgetting factor. 

2.13 Suppression of Breathing Effects 

Current literature supports the usage of the ANC scheme for suppressing the effects of 

breathing in cardiac signals. This has been used for baroreflex sensitivity estimation [40] and 

in impedance cardiography [72]. Impedance cardiography is a method to detect the 

properties of blood flow in the thorax. Breathing affects this signal in a similar way that it 

affects blood pressure as well. The LMS based ANC scheme reduces the interference that 

breathing causes so that, for example, proper stroke volume can be calculated. The scheme 

used here does not require any control of the subject's breathing, but does require a breathing 

signal for the second input of the ANC. Breathing is obtained from a sensor that detects 

airflow at the nostrils but because there is a delay between the breathing detected here and at 

the thorax, a manual delay must be introduced. A sample rate of 500 Hz was used in this 
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analysis. The filter was designed with a tap length of 200 and a manual delay of 70 samples. 

Stabilization was reached in approximately 500 samples, with a step size of 0.0044 chosen. 

Baroreflex sensitivity estimates the response in the heart rate caused by changing blood 

pressure. In this application, systograms and tachograms are used to estimate this value, but 

are corrupted with breathing as well [40]. Systograms are derived from the arterial blood 

pressure signal by detecting the maximum value of blood pressure between R-peaks of the 

ECG. ECG is used to provide R-R intervals that comprise the tachogram. Breathing is 

measured by a temperature sensor (thermistor) placed near the nostrils and used as the 

reference for the ANC. Adaptive schemes for both systograms and tachograms were 

developed with the same characteristics and respiration was removed only under controlled 

breathing. All filtering is performed at a sampling rate of 200 Hz. The order of the filter was 

chosen to be 30, but the order within a range of 10-40 was acceptable, and a forgetting factor 

of 0.1 umax was used. As a result of the adaptive filtering, it was found that the distorting 

effects of breathing on baroreflex sensitivity was reduced, enabling a more accurate 

estimation. 

The ANC scheme is quite versatile; it may be used for extracting breathing signals as well 

reducing its effects [39], [67]. Operation of all these filters is also based on the assumption 

that breathing is a narrowband signal [40], or else the adaptive schemes will fail. Adaptive 

filtering schemes based on the above methods for oscillometric recordings are developed in 

this thesis and will be presented in Chapter 4. Suppression of breathing effects relies on the 

existing methods for reducing breathing effects as well bring forth some new techniques. No 

existing techniques for the suppression of breathing in oscillometric recordings have been 

found. 

Suppression of FM breathing effects on the pulse-to-pulse intervals of the OMW will also be 

investigated. This will be performed using the same adaptive filtering techniques. It is well 

known that FM effects exist, which means that breathing modulates the pulse-to-pulse 

intervals of the OMW, resulting in changes to the heart rate [64]. How these effects may 

influence blood pressure estimation though is unknown and never been studied before. FM 
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effects, however, are expected to play a role in the estimation of HRV. HRV is a known 

marker of the health of a subject and are also influenced by respiration. Estimation of HRV 

with these effects suppressed will be attempted as well. 

2.14 RSA Estimation 

Typically, estimation of RSA is carried out during controlled breathing. However, for a 

number of practical applications, controlled breathing conditions cannot be achieved. In this 

case, the best way to compare RSA between patients is to normalize RSA amplitude. The 

same physiological mechanisms are responsible for the RSA and the variance in the R-R 

intervals or HRV. There are a number of specific parameters included in the description of 

HRV but HF components of HRV and RSA amplitude are most correlated. 

Estimation of RSA may be performed by calculating the longest R-R interval during 

expiration and subtracting from it the shortest R-R interval during inspiration [73]. This is a 

useful quantity because studies have shown that RSA has strong correlation with chronic 

diseases like obesity, diabetes and hypertension, among other things [15]. Characterization of 

RSA is affected by respiration patterns. In order to compare RSA among subjects, it should 

be normalized so these effects are accounted for. Normalization is performed to account for 

the physiological differences between different individuals. RSA is known to depend on the 

variance in R-R intervals, or HRV, [74] and the power of the HF component of R-R intervals 

[75]. As such, the ECG or arterial blood pressure signal, along with respiration, is usually 

used for normalization to account for these differing factors between different subjects. 

Afterwards, the normalized RSA can be used as a physiological indicator of the state of a 

subject's state of health. Usually, this normalization is performed with the power spectra of 

R-R intervals [75]. 

RSA is measured with the use of a respiration signal and ECG or arterial blood pressure 

signal present. It has not been investigated using an oscillometric blood pressure recording 

before. Now that detection and extraction of respiration through oscillometry is studied, 

implementing RSA estimation is attempted. 
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2.15 Measurement Terminology 

Current work in blood pressure estimation is performed by researchers from several research 

fields including engineering, medicine and physiology. The work in this thesis provides an 

engineering approach. In order to avoid confusion regarding terminology, we define next 

some commonly used measurement terms [76]. 

Signal: A time-varying or spatial-varying information bearing quantity. It may be 

represented as a physical quantity or digitally as well. 

Measurement: Process of estimating some physical information or magnitude of a subject, 

such as length, relative to a unit of measurement. 

Sampling: Conversion of a continuous signal into a discrete signal, a set of finite values at a 

point in time or space. 

Recording: Process of capturing physical information to a format stored digitally. A physical 

quantity blood pressure may be measured by invasive means and this measurement can be 

sampled to produce a recording of the signal stored in a computer. 

Waveform: Graphical representation of a varying quantity over time. 

Reading: The indication of a graduated instrument. Nurses who use the auscultatory method 

produce blood pressure readings by noting the level of mercury on a sphygmomanometer. 

Estimate: A calculated approximation of the value of a physical quantity. 

Calculation: Process of transforming one or more inputs into one or more results by 

mathematical means. 

Accuracy: The degree of closeness of a measurement or estimate is to its true value. 

Error: The difference between a computed estimate or measured value and its true value. 

Pulse: The arterial palpation of a heartbeat. 

Processed Signal: A signal obtained from one or more signals which have been processed by 

some mathematical algorithm. 

Filtered Signal: A signal obtained from another signal which has been processed by a filter. 

Filter: Process that removes some unwanted features or components from the input. 

2.16 Estimation Tools 
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The work done in this thesis spans a variety of sub-topics in oscillometric blood pressure and 

requires the evaluation of different sub-algorithms. Although the end goal is to improve 

blood pressure estimation, there are many sub-algorithms where the estimates of SBP and 

DBP are unavailable. Evaluation of these sub-algorithms requires an understanding of 

different estimation tools to properly interpret the results. These tools will be defined in this 

section. 

For algorithms used in the estimation of blood pressure, mean absolute error (MAE) and 

standard deviation (STD) are used. MAE is calculated by taking the mean of the absolute 

error. STD is calculated as the square root of the variance of the error. Error is determined by 

finding the difference between estimated blood pressure and reference blood pressure 

readings and is shown in units of mmHg. The reference blood pressure is usually taken as a 

nurse auscultatory reading or by a reading by a trusted device. Error is a vector with a 

number of values, determined by the number of subjects in the data set. MAE and STD are 

used over other conventional metrics (such as mean square error) because they are the more 

common tools for evaluation of performance of blood pressure algorithms [9], [16], [21], 

[27]. 

In order to verify the methods used to extract a breathing signal from blood pressure, several 

statistical tools are also used. Correlation coefficient compares one signal to another and 

examines how similar they are to one another. This quantity measures the strength of linear 

dependence between two signals. The closer it is to 1, the more similar the two signals are. 

Signal-plus-noise-to-noise ratio (SNNR) is used to measure how much a signal has been 

corrupted by noise. This quantity is calculated by finding the ratio of power of the signal 

with the corrupting noise to the power of the noise alone. This is a useful tool to evaluate the 

degree of influence breathing may have on blood pressure estimation. 

Fluctuation in blood pressure estimates is also important to evaluate, especially in the case of 

breathing. It is defined as the amount of variation or change in blood pressure. Fluctuation 

has been previously estimated using frequency analysis tools [65], [66], but due to the short 

length of OMW recordings, these techniques will not be applied here. The short length and 
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non-stationary nature of the OMW make locating the breathing component difficult using 

conventional frequency analysis tools. Instead, fluctuation will be estimated by a method 

similar to the one in [9], which was applied to arterial blood pressure. Here, fluctuation is 

calculated by finding the difference between highest estimated blood pressure value and 

lowest estimated blood pressure value over a fixed period of time over multiple oscillometric 

recordings. To evaluate fluctuation over a group of subjects, the fluctuation is first calculated 

individually for each subject, and then the mean is taken for the group. 

Statistical t-tests are also used to assess whether the means of two groups are statistically 

different from each other. This analysis is appropriate for comparing the means of two 

groups. Because the t-test is able the judge the mean of two groups relative to their 

distribution as well, this provides a useful tool to assess whether improvement in any of the 

abovementioned metrics is evident. For example, we may observe that after some processing, 

an estimate is lower in error than before the processing was applied. In order to ensure that 

these results are indeed statistically significant, a t-test is able to statistically show that the 

two sets of results are indeed different from each other there is indeed improvement. Paired 

t-tests will be used in the breathing suppression part to confirm whether there is a statistically 

significant difference between SNNR values before and after suppression. 

37 



Chapter 3 - Oscillometric SBP and DBP Estimation 

3.1 Oscillometric Algorithm Implementation 

Algorithms for SBP and DBP estimation from oscillometric measurements were 

implemented and assessed in a procedure shown in Figure 3.1. The algorithms here were 

implemented on a data set of subjects provided by Biosign Technologies Inc. All algorithms 

for the five step blood pressure estimation algorithm discussed in Section 2.1 were tested on 

this data set except for two envelope cleaning algorithms: fuzzy logic and the method of 

identifying and replacing corrupted pulses. These two methods both rely on a rule based 

approach to detect corrupt pulses. All other algorithms described in Section 2.1 are 

implemented step by step and compared. In order to properly assess these algorithms, 

performance metrics are defined in each stage. These metrics are shown in Figure 3.1 as well 

and will be discussed in detail later. All algorithms here were developed using Math Works 

MATLAB®. 

Oscillometric Recording Performance Metrics 

Extract OMW 

I 
Define OPI 

Envelope Smoothing 

I 
SBPDBP Algorithms 

Peak Detection 

r MAP Error 

T 
SBP.DBP Error 

SBP/DBP Estimation 

Figure 3.1. Assessment of oscillometric algorithms. 

3.2 Data Acquisition 

A data set of oscillometric measurements were provided by Biosign Technologies Inc for this 

study. These oscillometric measurements were recorded using a digital blood pressure 

monitor (UFIT® TEN-10) from Biosign Technologies Inc. This is a wrist worn device that 

plugs into a personal computer through USB interface and samples at a rate of 100 Hz. After 
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the recording, the deflating cuff pressure CP and the discrete derivative of the pulse pressure 

PP are acquired on the personal computer. Through processing the CP and PP signal, the 

OMW and deflation curve may be computed. 

This data set consists of multiple oscillometric measurements recorded from 85 subjects. Each 

of the 85 subjects underwent the recording procedure outlined in Figure 3.2. This procedure is 

designed according to SP10 standard, which is established to provide safe practices for 

automated sphygmomanometer performance evaluation [50]. This procedure consists of an 

oscillometric blood pressure recording, followed by readings of SBP and DBP by two trained 

nurse after a one minute pause. This is then followed by another one minute pause. The 

procedure is repeated again four more times to produce a total of five recording trials with ten 

reference blood pressure readings from two trained nurses. In this procedure, the subject is sat 

comfortably and upright in a chair where the UFIT device is strapped to the left wrist of the 

subject, which is raised to heart level. Another cuff is placed on the upper left arm also at 

heart level. Oscillometric measurements are recorded by the UFIT, while nurse readings are 

performed by auscultation using the cuff on the left upper arm. This procedure is repeated for 

all subjects, except for one who only underwent four recording trials instead of five, 

producing a total of 484 measurements. Each subject's age and gender are also recorded, 

along with their first name for identification purposes. Although the subjects are assumed to 

be healthy, many waveforms returned appeared to contain unknown disturbances or possible 

artifacts. Blood pressure estimation algorithms are implemented on this dataset and assessed 

using the nurse readings as the reference. 

UFIT Oscillometric 

^ 
Pause 1 Minute /""TN 

* 
Nurse Readings 

4r 
Pause 1 Minute 

Figure 3.2. Flowchart of Biosign recording procedure 
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The two nurse readings are averaged to provide one SBP and one DBP reading for the 

reference. The data set provided contains relatively stable nurse readings, in that the 

maximum difference between the two nurses is no more than 2 mmHg. This again satisfies 

SP10 standard, which requires the mean difference to be no more than 5 mmHg [50]. In this 

case, averaging is an appropriate method to provide a single reference point that will be used 

to evaluate the performance of algorithms. Ages of the subject in this data set range from 12 

to 80 years old. The distribution of the ages is shown in the histogram in Figure 3.3. Of these 

85 subjects, 37 were female and 48 were male. Nurse readings of SBP ranged from 78 to 147 

mmHg and DBP ranged from 42 to 99 mmHg across all subjects. 

Histogram of Age Distribution in Biosign Data Set 
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Age (years) 

Figure 3.3. Distribution of ages in Biosign data set. 

3.3 UFIT Signals 

From each oscillometric recording, the UFIT produces a PP and CP signal instead of a 

deflation curve. This is the reason why the deflation curve and OMW must be reconstructed 

first from the PP and CP signals. The CP signal is the pressure signal in the cuff after passing 

through a low pass filter and the PP curve is the amplified discrete derivative of the pressure 

signal, which is defined by the following equation, where n is the sample number and 

Def(x) is the deflation curve: 

PP(n) = Def(n) - Def(n - 1) (3.1) 
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In this case, OMW extraction involves reconstructing the curve from the PP and CP signals. 

These two signals are a result of the signal acquisition method that is specific to the UFIT. 

Recovering the deflation curve and OMW will be discussed first. 

3.3.1 Delay 

A typical CP signal provided by Biosign is shown in Figure 3.4 (a) with a zoomed in 

segment shown in Figure 3.4 (b). This plot differs from the deflation curve shown in Figure 

1.3 in that it has been filtered by an analog low pass filter and also digitized. Figure 3.5 

shows a plot of the PP signals. Although these signals come from the same source and have 

the same duration, it was discovered that the CP signal seemed to exhibit a delay in 

comparison to the PP signal. This delay was determined by computing the cross correlation 

of the PP signal with the discrete derivative of the CP signal. 

Since the CP signal is digitized, the signal must be filtered before taking its discrete 

derivative. Passing the signal through a 10th order finite impulse response (FIR) low pass 

filter (LPF) with a cutoff at 10 Hz produced a smooth signal. The discrete derivative of this 

signal is then computed, which now has a similar shape to the PP signal. The two are then 

compared by cross correlation. 

(a) CP Signal 
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Figure 3.4. (a) Plot of the CP signal returned by the UFIT. (b) Zoomed in segment of the CP signal from 
the plot (a). 
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Figure 3.5. Plot of the PP curve returned by the UFIT. 

Cross correlation was computed for all subjects and the maximum was never found to be at 

zero, indicating that a shift between the two signals was always present. The two signals are 

most similar when the signals are shifted, but the value of this shift differed among 

recordings. As a result, a part of this algorithm uses cross correlation to measure the delay 

and correspondingly trim the beginning of the CP signal to compensate for the delay. 

3.3.2 PP Signal Amplification and Addition 

The PP signal was also modified by multiplication and addition during its acquisition both by 

some unknown values. This leads to difficulties in recovering the original signal. By 

multiplying the discrete derivative of a signal with some gain, the signal recovered by 

integration will have the same shape as the original, but a larger magnitude. This effect will 

not affect the actual estimation of blood pressure because the algorithms rely on relative 

values of the amplitudes. However, adding some constant to the signal, or shifting the 

discrete derivative, will bias the slope information and change the shape of the signal when 

recovering it by integration. These effects may be observed in Figure 3.5, where it is seen 

that the entire signal is positive meaning the original signal should have an entirely upward 

trend, which is contradictory to what is expected. Deflation curves are decreasing curves, 
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with a downward trend, meaning that the derivative should contain some negative values as 

well. 

In order to account for these effects, the CP signal is used to help provide a reference. A 

recursive process is implemented for the procedure of retrieving the deflation curve, as 

shown in the block diagram in Figure 3.6. First, the PP signal is subtracted by an initial guess 

of the additive constant, x, and then integrated by taking the cumulative sum and initializing 

the integration at 0. The initial guess of x must be chosen such that integration produces a 

signal with a negative trend. Second, this signal is put through a LPF with a cut-off 

frequency of 5 Hz so that the signal can be compared with the CP signal. Third, the 

integrated signal is scaled such that the start and end points lie within between the start and 

end points of the CP signal. The integrated signal should be decreasing, but unless the initial 

value x is chosen correctly, it may decrease at a faster or slower rate than the CP curve. 

Fourth, the new scaled signal and the CP signals are both fitted with a fourth order 

polynomial function and compared. If the initial estimate, x is correct, then the curve fitted to 

the CP signal should be very close to the curve fitted to the signal derived from the PP signal. 

This procedure is performed recursively for a range of values where the additive constant is 

expected to lie within. This range was simply experimentally determined such that any value 

that was outside of this range would produce a curve that either does not have a downward 

trend or has too much of a downward trend. After fitting to a polynomial, the two curves are 

compared by taking the difference and finding the mean square error. The x value in the 

range that produces the minimum mean square error is taken as the additive constant. 

CP 

PP 
Subtract 

x 
LPF Scaling 

4th Order 

Polyfit 

4,h Order 

Polyfit -+ 

Min. 

Mean 

Squares 

Figure 3.6. Block diagram of procedure to find the additive constant 
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3.4 OMW Extraction 

Once the delay and amplification constants are determined, the deflation curve may be 

reconstructed by taking the integral of the PP signal. The delay is adjusted by trimming the 

CP signal and the additive constant is compensated for by shifting the PP curve. Integration 

is performed by calculating the cumulative sum of the PP signal, initialized with some 

starting value. The drawback of this method is that if there is error present in the starting 

value, then this error will accumulate throughout the integration. An accurate initialization of 

the integral is required so that the error does not grow with the summation. This initial value 

can be found from the CP signal. In order to reduce error as the integration carries through, 

the integration is re-initialized at different points. That is, instead of using just one initial 

value at the beginning, the integration is re-initialized at a few points. Initialization points are 

found by passing the CP signal through an FIR LPF with a cutoff at 0.3 Hz. The location 

where the CP signal intersects with the filtered signal is taken as the initialization points. 

When the LPF of the CP signal intersects the CP signal, these points are most likely to be 

points on the CP curve that are also on the original cuff deflation curve. 

After initialization points are found, the cumulative sum of the PP signal is computed to 

recover the deflation curve. Due to the amplification effects, the deflation curve produced 

from the PP and CP signals will lead to extracted OMW signals with arbitrary amplitude. 

Once the deflation curve is recovered by integration, OMW extraction is then performed by 

the methods explained in Chapter 2, section 2.3. Both methods, filtering and detrending are 

performed and shown in Figure 3.7. Filtering is performed by a band pass filter with cutoff 

0.1 Hz to 20 Hz. Since the PP signal produced by the UFIT to extract the OMW already 

passed through a LPF, a high pass filter was also found to be sufficient. The OMW extracted 

by this method is shown in Figure 3.7 (a). Detrending was performed by locating the pulses 

on the deflation curve using the zero crossing method. Because the deflation curve is a 

decreasing curve and has no flat, horizontal baseline, it was first flattened by a high pass 

filter so that peaks could be found. Correspondingly, the troughs were found as the minimum 

value in between each two peaks. After the minimum points were found, they are located on 

the deflation curve and connected by a piecewise linear function to produce a baseline. This 
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baseline is used in detrending to produce an OMW. Figure 3.7 (b) shows the OMW extracted 

by this method. 
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Figure 3.7. (a) OMW extracted using a BPF (b) OMW extracted by detrending. 

The deflation curve consists of the pressure pulsations produced by the artery superimposed 

on the deflation of the cuff wrapped around the subject's arm. For accurate blood pressure 

estimation, the deflation of the cuff must be extracted as well. Here, the line of best fit 

constructed in the detrending method will be taken as the deflation of the cuff. This signal is 

important because it will is used to map systolic and diastolic points determined by 

algorithms applied to the OMW to actual blood pressure estimates. 

3.5 Peak Detection 

Before the remaining processing continues, peak detection algorithms must be settled on. 

Four different methods for peak detection were discussed in chapter 2. These algorithms 

were implemented and evaluated on 30 chosen recordings from the data set whose peaks 

were easy to identify manually. Manual identification of a pulse was performed by 

comparing their well-known characteristics. The shape should follow that reported in [77], 

where each pulse is first caused by a contraction of the left ventricle in the heart. This 

produces a displacement of blood volume, which produces a maximum point at the rounded 
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top of the waveform, as labeled in Figure 3.8 for one pulse. Afterwards, the aortic valve 

closes and the pressure pulse decreases. The dicrotic notch, also labeled in Figure 3.8, 

represents this stage in the cardiac cycle. Following the dicrotic notch, the reflected flow of 

blood from the arm back to the heart is shown in Figure 3.8 by a smaller, secondary peak in 

the waveform. The pressure pulse then continues decreasing until the minimum point in the 

cycle where the pulse repeats itself again for each heartbeat. The timing of these pulses 

should also occur relatively evenly spaced out, with some natural variation in heart rate 

known as HRV. A zoomed in portion of a pulse from the oscillometric method is shown in 

Figure 3.8. In oscillometric waveforms, due to the deflation of the cuff, the peaks of the 

OMW form an envelope which increases to a maximum amplitude (MAP) and then 

decreases. Only pulses which satisfied these criteria totally were chosen to evaluate the peak 

detection algorithms. Sometimes, measurements produce pulses that do not obey to the 

defined characteristics of a normal pulse and are unexpectedly shaped. The cause of these 

pulses is not known and due to the fact that no trained medical observer was present, they 

were not considered when evaluating the peak detection algorithms. 

A subset of 30 chosen signals from the entire 484 data set was used to evaluate performance 

of peak detection algorithms. The OMW for these subjects contained pulses which varied 

individually in height and width. Each pulse still exhibited the same shape as described 

above and could be visually identified. Four existing methods for ECG peak detection, with 

some adjustments to compensate for the shape of oscillometric waveforms, are implemented 

and tested. These four methods, as mentioned from above consist of the Hilbert transforms 

[52], adaptive amplitude thresholds [53], slope thresholds [54], and zero crossings [55]. 

Another important quantity, which is used for finding the line of best fit in detrending, is the 

minimum value, or troughs, of each pulse. After the peak detection algorithms are evaluated 

and one is settled on, troughs are taken simply as the minimum point between each two 

detected peaks. 
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Figure 3.8. Manually identified pulse peaks. 

In the first peak detection algorithm, the Hilbert transform is applied on the derivative 

signal. The derivative signal is recommended for use here [52]. The Hilbert transform is then 

applied to find the peaks, which is then re-located on the original signal. The discrete 

time Hilbert transform u(n) of the signal u(n) can be found by convo luting the input signal by 

-l/(nn). The definition is given in [78] as: 

A f - l 

u(.n)= ^ / ( / c ) - [ l - ( - l ) k - n ] - c o t [ ( / c - n ) - ^ ] {3A) 

k=0 

This is equivalent to introducing a — 90° phase shift and produces the imaginary part of the 

analytic function for which an analytic signal may be constructed: 

z(n) = u(n)+ ju(n) ( 3 2) 

From this, the envelope of u(n) may be obtained by the magnitude of z(n) [52], [78]: 

e(n) = \z(n)\ = yju2(n) + u2(ri) (3.3) 

Adaptive amplitude threshold methods are borrowed from photoplethysmography [53]. This 

algorithm is based on finding a group of points that exceed the amplitude of some threshold 

and then the maximum in this group of points is detected as the peak. Here, the amplitude 

threshold is adaptive. To find the first peak, the threshold is initially set at some value 

multiplied by the maximum point in the signal. This was set to 0.2 times the maximum of the 

signal. After the first peak is detected, the threshold is determined by drawing a line with 

decreasing slope as shown in the zoomed in version of the oscillometric waveform in Figure 

3.9. The threshold line has an adaptive slope, where the slope of each threshold is defined by: 
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Slope (n) = Slope(n — 1) + s, 
(vn_i + STD0MW) 

(3.4) 

. t h . 
Here, Slope(n) is the slope of the n threshold line, sr is the slope change rate (set to 0.6 in 

accordance to [53]), v„_; is the previous peak amplitude STDOMW is the standard deviation of 

the OMW envelope amplitudes and Fs is the sampling rate, 100 Hz. 

Pulses of OMW 

Figure 3.9. Adaptive amplitude thresholds. 

A threshold based method is adopted in the slope based method. Again, the first derivative of 

the recovered OMW signal is taken because it is hypothesized that this signal is less 

susceptible to artifacts [54]. It is also assumed that peaks should occur right after the 

maximum slope and just before the minimum slope of each pulse. Once the first derivative is 

found, a set of rules based on two slope thresholds are applied. These two thresholds are Apos 

and Aneg, the positive slope threshold and the negative slope threshold respectively. When 

three consecutive samples are greater than Apos and then two consecutive samples out of the 

next 10 samples are less than Aneg, the maximum and minimum slopes are found. The peak 

should then be detected on the original signal as the maximum between these two inflection 

points. 

Peaks can also be found by applying the method of zero crossings. Here, the signal is first 

filtered and then upward and downward zero crossings are found. The filter used here differs 

from [55] in that it will be slightly adaptive to the subject. A two-step recursion is performed 

where a third order IIR Butterworth bandpass filter with fixed cutoffs at 0.25 Hz and 2.5 Hz 

is used in the first iteration. The filter is fed both in the forward and reverse directions. This 

centers the signal on zero and eliminates the high and low frequency components of the 

signal. Zero crossings are then detected and the peaks are found as the maximum values in 
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between each upward crossing and downward crossing. The second iteration uses these 

detected peaks to build a bandpass filter which is centered on the frequency of the heart rate 

with cutoffs at twice the standard deviation on each side. That is, the cutoffs are now at 

HR - 2 • STDHR and HR + 2 • STDHR, where HR is heart rate and STDHR is the standard 

deviation of heart rate. The heart rate is taken as the inverse of the mean of the peak intervals 

from the first iteration and the standard deviation is calculated as the standard deviation of 

the peak intervals. Finally, zero crossings are once again found, for which the final peaks are 

detected as the maximum value in between each upward and downward crossing. 

3.6 OPI 

Three definitions of the OPI (baseline-to-peak, peak-to-peak and area) are applied to the 

OMW extracted by filtering, while only two definitions of the OPI (peak-to-peak and area) 

are applied to the OMW extracted by detrending. The OMW extracted by detrending has a 

zero baseline as shown in Figure 3.7 (b). The OPI defined from baseline to peak and from 

peak to peak will produce the same results for the OMW extracted by detrending. Figure 

3.10 shows the three different OPI calculations on a single pulse for an OMW extracted by a 

HPF. 

Simpson's rule was used as the numerical approximation for the definite integral. Area of the 

discrete s igna l /^ is then found by the following calculation: 

fb b-a /a + b\ 

j / ( n ) d n « ___ {f{a) + 4/ ( — J + /(&)] (3.5) 

Here, the area is calculated for each pulse to produce an OPI. The start and end of each pulse 

on the OMW is taken as the troughs. Evaluation of the extraction methods and OPI 

definitions is the goal here. Five signals are available at this point, three defined OPI values 

from the filtered OMW and two defined OPI values from the detrended OMW. 

3.7 Envelope Cleaning 

Once the OPI is identified, an envelope is formed which can soon be used for estimating SBP 

and DBP values. Before this estimation though, envelope cleaning methods are required. 
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This produces a curve that allows for applying algorithms for SBP and DBP estimation. 

Methods for this step include median filtering, moving average filtering and curve fitting. 

These algorithms will be implemented and the resultant envelopes will be assessed 

individually. 

Envelope cleaning methods are necessary so that algorithms that locate SBP and DBP points 

on the envelope may proceed. For example, Figure 3.11 presents the waveform before 

cleaning where the OPI used is the baseline-to-peak on an OMW extracted by filtering. High 

frequency fluctuations are evident on the envelope. These fluctuations have a great effect on 

the algorithms for estimating blood pressure. For instance, when the derivative of the 

envelope is found for the slope based algorithms, the fluctuations between each peak will 

heavily influence SBP and DBP estimation. For the SCA, if the OMW is not smooth, 

inflection points caused by the high frequency fluctuations will be taken as the SBP and DBP 

instead of the inflection points caused by the overall trend of the OMW envelope. Amplitude 

based methods will also be effected. These fluctuations are the reason for the fact that one 

amplitude value may correspond to more than one point on the envelope. Envelope cleaning 

is implemented to reduce in the number of points that one amplitude value may correspond 

to. 

Median filtering is a nonlinear filter which is often applied to image processing because of its 

strong ability to preserve edges and remove impulse noise. In blood pressure, median 

filtering has shown to work well in removing spurious points caused by possible motion 

artifacts [23]. Moving average filters are employed like in [24], [25]. The order of these two 

filters will be the same as in corresponding literature: a 3 point median filter is used as in 

[23] and 9 point moving average filter is used as in [25]. 
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Figure 3.10. OPI extracted by (a) Baseline to peak, (b) Peak to peak, (c) Area 

Curve fitting is the final technique considered to clean the envelope. Fitting is performed by 

constructing either a Gaussian or Cauchy-Lorentzian function that best fits the given data. 

These functions are defined by a set of input parameters, such as mean, variance and 

amplitude. The set of inputs that minimize the sum of squares between the fitted curve and 

the data is known as the least squares best fit. Given a data set Y = [yi, ..., yM] that depends 

onX = [%i, ..., XM], it is desired to replace Y with cleaned data Y = [yi, ..., y^J. The function 

is defined byf(x) such that Y = [yj =f(xj), .... yM =/(XM)], which depends on Nparameters 

f(x; ah .... aN): 
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9i = f{x1;a1,a2,...,aN) 

yM = f\XM; a1( a2,..., aN) 
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Figure 3.11. OMW prior to cleaning. 

It is desired to solve these set of equations to obtain aj, ci2, ... a^i which minimizes the 

difference between Fand Y in terms of the least square error: 

M 

R2 = YPI~^2 
i=l 

M (3.2) 

R2 = 2Jyi-f(xi;a1>a2,...,aN)]'' 
i = i 

To obtain the least square error, the variables a\, ci2, ... a^ can be found by setting the partial 

derivatives to zero and solving: 

8R2 

da-L 

dR2 

= 0 

(3.3) 

da 
= 0 

M 

Existing literature uses symmetric Gaussian and Lorentzian functions to fit the envelope 

[28]-[30]. However, the OMW envelope is not always symmetric so, in this work, 

asymmetric functions are also proposed and implemented. These will account for the obvious 

differences between the systolic and diastolic side of the envelope. Firstly, the Gaussian 
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function will be considered where ju represents the mean, a represents standard deviation and 

A represents amplitude: 

(-(x - \i)2) 
fix) = A-exp j 2 ^ J (3.4) 

This function is symmetric, which may be undesired. An asymmetric version of this function 

can be constructed with different standard deviation and amplitude to the left and right side 

of its mean: 

/(*) = { 

t <-jx - u)2 

2 • ox 
Ax • exp \ —-——— >, x < u 

-(*-_u)2>> (3-5> 

2 • a7 
A2-exp\ n _2 [, x > u 

To the left side of the mean, //, this function has a standard deviation and amplitude, errand 

A]. To the right side of the mean, this function has a standard deviation and amplitude, er2and 

Aj. This gives the function asymmetric properties, as two different distributions are used to 

construct the function. At the point where x = //, the two functions should be equal to each 

other and Aj can be expressed in terms of A2 as: 

' - ( H - H ) 2 ) A (-(u-u)2) 
Ax • exp\— 5—[ = A2 • exp 

2-ar
2 J z '{ 2-ff22 J 

(3.6) 

Ax — A2 

On both sides of the mean, the function exhibits the same distribution as the Gaussian 

function, but with different standard deviation. Amplitudes are also found to be the same. 

Another function, which exhibits properties of an asymmetrical Gaussian function, is also 

implemented which is built by summing two Gaussian functions. This function has been 

implemented for OMW in [29] and is expressed here: 

fix) = A± • exp [ 2 , v j + A2 • exp [ 2 . ^ j (3.7) 

This is simply two Gaussian functions with different mean, standard deviation and amplitude 

summed together. 
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Second, the Lorentzian function is implemented [30]. This function may be represented by 

the following equation where again, A is amplitude, /j is mean and a is standard deviation: 

fM=A'l* + tx-&} O - v02 

Like the Gaussian, this function is also symmetric about its mean. An asymmetric 

representation of this function may be expressed by: 

(3.8) 

/(*) = { 
'M^+oLn)*}' x<^ 

At the point where x = ju, the amplitude Aj can also again be expressed in terms of Af. 

(3.9) 

A± . ^ 2 + ( u - u ) 2 | A2'W + (U-[L)2) <T2
2+(v-i>-y 

A,=A2- (%) 

(3.10) 

This function will exhibit Lorentzian distribution on both sides of the mean, but with 

different standard deviation and amplitude. Also, like the Gaussian implementation, two 

Lorentzian functions can also be summed up. This function has not previously been used for 

curve fitting an OMW, but it combines the idea of using a Lorentzian function presented in 

[30] with the idea of summing up two functions like the one used for Gaussian distributions 

in [29]. Two Lorentzian functions, with different mean, amplitude and standard deviation, 

are summed up as follows: 

m=A> • U'+(»-i»'}+M' U'+(»-i»'} <3-") 

All four of these functions are implemented and evaluated. Minimization to produce the least 

square error is performed in MATLAB by Levenberg-Marquardt optimization. The initial 

parameters used for mean, amplitude and standard deviation are found by applying a LPF to 

the signal to be fitted. Then, the location of the maximum point and its amplitude are found, 

which are taken as the initial guesses for the amplitude and mean. On both sides of the 
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maximum point, the point which corresponds to half the maximum is found and its width is 

taken as the initial standard deviation. These initializations are estimated to try and reduce 

the amount of time needed for the optimization to converge. 

3.8 Algorithms for Blood Pressure Estimation 

After the OPI is cleaned, algorithms for blood pressure estimation may be applied to produce 

an estimate of SBP and DBP. These algorithms are applied as described in Chapter 2. One 

important step not mentioned in any of the literature survey but used in this work is the use 

of interpolation on the envelope. The envelope is derived from each heartbeat, so it can be 

considered as a signal which is sampled at a rate equivalent to the subject's heart rate. 

Typically, heart rate can range between 60 to 120 beats per minute (or 1 Hz to 2 Hz), 

depending on the age of the individual [79]. Also, the heart rate is not always regularly timed 

and actually contains known HRV as well [6]. This poses a problem because if blood 

pressure can only be estimated at the location of these pulses, the period in between the 

maximum of the pulses is lost. 

In the procedure for recording oscillometric blood pressure, a cuff is deflated and the 

pressure pulsations in the artery are recorded. These pulsations are used to determine SBP 

and DBP. However, it is still possible that the pulse which corresponds to SBP or DBP may 

not actually be induced at the right time. For example, consider a typical deflation rate of 2.5 

mmHg per second, which is the mean of typical deflation rates which range between 2-3 

mmHg discussed earlier [56]. At a rate heart rate of 60 beats per minute or 1 beat per second, 

there is an average drop of 2.5 mmHg between each identified pulse. This means that blood 

pressure values can be identified at no closer than 2.5 mmHg apart. Assuming that deflation 

is linear and no HRV is present, then in this example, the timing of the heart beats may result 

in a pulse induced at 121.5 mmHg and another at 118.75 mmHg. However, if the subjects 

true SBP is 120 mmHg for this recording, then algorithm will not detect it because of the 

timing of heart beats and the deflation rate. No pulse was actually induced at this pressure, 

which is why interpolation is used to help overcome a scenario such as this. If the actual non 

linear deflation rate of the cuff and the HRV are considered as well, which both can lengthen 
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the time period between two heart beats, the pressure between two pulses could potentially 

be even larger. Estimation of blood pressure is less accurate when interpolation is not used. 

In order to compensate for this loss in accuracy, interpolation between peaks is performed. 

Since the data points in the envelope have already been fitted to a defined function, 

interpolation can be performed easily to produce a clean curve. The new sampling rate is 

chosen to be 100 Hz, the same sampling frequency of the original data. As a result, the 

envelope is interpolated such that a fixed difference of 0.1 seconds exists between each 

timestamp. Interpolation is important so that SBP and DBP may now be found at points in 

between detected the peaks. Algorithms are then applied to locate the points on the envelope 

which correspond to SBP and DBP. 

Implementations of the algorithms for blood pressure estimation are illustrated in Figure 2.3 

to Figure 2.6. These figures show both the cleaned envelope and the cuff deflation, which is 

used to find the actual pressure values in mmHg. These four algorithms all operate 

differently and as a result produce different estimates of SBP and DBP. 

For MAA and LAA, the two height based algorithms, systolic and diastolic ratios must be 

defined prior. Some works have defined characteristics ratio which work best for them, but 

here, these ratios will be found by least squares optimization. Suppose the function Si(rs) 

returns the SBP for a given subject, /, with input systolic ratio rs, and the function dj(r,j) does 

the same but returns the DBP with the input diastolic ratio r<t. The value i is subject number, 

which ranges from 1 to 85, and the values rs and rj are ratios, which range from 0 to 100. For 

a given ratio, the least squared error in blood pressure across all subjects may be expressed 

as: 

85 

ErrSBP=Y[SBPi-si(rs)]
2 

l~* (3.12) 

ErrDBP=Yj[DBPi-di(rd)]
2 

i=l 

Here, SBPj and DBPj represent the nurse readings for subject i. It is then desired to find the 

ratios rs and rj which minimize the produced systolic and diastolic error. 



Since the functions s,(rs) and d,(r^ represent the entire blood pressure estimation algorithms, 

they are quite complicated and a mathematical function is difficult to derive. Instead of 

performing the least squares optimization analytically, the ratios which produce the 

minimum least squared error are found by evaluating the error empirically for a predefined 

set of ratios. The errors are found by using the defined systolic and diastolic ratios for all 85 

subjects. Using a set of ratios results in a set of errors which can be taken as points to which 

a polynomial function can be fitted too. Fitting a polynomial allows for the points in between 

to be interpolated and then a minimum value can be estimated. This minimum point then 

corresponds to the minimum least squared error so that the appropriate ratios can be 

determined. Both the MAA and LAA go through this procedure so that systolic and diastolic 

ratios can be determined. 

3.9 SBP and DBP Computation 

The implemented algorithms all locate different points according to how the algorithms 

operate as described in Section 2.6. The time stamps on the envelope that are found to be the 

SBP and DBP points are located are then found on the cuff deflation so that SBP and DBP 

can be estimated. Figure 2.3 to Figure 2.6 show the operation of these algorithms in finding 

SBP and DBP. The deflation curve is also shown in these figures, which illustrates how the 

final SBP and DBP values are obtained. 

3.10 Performance Metrics 

In order to assess algorithm performance, metrics are defined. These are used to evaluate the 

performance of the different peak detection algorithms, OPI definitions, envelope cleaning 

methods and SBP/DBP estimation algorithms. Evaluation of methods for OMW extraction is 

assessed together with the OPI definitions. For peak detection, performance is graded based 

on Type II errors, also known as false negatives. Some subjects were selected whose pulses 

are identified manually. Since no trained observer was present to identify these pulses, only 

obvious pulses were selected. Due to this restriction, evaluation of the robustness of each 

algorithm depended primarily on how the algorithm performed in terms of identifying false 

negatives. False negatives occur when pulses which are manually identified are not identified 

by the algorithm. Since manual peak detection identifies only the obvious pulses, then the 
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peak detection algorithm should always be able to identify these peaks as well. Peaks that are 

not obvious and difficult to identify as fitting the model of a typical blood pressure pulse are 

not considered. If false peaks are detected however, their effects will be compensated for 

when envelope cleaning algorithms are employed. 

Evaluation of the OPI definitions, envelope cleaning methods and SBP/DBP estimation 

algorithms rely on comparison with reference blood pressure readings. MAP will first be 

used to assess the OPI and envelope cleaning algorithms. At this point, estimated SBP and 

DBP values are not available, so MAP is used because it can be easily estimated and 

compared to a reference reading. Estimation of MAP from the OMW is found as the cuff 

pressure which makes the amplitude of the envelope maximum. Reference MAP readings 

can be computed by using equation (2.4) where SBP and DBP are the nurse measurements. 

To assess performance, MAE and STD are used to compare the differences between the 

estimated and reference MAP values in units of mmHg. Algorithms to locate SBP and DBP 

points on the envelope are evaluated by comparing the estimated blood pressure to the nurse 

readings. This is the final step of the algorithm shown in Figure 1.1, where the outputs are 

estimated blood pressure values. Again, the MAE and STD are used as metrics to compare 

the estimated values obtained by the algorithms with the reference values obtained by the 

two nurses. 
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Chapter 4 - Results for Oscillometric Algorithms 

Using the data set of 85 subjects provided by Biosign, the algorithms for oscillometric blood 

pressure estimation described in Chapter 3 are implemented and results are assessed. 

4.1 Peak Detection 

Algorithms that are used for peak detection are tested with 30 selected subjects whose OMW 

appeared to be composed of differently sized pulses. The OMW of these subjects were 

extracted and then peaks were manually identified. Peak detection algorithms were evaluated 

using these peaks. From these 30 subjects, a total of 2032 peaks were identified. Table 4.1 

shows the results of the four peak detection algorithms in identifying these peaks. The 

numbers here represent the percentage of the total number of peaks identified. 

Identified 
Percent of 

peaks detected 

Peak Detection Algorithms 

Hilbert 
Transform 

2032 

100.0% 

Amplitude 
Threshold 

1973 

97.1% 

Slope 
Threshold 

1995 

98.2% 

Zero 
Crossing 

2032 

100.0% 

Table 4.1. Results of the peak detection algorithms. 

From these results, it is clear that the Hilbert transform and zero crossing methods 

outperform the amplitude and slope thresholds methods. Amplitude and slope threshold 

based methods are respectively able to identify 96.6% and 97.7% of peaks. The other two 

methods, however, are able to identify all peaks and thus are more suitable for this 

application. This can be attributed to the fact that the envelope of the OMW is known to start 

at low amplitudes, increase to a maximum point and then decrease back down to low 

amplitudes again. This behavior is very different than that of ECG and arterial blood pressure 

signals. ECG and arterial pressure signal amplitudes may vary over time, which is what the 

thresholds established in these algorithms attempt to compensate. Amplitudes of an OMW 

envelope vary over time as well, but the envelope itself also exhibits a trend where it 

increases to a maximum point and then decreases back down. This envelope is unique to the 

OMW and results in the much larger amplitude swings than in ECG and arterial blood 

pressure. Threshold based algorithms that were created for ECG and arterial signals may 

have a difficult time adjusting to the OMW envelope. An initial threshold must also first be 
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set and this threshold must adapt to the shape of the envelope and take into account the 

variations in the OMW. This complicates matters when compared to the ECG or arterial 

blood pressure signal. 

Zero crossing methods and Hilbert transforms are more robust, in that different OMW 

amplitudes do not affect their performance. Between these two, the zero crossing method 

was settled on for the remainder of the analysis. This is because performing Hilbert 

transforms on the derivative signal, then relocating the peaks on the original signal is a more 

computationally intensive process than the zero crossing method, which consists of filtering 

and finding zeros. Zero crossings are preferred because they also provide an estimate of heart 

rate when tuning the frequency of the band pass filter, which is used for other parts of the 

study. 

4.2 OMW Extraction & Oscillometric Pulse Index 

Extraction of the OMW by filtering and detrending, along with the three definitions of OPI 

are assessed. As mentioned in Section 3.9, the MAP is used to for assessment by comparing 

the estimated MAP from the algorithms to the MAP derived from the nurse reference 

readings. Three definitions of OPI are considered for the OMW extracted by filtering, 

whereas two definitions of OPI are considered for the OMW extracted by detrending because 

the peak to baseline and peak to peak OPI yield the same results. MAE and STD between the 

estimated MAP by these methods and the calculated MAP using equation (2.4) are shown in 

Table 4.2. 

OMW Extraction Method: 
OPI Defined: 
MAE (mmHq) 
STD (mmHg) 

P2B 
16.70 
11.56 

Filtering 
P2P 
9.70 
12.42 

Area 
7.54 
9.48 

Detrending 
P2B/P2P 

10.03 
12.39 

Area 
7.55 
9.51 

Table 4.2. MAE and STD comparing estimated MAP for different OPI definitions and two OMW 
extraction methods. 

From the results here, the method which produces the smallest MAE and STD is the OPI 

calculated by taking the area under each pulse defined for the OMW extracted by filtering, 

although the area calculated OPI defined for the OMW extracted by detrending follows 

behind it very closely. In both cases, area values defined as the OPI perform the best. This 

can be explained by the fact that area values contain more information. Peak-to-baseline and 
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peak-to-peak methods contain information only about the height of the pulse which is a one 

dimensional quantity. Area values are two dimensional and are influenced by the overall 

shape of the pulse, including its width. On top of that, the peak-to-peak OPI outperforms the 

peak-to-baseline OPI because it considers the entire pulse amplitude, not just the upper 

portion of it. Based on these results, information regarding the width and shape of the pulse 

seem to play an important role in the definition of the OPI. 

Table 4.3 also shows that filtering to extract the OMW is better than detrending to extract the 

OMW however, these differences are very small. This can be attributed to the fact that 

detrending is similar to high pass filtering. Both of these operations remove low frequency 

components of the signal, just by different means. The small differences that are shown in 

the results can be attributed to the band pass filtering operation where high frequency 

components of the signal are filtered out. Detrending does not reduce the spectral component 

at these frequencies. For the remainder of this work, the extracted OMW by filtering is used 

and the OPI chosen is defined by taking the area under each pulse. 

4.3 Envelope Cleaning 

Algorithms that clean the envelope are compared using estimated MAP values as well. First, 

the six different algorithms are evaluated on the area defined OPI value, as shown in Table 

4.3. Errors, along with the original data, are shown in terms of MAE and STD again. The 

methods here are median and moving average (MA) filtering, and curve fitting by summing 

two Lorentzian or two Gaussian functions and curve fitting by defined asymmetrical 

Lorentzian or asymmetrical Gaussian functions. 

MAE (mmHg) 
STD (mmHg) 

Cleaning Algorithm 

Original 

7.54 
9.48 

Median 
Filter 

6.65 
8.67 

MA 
Filter 

6.31 
8.62 

Sum Two 
Lorentz 

5.32 
7.57 

Sum Two 
Gaussian 

5.28 
7.52 

Asymm. 
Lorentz 

6.11 
8.27 

Asymm. 
Gauss 

6.69 
9.03 

Table 4.3. Estimated MAE and STD in comparison to MAP after cleaning. 

From the results, all cleaning algorithms show improvement in MAP estimation when 

compared to the original envelope. Summing two functions and then performing curve fitting 

produced the best results out of all the methods and even better results than the asymmetric 
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functions. This can be attributed to the fact that these functions contain more variables. 

Summing up two functions in equations (3.7) and (3.11) are based on 5 variables: ju, A], A2, 

01 and (72, whereas the asymmetric functions in equations (3.5) and (3.9), are based on 6 

variables: JUJ, JU2, Aj, A2, <TJ and 02. An additional variable in this case gives the function more 

versatility in fitting, while maintaining the desired shape set by the functions. 

One drawback of curve fitting is that they can be biased if the input envelope is noisy or 

contains unwanted outliers. This can be suppressed by median or moving average filters. 

Combining these filters with curve fitting is also investigated to see if better results may be 

produced. Table 4.4 shows the results of curve fitting after the median filter is applied and 

Table 4.5 shows the results of curve fitting after the moving average filter is applied. 

MAE (mmHg) 
STD(mmHg) 

Median Filter 
Sum Lorentz 

5.31 
7.45 

Sum Gaussian 
5.34 
7.58 

Table 4.4. Curve fitting after median filter is applied. 

MAE (mmHg) 
STD (mmHg) 

Moving Average Filter 
Sum Lorentz 

5.21 
7.42 

Sum Gaussian 
5.20 
7.44 

Table 4.5. Curve fitting after the moving average filter is applied. 

Both these filters add a level of noise reduction that improves the estimation of MAP after 

curve fitting. The moving average filter, which is a realization of a low pass filter, provides 

the best results. Differences in fitting the function by Gaussian or Lorentzian are minor. This 

small difference may be attributed to the fact that the two functions are very similar to each 

other in shape [84]. Both are also already accepted methods for fitting the OMW as well. In 

this work, the method used for artifact removal and reduction of interference will consist of a 

two-step procedure, where first the envelope is passed through a moving average filter and 

then fitted by a sum of two Gaussian functions, since this method performs the best overall. 

4.4 Algorithms for Blood Pressure Estimation 

MAA ratios were estimated as 0.55 for systolic and 0.45 for diastolic and LAA ratios were 

estimated as 0.6 for systolic and 0.3 for diastolic. Figure 4.1 shows the curves of the MAE 

(in solid dots) and STD (in open squares) for the error in MAA from (a) SBP estimation and 
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(b) DBP estimation. These ratios are found from a set of 40 randomly selected subjects from 

the 5th trial of Biosign recordings. The ratio which produces the lowest point for the MAE in 

dots is taken as the final characteristic ratio for the algorithms. Figure 4.2 shows the same 

curves for the LAA algorithm. 

After applying all algorithms onto the Biosign data set, the results in terms of MAE and STD 

are shown Table 4.6. This table shows the error for each trial, where error is calculated in 

terms of the nurse SBP and DBP readings. The two height based algorithms seem to perform 

better than the slope based ones, with MAA performing slightly better throughout the five 

trials. This could be the reason why the MAA is the far most popular algorithm used today. 

Of the two slope based algorithms, the MMSA performs the best. Its DBP estimates are 

comparable to the height based ones, but the SBP estimates still lag behind. The SCA, which 

is yet to be published, performs the worst out of all. 

(a) SBP Ratio Determination 

UJ o' ' ' ' ' ' ' ' ' 
20 30 40 50 60 70 80 90 100 

Ratio 
(b) DBP Ratio Determination 

20 30 40 50 60 70 80 90 100 
Ratio 

Figure 4.1. MAA ratio determination for (a) systolic and (b) diastolic. 
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(a) SBP Ratio Determination 

20 30 40 50 60 70 80 90 100 
Ratio 

Figure 4.2. LAA ratio determination for (a) systolic and (b) diastolic. 

MAA 

LAA 

MMSA 

SCA 

SBP 
DBP 
SBP 
DBP 
SBP 
DBP 
SBP 
DBP 

Trial 1 
MAE 

7.94 
7.65 
7.73 
6.78 
9.88 
7.21 

15.67 
7.61 

STD 
7.01 
7.72 
7.29 
5.99 
8.41 
5.76 
9.26 
5.66 

Trial 2 
MAE 

7.07 
7.05 
8.14 
7.98 
9.13 
7.74 

15.40 
7.74 

STD 
6.77 
7.31 

10.77 
8.62 
8.10 

9.677 
8.13 
9.32 

Trial 3 
MAE 

7.11 
6.53 
7.37 
6.70 
9.87 
6.75 

15.88 
6.97 

STD 
5.43 
5.96 
5.79 
4.92 
7.54 
5.50 
8.87 
5.47 

Trial 4 
MAE 
7.94 
7.26 
7.46 
6.71 
9.66 
6.78 

15.55 
7.08 

STD 
6.96 
7.21 
6.51 
5.15 
7.17 
5.53 
8.43 
5.55 

Trial 5 
MAE 
6.40 
6.84 
7.09 
5.96 
9.75 
6.93 

15.88 
7.17 

STD 
6.96 
7.79 
7.86 
5.82 
7.83 
5.56 
8.58 
5.38 

Table 4.6. Estimated MAE and STD in mmHg between estimated SBP and DBP and nurse readings for 
all algorithms over 5 trials. 

Bland-Altman plots are also constructed for the 5 trial of results and shown in Figure 4.3 to 

Figure 4.6. These plots are constructed for each of the four algorithms. SBP and DBP 

estimates from each algorithm are compared with the nurse readings and plotted in the four 

figures. Lines which represent the mean difference between the readings and limits of 

agreement are also shown in each Bland-Altman plot. The limits of agreement are computed 

as the mean difference ± 1.96 the standard deviation. 

It is also worth mentioning that the algorithms may perform differently for each subject. That 

is, someone whose nurse reading may vary with their MAA estimation by over 20 mmHg 
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may still be within 5 mmHg for the MMSA. It is difficult to choose one algorithm over 

another because they rely on two different fundamental approaches. Moreover, choosing one 

algorithm over the other may eliminate important physiological features that might otherwise 

be useful. A potential future work might be to determine which algorithm performs best on 

which subject and why. However, work here is focused on improving the overall accuracy of 

the SBP and DBP estimation for all subjects. Oscillometric algorithms here are used to 

compare SBP and DBP with nurse measurements for each trial. Another way to obtain an 

accurate blood pressure estimate could be to average the pressure of each subject over their 5 

recording trials. Rather than selecting a single value from the 5 trials, taking the average of 

all pressure estimates produces one SBP and DBP estimate that is more representative of the 

subject true blood pressure. 

(a) SBP of Maximum Amplitude Algorithm 
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Figure 4.3. Bland-Altman plot of MAA results for (a) SBP and (b) DBP. 
(a) SBP of Linear Approximation Algorithm (b) DBP of tmear Approximation Algorithm 
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Figure 4.4. Bland-Altman plot for LAA results for (a) SBP and (b) DBP. 
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(a) SBP of MaxMffl Slope Algorithm (b) OBP of Max/Mm Slope Algorithm 
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Figure 4.5. Bland-Altman plot for MMSA results for (a) SBP and (b) DBP. 
(a) SBP of Slope Change Algonthm (b) DBP of Slope Change Algorithm 
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Figure 4.6. Bland-Altman plot for SCA results for (a) SBP and (b) DBP. 

4.5 Algorithms Summary 

For steps 1-3 of the oscillometric algorithm, (extract an OMW, define the OPI and envelope 

cleaning), the numerical results are shown in Table 4.2 to Table 4.5. In order to present a 

concise summary of these results, the tables are reproduced with the results presented 

qualitatively as MODERATE, GOOD or VERY GOOD in Table 4.7 to Table 4.9. Table 4.7 

shows the performance of the different ways to extract an OMW and define the OPI. 

Respectively, the ratings MODERATE, GOOD and VERY GOOD correspond to MAP 

estimation improvement of less than 5 mmHg, between 5 to 7 mmHg and greater than 7 

mmHg with reference to the nurse readings. Table 4.8 and Table 4.9 show the performance 

of envelope cleaning methods. For these results, the ratings MODERATE, GOOD and 



VERY GOOD correspond to MAP estimation improvement of less than 1 mmHg, between 1 

to 2 mmHg and greater than 2 mmHg. These performance ratings are assessed from the same 

results as in Sections 4.2 and 4.3, using the Biosign data set. The algorithms for SBP and 

DBP estimation with results presented in Table 4.6 are not summarized this way because all 

algorithms will be used later on, with the exception of SCA. 

OMW Extraction 
Method: 

OPI Defined 

Performance 

Filtering 

P2B 

MODERATE 

P2P 

GOOD 

Area 

VERY GOOD 

Detrending 

P2B/P2P 

GOOD 

Area 

VERY GOOD 
Table 4.7. Performance of different OPI definitions and two OMW extraction methods 

Cleaning 
Method 

Performance 

Median Filter 

MODERATE 

MA 
Filter 

GOOD 

Sum Two 
Lorentz 

VERY GOOD 

Sum Two 
Gaussian 

VERY 
GOOD 

Asymm. 
Lorentz 

GOOD 

Asymm. 
Gauss 

MODERATE 

Table 4.8. Performance of envelope cleaning methods. 

Cleaning 
Method 

Performance 

Median Filter 
Sum Lorentz 

VERY GOOD 

Sum Gaussian 

VERY GOOD 

Moving Average Filter 
Sum Lorentz 

VERY GOOD 

Sum Gaussian 

VERY GOOD 
Table 4.9. Performance of envelope cleaning methods that combine two methods. 
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Chapter 5 - Suppression of Breathing Effects 

5.1 Breathing in Oscillometry 

One of the largest causes for variation in blood pressure estimation is due to the effects of 

breathing. These effects will be studied and then targeted for suppression. The goal is to 

suppress the influence of these effects on the algorithms such that the estimated SBP and 

DBP are more representative of a subject's actual blood pressure. To do this, breathing must 

first be detected and extracted from a subject's OMW and then its effects will be suppressed. 

The approach is shown in Figure 5.1, along with new performance metrics that will be used. 

Oscillometric Recording 
4 

Breath Detection/Extraction 

" 

Suppression of Breathing 
Effects 

/ Performance Metrics 

Correlation/SNNR 

SBP & DBP Error/Breathing 
Power (dB>/STD 

SBP.OBP Estimation 

Figure 5.1. Detection and extraction of breathing and suppression of its effects. 

Suppression of breathing is performed on the OMW with and without the aid of an ECG 

signal. ECG is used to aid in the development of algorithms because we were able to reply 

on existing work on detecting the breathing signal using the ECG. A scheme which does not 

use ECG and relies only on the blood pressure measurement is also investigated. This 

approach largely reduces costs and complexity because it does not require additional 

hardware. This scheme also has a potential to further enhance capabilities of existing 

oscillometric blood pressure monitors. Breathing suppression algorithms are not intended to 

replace the envelope cleaning method of the oscillometric algorithms, but complement them. 

This thesis discusses a new set-up, which is used to record breathing and ECG signals. Then, 

the methods to detect, extract and suppress the effects of breathing from the OMW are 

discussed. A block diagram of this procedure is shown in Figure 5.2 ECG is used to aid in 

this procedure. From the OMW and ECG, the beat-to-beat intervals, envelopes and PTT are 

extracted. These signals are then put through a band pass filter with passband of 0.15 - 0.5 



Hz. In order to verify these signals are induced by breathing, a device which records a 

subject's breathing signal is used. If breathing is detected, five breathing signals are 

extracted. The reason for extracting five signals is to perform research on the quality of 

extracted breathing signals using these methods. In the case where ECG signal is not present, 

the method is still applied to the OMW and produces two breathing signals. 

OMW 

1 

Envelope 

1 

ECG 

W " 1 
P-P Intervals 

i 

PTT Envelope 

. 4 ,. H r-
Band Pass Filter (0.15 - 0.5 Hz) 

IT U T If 1f 

Rule Based Verification 

J ir • T i ' 

5 Breathing Signals 

R-R Intervals 

' 

Figure 5.2. Block diagram showing the breathing detection and extraction procedure. 

OMW 
1 i ' 

ECG 
i 1̂  1 

Breathing Signal Detection 
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+ 
Breathing Signal Extraction 

i 
Homomorphic Filtering 

I 
ALE 

1 
Suppressed 

Signal 

Homomorphic Filtering 

1 
- 1 

ANC 

i 
Suppressed 

Signal 

Figure 5.3. Block diagram of the filtering procedure. 
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If breathing is detected, filtering to suppress its effects is implemented as shown in the block 

diagram in Figure 5.3. A homomorphic filter is applied first to transform the multiplicative 

noise into additive. In the case where an ECG signal is present, the breathing signal 

extraction occurs before homomorphic filtering. Then, adaptive filtering techniques are 

applied. In the case where the ECG signal is available to use, the ANC scheme is applied. 

This filtering scheme relies on a reference signal, which is provided by the ECG because it 

has been known how to extract breathing effects from the ECG signal. In the case where only 

the OMW is present, the ALE scheme is adopted. This scheme has the distinct advantage that 

it does not require a reference signal like the ANC scheme does. 

It is important to note that the term respiration is used in the literature. However, respiration 

is generally regarded as a chemical process. Instead, in this thesis, the term breathing is used, 

because it relates to the ventilation movement of air in the lungs and diaphragm, which is a 

physical process. Although both chemical and physical processes are responsible for the 

fluctuations in blood pressure, the term breathing will be used because the physical effects 

are better known. Some chemical processes which affect blood pressure are still unclear 

today. 

FM effects of breathing have also been studied. These effects have an influence on the beat-

to-beat intervals of the ECG and OMW. Beat-to-beat intervals are taken as the time period 

between each detected heart beat plotted over time as shown in Figure 5.4. For ECG signals, 

beat-to-beat intervals are more specifically known as the R-R intervals and for the OMW 

signal they are known pulse-to-pulse intervals. Beat-to-beat intervals are known to vary 

naturally over time according to the subject's HRV, but as explained in Section 2.9, 

breathing also has a huge influence on it as well. Breathing results in larger beat-to-beat 

intervals during exhalation and shorter intervals during inhalation. These effects are evident 

in Figure 5.4, where the beat-to-beat intervals can be observed fluctuate over time in what 

appears to be a constant frequency. More details on this procedure will be explained later in 

the procedure. FM effects are used to extract a breathing signal, but to the best of the 

author's knowledge, their influence on blood pressure estimation has not been studied 

before. Methods that will suppress the FM effects will also be discussed. 
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Figure 5.4. Pulse-to-pulse intervals from the OMW. 

5.2 Data Acquisition 

For the work done here, the goal is to identify breathing and suppress their effects in 

oscillometric blood pressure measurements. Waveforms from Biosign data set are used as an 

input to the algorithms. However, this data set contains only oscillometric recordings from 

the UFIT and does not contain ECG recording whereas ECG is also required for this 

analysis. ECG is included for two main reasons. First, established work based on extracting 

breathing signals from ECG signals exists [41]. This provides a solid starting point to 

develop breathing signal extraction algorithms of oscillometric measurements. Second, the 

work in this thesis is part of a research team that is also concurrently working on a 

physiological signal acquisition system that records both ECG and blood pressure [50]. 

Algorithms developed here to extract breathing signals from the ECG can be transferred over 

to this system. 

We performed an experiment in which the OMW is recorded using Biosign's UFIT along 

with ECG and breathing data recorded by another device: BioHarness by Zephyr 

Technology. This is a chest worn device that transmits data wirelessly to a PC. Posture, skin 

temperature, respiration and ECG signals are all recorded by the device. Respiration and 

ECG, the two signals that are used here, are reportedly sampled at 18 Hz and 250 Hz, 

respectively. To record ECG, the BioHarness belt has two pieces of conductive fabric sewn 

to the inside. However, when ECG was measured, these contact points were not used. 

Instead, conductive fabric was wrapped around both the wrists of the subject and then 
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connected by alligator clips to the input terminals of the BioHarness. This was done so that 

an artifact could be introduced to synchronize the two devices based on the timing of the 

artifact. Placing the conductive fabric on the wrist was also more convenient for subjects as 

they are not required to take off their shirts, like in typical chest worn ECG devices. Some 

experimentation revealed that the BioHarness did not actually sample ECG signals at the 

reported 250 Hz. By connecting a recently calibrated function generator to the BioHarness, 

the true sampling period of the device could be determined. It was then determined that the 

time stamps in all signals returned by the BioHarness needed to be scaled by a factor of 

1.075. After this scaling, the signal could be processed along with the signals recorded by the 

UFIT. 

Six healthy subjects (3 male, 3 female), volunteered to have their ECG, respiration and 

oscillometric blood pressure all simultaneously recorded with the UFIT and BioHarness. 

This data set, to be known as the respiration data set from here on, is used to validate the 

algorithms for the detection and extraction of breathing signals. The subjects breathed at 

their own natural rate and depth, with no outside control, as ECG, OMW and respiration 

signals were all acquired with the BioHarness belt placed on the chest. 

Another data set was collected by performing another experiment with six healthy subjects (3 

males and 3 females) with simultaneous ECG and oscillometric blood pressure recordings. 

This data was collected under a similar procedure used by Biosign, but with ECG also 

recorded using the BioHarness. The difference between this data set and the previous data to 

validate the breathing algorithms is that breathing was not recorded and the recording 

procedure followed that used by Biosign, as recommended by SP10 protocol. Each subject 

underwent 5 recording trials to produce both an ECG and OMW. In lieu of nurse readings, 

an Omron HEM-790 IT blood pressure monitor was used to provide reference SBP and DBP 

readings. The subject's were asked to sit upright and perform deep breathing at their own 

natural pace. This data set will further be noted as the ANC data set, as it will be used to 

validate the ANC filtering scheme. 
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5.3 Detection and Extraction of Breathing 

As mentioned in Chapter 2, breathing is known to manifest itself in ECG and arterial blood 

pressure signals. In these signals, breathing effects can be seen spectrally in the range of 0.15 

to 0.5 Hz, which corresponds to the range of normal breathing frequency [66]. In these 

signals, respiratory components can be observed by finding the Fourier transform or power 

spectral density of the signal. The duration of these signals is typically a few minutes or 

more. A disadvantage of oscillometric recordings is that it is shorter, typically lasts less than 

a minute and non-stationary. Tools like Fourier transforms and power spectral density are not 

recommended for investigating the existence of breathing in oscillometric recordings. They 

could be used to detect the presence of breathing but due to the signal being non-stationary 

and the poor spectral resolution, it is difficult to accurately determine the location of the 

spectral component. Instead, new methods, based on some existing techniques and some 

known breathing effects, are implemented for detection and extraction. 

When the ECG signal is collected simultaneously along with the oscillometric recording, 

breathing may be extracted from one of the following signals: 

• Beat-to-beat intervals (pulse-to-pulse intervals in the OMW and R-R intervals in the 

ECG) 

• Amplitude envelope of the OMW or ECG 

• Pulse transit time (PTT) 

Each of these signals relies on proper pulse detection in the OMW and R-peak detection in 

the ECG. When only the OMW is available, then breathing can be extracted using the pulse-

to-pulse intervals and envelope of the OMW. If ECG is present, then the R-R intervals and 

amplitude envelope of the ECG may also be used. Having ECG present also allows the PTT 

to be extracted, which provides a fifth breathing signal. These extraction methods are based 

on known effects, but extracting breathing from them has never been performed with the 

OMW. 

5.3.1 Beat-to-Beat Intervals 
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Pulse-to-pulse intervals in the OMW or R-R intervals in the ECG provide two excellent ways 

to extract a breathing signal. Frequency modulation due to breathing imposes oscillatory 

behavior on the beat-to-beat intervals of the heart, measured as either pulse-to-pulse intervals 

in the OMW or R-R intervals in the ECG. During inspiration, beat-to-beat intervals shorten 

and during expiration, they lengthen [44]. These effects have been studied in arterial blood 

pressure signals [38], [63], but never on the OMW. Pulse-to-pulse intervals and R-R 

intervals can be processed to return a breathing signal whose amplitude is measured in units 

of time. 

5.3.2 Amplitude Envelopes 

Envelopes of the OMW and ECG can also be used to extract breathing signals. Amplitude 

envelopes of both the OMW and ECG exhibit oscillatory behavior due to the AM effects of 

breathing [38], [41]. The goal here is to actually reduce these effects in the OMW, but they 

also assist in identifying the problem. Envelopes of both signals may be extracted after peaks 

are detected. For the OMW, peaks detected are also be superimposed on the rising and 

decreasing envelope itself too, so filtering is used to flatten out this signal. Actual 

magnitudes of both the ECG and OMW are unknown, so the breathing signal extracted here 

is of unknown amplitude. 

5.3.3 Pulse Transit Time 

The PTT represents the time delay for the arterial pulse pressure to travel from the heart to a 

measurement point in the body. Often, this location is taken as the finger [65], but here the 

PTT is chosen to be measured at the wrist, which is also the location of where the 

oscillometric reading occurs. When simultaneous ECG and oscillometric recordings are 

available, the PTT is found as the time delay between the ECG R-peaks and the 50% 

amplitude of the pulse peaks of the OMW. Current methods that obtain the PTT do not use 

an OMW. Instead, they rely on the ECG coupled with the arterial blood pressure signal and it 

has been found that breathing heavily modulate the PTT [69]. 

5.4 Breathing Signal Filtering 
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Simply taking the extracted signals from the above mentioned methods does not always 

immediately return a breathing signal. In some cases, the signal extracted from the above 

mentioned methods are clear enough to be breathing but in most other cases, the depth of 

breathing is not sufficient. In order to enhance the fidelity of the extracted breathing signal, 

filtering is required. After confirming the presence of breathing using the respiration data set, 

a third order IIR Butterworth band-pass filter is implemented to extract the breathing signal. 

The filter is fed both in the forward and reverse directions. The passband is chosen as 0.1 to 

0.5 Hz, which is based on the location of the HF spectral component of blood pressure. The 

HF component is a known narrowband part of the envelope and beat-to-beat intervals of the 

ECG and blood pressure signal that is caused by breathing. It is known to lie by itself 

between 0.15 to 0.5 Hz [66]. As a result, the band pass filter used here only allows the 

component caused by breathing to pass through. 

5.5 Validation of Breathing 

Methods to extract the breathing signal need to be verified. The five extracted signals, even 

after filtering, need to be validated to be caused by breathing. Verification is performed using 

ECG, breathing and OMW signals acquired from the six subject respiration data set as 

described in section 5.2. Breathing signals are known to exhibit certain properties or 

characteristics. In order to eliminate the possibility of interpreting other periodic disturbances 

as the breathing signal, a rule-based verification to ensure the extracted signal exhibits these 

properties is adopted. The first step required for this approach is instantaneous frequency 

estimation, which will be used to estimate breathing rate. 

5.5.1 Instantaneous Breathing Frequency Estimation 

Estimation of breathing frequency from the extracted signals helps validate whether a 

breathing signal was successfully extracted. Instantaneous frequency estimation is performed 

by using a known zero-crossing method [80] similar to how it was used for peak detection. 

Zero crossings of the signals extracted in section 5.2 are counted as either an upward or 

downward trend. An upward zero crossing must follow with a downward crossing and a 

downward zero crossing must follow with an upward crossing. Two consecutive upward 

crossings or downward crossings correspond to one full period, or breathe, in the signal. For 
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each period, the instantaneous frequency is estimated by finding the next zero crossing of the 

same direction. Taking the inverse of the period produces the instantaneous frequency. Zero 

crossings are chosen because of the simplicity of the approach and its ability to find the 

instantaneous frequency in a short length oscillometric recording. 

5.5.2 Rule Based Verification 

A rule based verification of the extracted signal is adopted to confirm the presence of 

breathing. These rules are based on properties that breathing signals are known to exhibit. 

Rules are adopted to ensure that the extracted breathing signal adheres to these properties. 

The filtered signals are subjected to the following test. 

Inter-breath interval (IBI), which is the time period between breathes, is first estimated. If the 

signal is breathing induced, the IBI is expected to exhibit consistent periodic behavior. The 

standard deviation of the IBI is expected to be between 0.27-0.76 seconds depending on the 

demographic [81]. To find IBI, the inverse of the instantaneous frequency in the last section 

is computed. As IBI is expected to exhibit a low standard deviation, 0.8 seconds is chosen as 

a threshold to validate the breathing signal. If the standard deviation of the extracted signal 

exhibits a standard deviation greater than 0.8 seconds, the signal is not considered as 

breathing signal. 

If breathing is present, the extracted breathing signals should also have detectable breathing 

within a recognized normal breathing rate of humans. That is, all breathing frequency should 

be within the range of 0.15 to 0.5 Hz [85]. Filtering performed to extract the breathing signal 

should eliminate all other interferences such that, if present and strong enough, all estimated 

instantaneous breathing frequencies are within this range. 

5.5.3 Validation of Breathing Signal 

Breathing signal extraction was confirmed independently on the respiration data set of six 

subjects whose ECG, OMW and breathing signals were all simultaneously acquired. 

Breathing signals were extracted from the ECG and OMW, and then compared to the 

acquired breathing signal from the BioHarness. Comparisons were performed by computing 
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the error between the extracted breathing signals and the signal from the BioHarness. 

Correlation between the two signals and estimated breathing frequencies were also 

compared. Although the BioHarness also returned an estimate of instantaneous frequency, 

zero crossings were used instead so that the comparisons were not affected by computational 

differences. The breathing signal returned by the BioHarness was also filtered by an FIR LPF 

with a cutoff at 1 Hz to remove noise in the signal. 

5.6 Breathing Depth 

To validate our estimation of the depth of breathing, a controlled experiment is performed in 

which a known breathing signal is added to the envelope of the OMW. The breathing signal 

to be added to the envelope is artificial and is taken from a subject who breathed at a 

controlled rate. The goal of this experiment is to estimate a level at which the breathing 

effects are large enough to warrant some suppression. Breathing depth was assessed so that 

the level of breathing that requires suppressing is determined. The depth of breathing is 

found by taking several subjects who have an OMW that is visually inspected to be quite 

clear in the sense that breathing and other sources of artifacts or interference are obviously 

not evident. These subjects were also found to have quite a low error between the estimated 

blood pressure and nurse measurements. 

The artificial breathing signal is first varied for a number of different breathing depths by 

amplifying it. Each breathing signal is then added to the envelope of the OMW in log domain 

to simulate the AM effects of breathing. Multiple realizations of the OMW envelope 

corrupted by breathing at different depths now exist. The level of noise (breathing) to the 

signal (OMW envelope) can then be estimated by the SNNR. SNNR is used, as opposed to 

the signal to noise ratio (SNR), because it is more applicable in later situations where the 

signal power is difficult to estimate without the contaminating noise. Afterwards, each 

envelope is converted back to the time domain where SBP and DBP are estimated. The goal 

of this experiment is to find out what level of SNNR do breathing effects lead to blood 

pressure estimates with an unacceptable amount of error. The unacceptable amount of error 

will be discussed quantitatively in the results. This depth of breathing establishes a threshold 

at which adaptive filtering for the suppression of its effects in the OMW is required. 

77 



Breathing effects are not added to the pulse-to-pulse intervals of the signal, as it will be 

shown later on that these effects are negligible when considering SBP and DBP estimation. 

5.7 Homomorphic Filtering 

Due to the multiplicative nature of breathing, in that its effects are modeled by modulation, 

homomorphic filtering is performed. This transforms the multiplicative operation that 

combines a signal and noise into an additive operation, which is easier to deal with. 

Homomorphic filtering is performed by applying the logarithmic operation [82]. Consider 

the signal d(n) = s(n) -v(n), where s(n) is the useful information bearing part of the signal and 

v(n) is some unwanted multiplicative disturbance. To convert the effects of v(n) to additive, 

the natural logarithm can be taken: 

d'(n) = ln[d(n)] (5-1) 

This signal d(n) can be expressed using s(n) and v(n) such that: 

d'(n) = ln[s(n)-v(n)] 

d'(n) = ln[s(n)] + ln[v(n)] (5.2) 

d'(n) = s'(n) + v'(n) 

Filtering techniques can now be used to remove or suppress the unwanted v '(n) in the signal, 

where Filter{x(n)} is some filtering operation, to recover s '(n) only: 

/ ( n ) = Filter {d'(n)} 

fin) = s'(n) ( 5 3 ) 

Then the useful information bearing part of the signal can be recovered by the inverse 

operation of the natural logarithm, the exponential operation: 

o{n) = exp[/(n)] 

o(n) = exp[s'(n)] (5.4) 

o(n) = s(ri) 

Proper recovery of the signal, s(n), and suppression of v(n), depends on a proper filtering 

operation. Homomorphic filtering allows the use of the ANC and ALE adaptive filtering 

schemes because it transforms multiplicative noise into a more manageable additive noise. 
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5.8 Suppression of Effects by Adaptive Filtering 

Since the algorithm for blood pressure estimation developed here only deal with the envelope 

of the OMW, processing of breathing is performed on the envelope rather than the entire 

waveform. Two adaptive filtering schemes were developed, one for the situation where an 

ECG signal is available and another for when it is not. 

5.8.1 Adaptive Noise Canceller 

In the situation for which the ECG and OMW are both recorded, the ANC scheme is 

adopted. After homomorphic filtering, the multiplicative effects of the filter are converted to 

additive effects, and then the ANC is implemented to suppress the breathing effects. A 

reference breathing signal is required for this scheme. This signal can be taken from one of 

the five mentioned extracted breathing signals in section 5.2. From the scheme shown in 

Figure 2.8, d(n) is the OMW envelope and u(n) is the extracted breathing signal. It is 

important to note that since the primary input to the filter, the OMW envelope, has been 

passed through the homomorphic filter, the reference input to the filter, the extracted 

breathing signal, is also passed through the homomorphic filter. This is required because all 

filtering must be performed in the same domain, which in this case is the log domain. 

The adaptive filter implemented here is based on an FIR filter of length 30. The step size 

parameter is determined by first finding the largest eigenvector of the input autocorrelation 

matrix, which is constructed using all 85 realizations of the OMW envelope obtained from 

the 85 subjects. The results of this analysis gave a step size parameter of 0.04. 

5.8.2 Adaptive Line Enhancer 

For the data set provided by Biosign, where only the OMW is present, the ALE scheme is 

implemented. Homormorphic filtering is still required because the operation of the filter 

assumes that the noise to be suppressed is additive in nature. This filter requires an 

initialization of the coefficients and the debiasing parameter. Initialization of the coefficients 

was set to the estimated average breathing frequency. The debiasing parameter was set to 

0.95. 
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5.9 FM Effects 

Modulation of the heart rate is the result of the FM effects in blood pressure. Pulse locations 

are altered, but it is unknown whether or not blood pressure estimation is affected. The 

adaptive filters mentioned above will be applied to the pulse-to-pulse intervals of the OMW 

as well. Pulse-to-pulse intervals are known to exhibit fluctuations; they are not constant and 

fluctuate with many factors, one of them being breathing. The method outlined in Figure 5.3 

is applied to the pulse-to-pulse intervals instead of the OMW. A new set of pulse-to-pulse 

intervals are produced, which are corrected for the effects of breathing. These should exhibit 

less fluctuation and are used to fix the locations of pulses in the envelope of the OMW. Then, 

the envelope is processed and blood pressure is estimated. 

Suppression of the effects of breathing on the pulse-to-pulse intervals will result in a new 

estimate of HRV as well. Since HRV estimation requires the pulse-to-pulse intervals, it is 

also heavily influenced by breathing. The applied adaptive filters should produce new 

estimates, with breathing effects suppressed. Computation of HRV is performed by the 

simple method of finding the standard deviation between pulse-to-pulse intervals. It is 

expected that the HRV after filtering should be less than before, but also be less influenced 

by the effects of breathing and more representative of the natural fluctuation in the heart. 

5.10 RSA Estimation 

Another marker of a subject's health is RSA. Proper estimation of RSA is dependent on 

proper detection of beat-to-beat intervals and proper breathing signal extraction. RSA is a 

mathematical quantity calculated as the maximum R-R interval during expiration, minus the 

shortest R-R interval during inspiration, thus returning a quantity in milliseconds: 

RSA = Max(RRinspiration) - Min(RRexpiration) ( 5 5 ) 

Traditional devices for RSA monitoring require a respiration signal, so that the inspiration 

and expiration phase is known, along with an ECG or arterial blood pressure signal, to find 

R-R intervals. In this work, the pulse-to-pulse intervals given by the OMW will substitute the 

R-R intervals of the ECG as the algorithms will be implemented on the Biosign data set. 
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Calculation of RSA does depend on valid breathing signal extraction in order to be able to 

detect inspiration and expiration cycles. 

Breathing used here is the one extracted by the pulse-to-pulse intervals of the OMW rather 

than the one extracted by the amplitude of the OMW. This is because the pulse-to-pulse 

intervals of the OMW are not affected by the pre-processing of the PP signal. The unknown 

amplification process during the signal acquisition of the PP signal leads to extracted OMW 

signals with potentially inconsistent amplitudes for each subject. Although a majority of 

these amplification effects were eliminated for OMW extraction, the amount of amplification 

per subject is still different and this causes discrepancies when comparing extracted 

breathing signals. Breathing signals extracted from the amplitude of the OMW cannot be 

compared between subjects because the amplification constant differs. Pulse-to-pulse 

intervals of OMW are extracted in terms of time (milliseconds) and are unaltered between 

subjects. 

Typically, RSA is estimated after ECG and breathing signals are recorded during controlled 

breathing. However, controlled breathing conditions cannot be achieved for the Biosign data 

set used here. In this case, the best way to compare RSA between patients is to normalize 

RSA to account for the physiological differences between different individuals. 

Normalization will follow a similar procedure as to in to [75], where ECG and breathing 

were recorded on subjects without controlled breathing. RSA was normalized by dividing 

with the power of breathing, or HF component, found spectrally. 

5.11 Performance Metrics 

After applying the breathing extraction and suppression algorithms, the final goal is to 

provide improved SBP and DBP estimates. However, before that, the algorithms are 

evaluated by newly defined performance metrics to ensure that breathing is the phenomenon 

that is correctly detected and suppressed. Here, the work done on breathing may be split into 

two types of algorithms: breathing detection and extraction algorithms and breathing 

suppression algorithms. For the breathing suppression algorithms, performance is assessed 

based on SBP and DBP estimates. For the breathing detection and extractions algorithms, 

81 



new metrics are defined because SBP and DBP estimates are not available during this stage 

of processing. 

Breathing detection and extraction algorithms are verified by comparing the extracted signal 

with a reference breathing signal produced by the BioHarness device. As mentioned, the 

respiration data set contains six subjects who breathed at their own natural rate as ECG, 

oscillometric blood pressure and breathing were all recorded. By comparing the five 

extracted breathing signals with the breathing signal recorded from the BioHarness, the 

extracted ones can be verified. Here, the signals are compared by finding the individual 

MAE and STD between the extracted signals and the reference signal. MAE and STD will 

also be calculated using the formulas presented in [86] and reproduced here: 

s N<, 

il«:2>'(*> <"> 
j=i"«k=i 

S NR / W<7 

°2=lll^ll k»)-i5>/,<*)| (5.7) 
q=l H k=l \ H fc=l 

Here, 5* is the number of subjects, and Nq is the number of instantaneous breathing frequency 

and A/? is the difference between estimated instantaneous breathing frequencies of the 

extracted breathing signal and the reference breathing signal. These equations essentially 

calculate the mean error and variance between the instantaneous frequency of the extracted 

breathing signals and the instantaneous frequency of the reference breathing signal. 

Correlation and estimated breathing frequency between the extracted breathing signals and 

the BioHarness will also be shown. 

Breathing suppression algorithms rely on estimating breathing depth of the extracted signals. 

This will be evaluated using SNNR, where breathing is taken as the noise or unwanted 

component of the signal. SNNR is chosen, as opposed to the more popular signal to noise 

ratio (SNR), because it is more suitable for this application. SNR relies on finding the power 

of the information bearing component of the signal, which is unavailable in this case. What is 
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available is the OMW, which is composed of the information bearing part of the signal 

(blood pressure information) and the unwanted breathing component. Because the blood 

pressure information part of the OMW is not 100% known, the SNNR is used and the power 

of the noise is found from the extracted breathing signal. 

Suppression of breathing effects is further evaluated by comparisons to reference SBP and 

DBP readings. Using the algorithms defined in the previous chapter, improvement in the 

SBP and DBP is expected by reduced MAE and STD after breathing effects are dealt with. 

One other performance metric which relies on SBP and DBP values is to estimate the 

fluctuation of a subject over 5 recordings. In blood pressure, breathing is known to cause 

fluctuations, which is estimated by the tools explained in Section 2.16. In this data set, each 

subject has 5 oscillometric measurements, which provide snapshots of a subject's blood 

pressure in time. For subjects whose OMW are detected to be influenced by breathing in all 5 

recording trials, the fluctuations of the SBP and DBP estimates are found. It is expected that 

the fluctuation before filtering should be larger than after. Estimating fluctuations provides a 

metric which will show if the suppression of breathing effects affects estimation of blood 

pressure. 
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Chapter 6 - Results for Suppression of Breathing Effects 

6.1 Breathing Signal Extraction 

Once the procedure for breathing signal extraction is applied, 5 potential breathing signals 

are extracted. Figure 6.1 and Figure 6.2 show an ECG and OMW signal recorded from one 

subject undergoing uncontrolled breathing with pulses identified. It can be seen from these 

figures that the envelopes and beat-to-beat intervals exhibit some type of variability. To 

extract breathing signals, the five signals from Section 5.3 are extracted and this is shown in 

Figure 6.2. In this figure, the OMW amplitude envelope is flattened by a high pass filter 

strictly for illustration purposes. 
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Figure 6.1. Recorded ECG from the BioHarness. 
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Figure 6.2. Recorded OMW extracted from the UFIT. 
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Figure 6.3. Five extracted signals from the ECG and OMW. 

Strictly from observation, the extracted signals in Figure 6.3 do show similar behavior. 

However, these signals are corrupted by some other interferences and it is difficult to truly 

distinguish a discernable breathing pattern. In order to enhance the fidelity of the extracted 

signal, the breathing filter described in Section 5.4 is applied, producing 5 candidate 

breathing signals, shown in Figure 6.4. The breathing signals are then put through the rule 

based verification of Section 5.5 to ensure that the signal is breathing induced. Figure 6.1 to 

Figure 6.4 provide an illustration of the algorithm at different steps for extracting breathing 

from the ECG and OMW signal. Verification of the extracted breathing signals must be 

performed to ensure that the signals are indeed caused by breathing. 

To verify that the five extracted signals after processing are indeed breathing signals, the 

algorithms were confirmed independently on the respiration data set that each have ECG, 

OMW and breathing signals simultaneously acquired. Breathing signals were extracted from 
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the ECG and OMW using the methodology described in Chapter 5 and verified with the 

breathing signal acquired from the BioHamess. BioHamess detects breathing by the physical 

expansion and contraction of the belt. The breathing signal returned by the device is in some 

arbitrary units, but only the shape and breathing frequency are relevant for this verification. 

In order to maintain consistency, the belt was always placed on the subject's chest, right 

above the diaphragm. 
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Figure 6.4. Five extracted breathing signals after filtering. 

Table 6.1 shows the normalized MAE between the extracted breathing signals and the 

reference breathing signal from the BioHamess. Amplitudes of the breathing signals from the 

extracted algorithms and the BioHamess are all scaled before they are compared. To do this 

the local maxima of the extracted breathing signal of, for example Figure 6.4, are found by 

the zero crossing method. Then, the corresponding local minima are also found. Taking the a 

as the mean of the local minima and b as the local maxima, scaling of the signal x(n) is done 

by the following method: 

x(n) — a 
Scaled x(ri) = (6.1) b — a 

As can be seen in Figure 6.4, the extracted breathing signal is sinusoidal in shape due to the 

filtering procedure. 
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Normalized MAE is displayed in the table so that the error may be shown as a percentage. 

Normalized MAE is found by the following formula where x(i) is one of the extracted 

breathing signals, r(i) is the reference signal and n is the number of samples: 

Z?-il*(0- r(i)| 
NMAE = g-.KOI <"> 

From Table 6.1, it can be seen that the errors between the extracted breathing signal and the 

BioHarness are quite low, which supports the use of the breathing signal extraction 

algorithm. 

Subject 

1 
2 

3 
4 

5 
6 

Normalized MAE with BioHarness (Normalized Units) 
OMW P-P 

0.12 
0.09 

0.13 
0.07 

0.09 
0.04 

ECG R-R 
0.07 

0.06 
0.12 

0.09 
0.09 

0.03 

OMW Env 

0.05 
0.14 

0.07 
0.10 

0.12 
0.12 

ECG Env 
0.05 

0.13 
0.07 

0.08 

0.09 
0.11 

PTT 

0.09 
0.04 

0.08 
0.11 

0.12 
0.12 

Table 6.1. Normalized MAE between extracted breathing signal and BioHarness. 

Subject 
1 

2 
3 
4 

5 
6 

Correlations with BioHarness (Coefficient) 
OMW P-P 

0.723 

0.781 

0.692 
0.856 
0.817 

0.911 

ECG R-R 
0.854 

0.873 

0.680 
0.838 

0.812 
0.940 

OMW Env 
0.890 

0.715 
0.853 

0.609 

0.678 
0.643 

ECG Env 
0.890 
0.715 

0.853 

0.786 
0.678 
0.627 

PTT 
0.755 

0.920 
0.831 

0.750 
0.677 
0.715 

Table 6.2. Correlations between the extracted breathing signals with the BioHarness reference breathing 
signal. 

Subject 
1 
2 

3 
4 

5 
6 

Averac 
OMW P-P 

13.6 
15.8 

11.5 
13.8 
14.3 

14.4 

ECG R-R 
12.9 

15.4 

14.8 
13.9 

14.2 
13.5 

|e Breathing Frequency (breathes per minute) 

OMW Env 

14.9 
10.3 

11.5 
11.0 

13.6 
13.0 

ECG Env 
12.5 

16.1 
12.9 

11.7 
14.8 
10.6 

PTT 

12.5 

16.1 
12.9 

11.7 
14.8 

10.6 

Mean 

13.28 
14.74 

12.72 
12.42 
14.34 

12.42 

STD 

1.01 

2.50 
1.36 

1.34 
0.50 

1.74 

BioHarness 

12.83 
14.85 

13.69 
12.52 
13.75 

11.89 
Table 6.3. Average breathing frequencies. 

Results of the breathing signal verification are shown in Table 6.1 to Table 6.3. Cross 

correlations between the extracted breathing signal and the one obtained using the 
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BioHarness are shown in Table 6.2. A high correlation between the extracted breathing 

signals and the reference breathing signals is obtained. The average of the instantaneous 

breathing frequency was found for the five extracted breathing signals and the BioHarness. 

Their means and standard deviations are also shown in Table 6.3. Frequencies here are 

expressed in breaths per minute. STD is also reported to show that the error in estimated 

breathing frequencies is relatively small for all subjects. 

6.2 Algorithms Summary 

Using equations 5.6 and 5.7, the instantaneous frequency estimates are summarized by the 

MAE ± STD in Table 6.4. This table represents the error between instantaneous breathing 

frequency estimates between extracted breathing signals and the reference breathing signal. 

OMW P-P 

ECG R-R 

OMW Env. 

ECG Env. 

PIT 

Resp. Data 

7.75 ± 5.77 

7.55 ± 5.87 

9.33 ± 6.01 

6.70 ± 4.72 

8.73 ± 5.92 

Table 6.4. Mean ± STD of error as a percentage between instantaneous frequency estimates for the 
respirations data set. 

The work of [86] also performs a similar study aimed at extracted breathing signals from 

multi-lead ECG. Extracted breathing signals are verified using the MAE ± STD on real data. 

Results of Table 6.4 show that the ECG derived breathing signals have maximum error of 1.7 

± 2.0 for simulated data and 9.0 ± 4.4 for real data. In comparison, the results of our study 

that utilize ECG to extract breathing show maximum error of 3.89 ± 0.77 for simulated data 

and 7.55 ± 5.87 for real data. The results are in close agreement with each other. 

Table 6.5 presents a concise summary of the results for the extracted breathing signals. The 

table is presented qualitatively as MODERATE, GOOD and VERY GOOD. Respectively, 

the ratings MODERATE, GOOD and VERY GOOD correspond to MAE ± STD estimation 

improvement of less than 7 ± 5 percent, between 7 ± 5 t o 8 ± 5 . 9 percent and greater than 8 ± 

5.9mmHg. 
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Performance 

OMW P-P 

GOOD 

ECG R-R 

GOOD 

OMW Env. 

MODERATE 

ECG Env. 

VERY GOOD 

PTT 

MODERATE 
Table 6.5. Performance of different extracted breathing signals. 

6.3 Breathing Depth 

Once the presence of breathing is validated, the level of breathing at which it negatively 

affects the estimation of SBP and DBP is assessed. There are cases where breathing effects 

can be detected and extracted from a subject, but the depth of breathing may not warrant any 

action. For this reason, the level at which breathing negatively affects the estimation needs to 

be determined. 

For a few subjects whose OMW were deemed to be influenced very little by breathing and 

whose estimated blood pressure was close to the nurse recordings, breathing was added to 

the signal and the SBP and DBP error were determined. These subjects were taken from the 

Biosign data set and deemed to be influenced very little by breathing in that their OMW was 

relatively clean, immediately after extraction and no clear breathing signal was evident after 

extraction methods were applied. The envelope of the subject's OMW was extracted and 

converted to the log domain. Then a breathing signal, which was extracted from a subject at 

controlled breathing, was added. This breathing signal was extracted from the envelope of 

the OMW and then added to the clean signal at varying depths. Both signals were converted 

to the log domain, then added and converted back. 

Figure 6.4 shows a plot of the absolute error at different levels of breathing. The error in 

estimated SBP is shown in the line plotted with triangles and the error in the estimated DBP 

is shown in the line plotted with squares. The dashed, straight lines in the bottom represent 

the estimated SBP and DBP of the ideal, clean OMW. These are the minimum possible 

errors that can be obtained for this subject. Depth of breathing here is expressed in terms of 

the SNNR, where the signal is defined as the clean OMW and the noise is the breathing 

signal added. As SNNR increases, the depth of the breathing added is smaller and the error 

approaches closer and closer to the dashed lines. As SNNR decreases, the depth of breathing 

added is large and the error grows. At lower SNNR values, where breathing effects are 
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significant, the error also increases up to a certain level, where the SBP and DBP error 

appear to flatten out. This can be attributed to the effects of the moving average filter and 

curve fitting techniques, which limit the amount of error that the breathing can induce. For 

this subject, it can also be observed that the error in SBP is less sensitive to the added 

breathing effects than the error in DBP. 

Only four subjects from the Biosign data set were deemed to have OMW recorded clean 

enough for this experiment. The threshold at which the effects of breathing were deemed to 

negatively affect the estimation of blood pressure was defined to be the point on the x-axis of 

the subject in Figure 6.5 when the absolute error of either SBP or DBP was double relative to 

the error of the clean signal. For the plot of the subject in Figure 6.5, the error in DBP is 

doubled at an SNNR around 19.44 dB and the error in the SBP is doubled at an SNNR 

around 14.45 dB. Table 6.6 shows the thresholds found for all four subjects. 

From this table, the level of breathing at which suppression of its effects is required is when 

the SNNR is less than to be 14.45 dB, the minimum threshold. Breathing affects both SBP 

and DBP estimation, so all SNNR values are considered for determining this depth of 

breathing. SNNR is used here, as opposed to the more common signal to noise ratio (SNR), 

because the signal obtained here contains breathing effects present. SNNR is found by 

calculating the power of the OMW signal and dividing it with the power of the breathing 

signal extracted from it. 

6.4 Suppression of Breathing Effects 

The ANC scheme was applied to the ANC data set. The adaptive filter used has an order of 

30 and step size 0.04. The results are tabulated in Table 6.7 and Table 6.8. These tables show 

the MAE and mean STD of blood pressure after the ANC filter is applied with all 5 extracted 

breathing signals used as references. The tables also show the results of the ALE for 

comparison in the last column. The total MAE across all algorithms is shown in the last row. 

Results are limited due to the small sample size, but improvements are observed. Table 6.7 

shows the MAE results and Table 6.8 shows the STD. All filtered results perform better than 

the non-filtered results. Results here are shown only for three algorithms: MAA, LAA and 
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MMSA. SCA performed the worst out of the four algorithms, as shown in Table 4.6, is not 

included 

Clean OMW with Added Breathing Effects 
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Figure 6.5. Error in SBP and DBP with varying amplitude of the breathing signal that modulated the 
clean OMW. 

SBP 
DBP 

SNNR (dB) 
14.45 
19.44 

19.92 
18.11 

17.16 
18.48 

18.07 
16.93 

Table 6.6. SNNR thresholds for four different subjects 

MAA 

LAA 

MMSA 

SBP 
DBP 
SBP 
DBP 
SBP 
DBP 

No Filter 

12.39 
7.38 
10.49 
11.39 
11.33 
12.31 

Filtered 
ANC 

OMW 
Env 
7.43 
5.11 
7.29 
8.89 
10.64 
10.22 

OMW 
P-P 
9.46 
4.83 
9.01 
8.45 
7.42 
11.65 

ECG 
Env 
7.27 
5.78 
7.16 
9.92 
10.75 
7.86 

ECG 
R-R 
6.99 
4.51 
6.92 
7.96 
6.96 
11.5 

PTT 
7.55 
6.01 
7.39 
10.28 
10.51 
11.74 

ALE 

9.35 
7.15 
8.92 
11.04 
11.04 
11.58 

Table 6.7. MAE of SBP and DBP estimates in mmHg for subjects with ECG. 
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Filtered 

MAA 

LAA 

MMSA 

SBP 
DBP 
SBP 
DBP 
SBP 
DBP 

No Filter 

5.01 
4.03 
5.61 
5.42 
5.23 
3.74 

ANC 
OMW 
Env 
5.18 
3.42 
5.80 
4.60 
4.59 
3.84 

OMW 
P-P 
4.83 
3.49 
5.41 
4.69 
4.82 
3.63 

ECG 
Env 
4.54 
3.66 
5.08 
4.92 
4.62 
2.87 

ECG 
R-R 
4.51 
2.14 
5.05 
2.88 
3.06 
3.26 

PIT 
4.81 
3.41 
5.39 
4.59 
4.79 
3.71 

ALE 

4.75 
3.98 
5.32 
5.35 
4.85 
3.54 

Table 6.8. STD of SBP and DBP estimates in mmHg across all 5 trials for subjects with ECG. 

Overall, the ANC schemes outperform the ALE scheme when considering MAE and mean 

of the STD. In considering the 5 extracted breathing signals, it can be seen from the total 

error of both tables that estimates obtained using the R-R intervals of ECG for breathing 

signal extraction perform the best. The reason can be attributed to the fact that the breathing 

extracted from this source is most similar to the actual breathing pattern. ECG amplitude 

envelopes also outperform OMW envelopes when used as a reference. In addition, the OMW 

envelope contains LF and VLF components, whose frequency components are very close to 

breathing. ECG envelopes are not known to contain such perturbations. 

Also, in order to obtain the OMW from the PP and CP signal, more processing is required 

than it is to obtain the ECG signal. The processing involved to obtain the OMW from the 

recordings provided by the UFIT can contribute some error when also trying to extract a 

breathing signal. In this case, another advantage is given to using ECG, where the processing 

to retrieve this signal is much simpler. As a result of these factors, blood pressure estimation 

is improved more when the breathing is extracted from the ECG than when the breathing 

extracted from the OMW for the ANC scheme. 

The ANC data set of six subjects used show good results for both adaptive filtering schemes 

but a larger assessment of the adaptive filter is needed. The Biosign data set of 85 subjects 

can provide us a larger assessment. These recordings only contain an OMW so the ALE was 

the chosen adaptive filter to suppress breathing effects. Adaptation took on average a time of 

200 samples, or 2 seconds for this data obtained at a sample rate of 100 Hz. MAE and STD 

improvement for SBP is shown in Table 6.9 (A) and for DBP is shown in Table 6.9 (B). 
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(A) Systolic 

MAA 

LAA 

MMSA 

MAE 
Diff 
STD 
Diff 
MAE 
Diff 
STD 
Diff 
MAE 
Diff 
STD 
Diff 

Tria 
No Filt 

7.84 

1 
Filt 
6.49 
1.35 

7.50 5.78 
1.72 

7.88 6.98 
0.90 

7.61 5.31 
2.30 

10.45 9.29 
1.16 

9.17 8.18 
0.99 

Tria 
No Filt 

7.05 

2 
Filt 
6.24 
0.81 

7.06 4.46 
2.60 

6.93 6.44 
0.49 

7.00 4.67 
2.33 

9.99 8.78 
1.21 

8.22 7.35 
0.88 

Tria 
No Filt 

7.52 

3 
Filt 
6.37 
1.15 

6.02 4.18 
1.83 

7.64 6.55 
1.09 

6.50 4.87 
1.63 

10.47 9.81 
0.66 

8.28 7.59 
0.69 

Tria 
No Filt 

7.48 

4 
Filt 
5.94 
1.54 

6.74 4.64 
2.10 

7.14 6.13 
1.01 

6.72 4.61 
2.12 

9.92 9.10 
0.82 

7.59 6.90 
0.69 

Trial 5 
No Filt 

7.11 
Filt 
5.85 
1.27 

7.87 5.56 
2.31 

8.03 6.16 
1.86 

9.01 5.90 
3.11 

10.01 9.41 
0.60 

8.84 8.08 
0.76 

(B) Diastolic 

MAA 

LAA 

MMSA 

MAE 
Diff 
STD 
Diff 
MAE 
Diff 
STD 
Diff 
MAE 
Diff 
STD 
Diff 

Tria 
No Filt 

6.40 

1 
Filt 
6.24 
0.16 

5.93 5.17 
0.77 

7.84 6.36 
1.48 

7.32 5.88 
1.45 

8.13 7.94 
0.19 

5.98 5.96 
0.02 

Tria 
No Filt 

7.50 

2 
Filt 
6.19 
1.30 

12.05 4.74 
7.32 

8.73 6.33 
2.41 

10.30 5.07 
5.22 

6.84 6.55 
0.30 

5.39 5.33 
0.05 

Tria 
No Filt 

6.41 

3 
Filt 
5.75 
0.66 

4.60 4.55 
0.05 

8.14 6.48 
1.67 

9.34 4.90 
4.44 

6.59 6.58 
0.01 

5.49 5.28 
0.21 

Tria 
No Filt 

6.56 

4 
Filt 
6.12 
0.45 

5.22 4.44 
0.77 

7.04 6.17 
0.86 

7.26 4.70 
2.56 

6.38 6.28 
0.10 

5.57 5.39 
0.17 

Tria 
No Filt 

6.44 

5 
Filt 
5.83 
0.61 

5.54 5.16 
0.38 

7.91 6.22 
1.68 

8.48 6.02 
2.46 

6.95 6.91 
0.05 

5.69 5.47 
0.22 

Table 6.9. MAE and STD in mmHg of the Biosign data set before and after filtering for suppression of 
breathing effects is applied for (a) SBP and (b) DBP. 

Error in blood pressure estimation is determined by comparing the estimated values from our 

algorithms to the reference nurse readings. Table 6.9 shows the MAE and STD of subjects 

who were detected as breathing deeply. In total, this amounted to 253 recordings (46, 49, 58, 

46 and 54 from trials 1 to 5 respectively). In all cases, the differences between MAE and 

STD before and after filtering show positive values which represent improvement in blood 

pressure estimation and support the use of adaptive filtering for the suppression of breathing 

effects. 
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In order to verify that the effects of breathing were indeed reduced, SNNR was also 

computed for the breathing signal before and after filtering on the Biosign data set. Before 

filtering, the SNNR of the extracted breathing signal extracted from the OMW envelope was 

first calculated. Then, after filtering, the same method to extract breathing was applied to the 

OMW envelope and the SNNR was once again calculated. Table 6.10 shows the SNNR 

estimates before and after where the procedure in Section 5.3 is used to extract the breathing 

signal. SNNR found after filtering is much higher than before since the breathing effects 

have been suppressed. Table 6.10 also shows the improvement in SNNR that the filter 

produces and also the p-value from a t-test comparing the SNNR before and after. The p-

values all are very low, which supports the use of adaptive filtering to suppress breathing. 

Trial 1 
Trial 2 
Trial 3 
Trial 4 
Trial 5 

SNNR (dB) 
Initial 
56.203 
56.514 
56.408 
56.948 
56.454 

Filter 
74.252 
64.542 
73.735 
73.871 
73.756 

Improve 
18.049 
18.083 
17.327 
16.922 
17.302 

p-value 
< 0.001 
< 0.001 
< 0.001 
< 0.001 
< 0.001 

Table 6.10. SNNR computed before and after adaptive fdtering. 

To further investigate the effect of breathing suppression, fluctuations in blood pressure 

estimates was analyzed for 24 subjects from the Biosign data set who were detected as being 

affected by breathing across all 5 oscillometric recording trials. Fluctuation in blood pressure 

is estimated by finding the difference between the highest estimated blood pressure value and 

the lowest estimated blood pressure value for each subject's 5 recordings. SBP and DBP both 

exhibit their own fluctuations in blood pressure. The difference between the highest and 

lowest estimated blood pressure over 5 trials shows the largest swing in blood pressure, 

which is the same metric used in other studies [9]. 

In order to confirm a reduction in the fluctuation over five recording trials, the differences 

are calculated before and after filtering. The fluctuation should be lower after the adaptive 

filter is applied than before. Table 6.11 shows the mean of fluctuation values across all 24 

subjects before and after the ALE filter is applied. This is representative of the overall 

fluctuation across all subjects who are detected as breathing deeply. Considering the decrease 

in fluctuation, positive results in terms of breathing suppression is shown. For all cases, 

improvement due to the suppression of breathing effects by adaptive filtering is evident. 
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Table 16 shows that after suppression, both SBP and DBP exhibit less fluctuation, which 

may be the evidence that the estimates are converging closer to the average blood pressure. 

MAA 

LAA 

MMSA 

SBP 
DBP 
SBP 
DBP 
SBP 
DBP 

Fluctuation (mmHg) 
Before 
14.38 
10.94 
16.89 
9.76 
19.54 
13.60 

ALE 
8.96 
6.69 
10.06 
6.54 
11.62 
12.24 

Table 6.11. Fluctuations in SBP and DBP estimates across all 5 trials. 

A visual inspection of the suppression effects was also performed. Figure 6.6 shows a plot of 

a subject's OMW envelope before and after breathing is suppressed. The envelope before 

suppression is plotted with dashed thin lines and the envelope after the adaptive filtering is 

plotted with solid, thick lines for both the ANC and ALE scheme. The ANC scheme used the 

breathing signal extracted from the R-R intervals of the ECG. Figure 6.7 shows further visual 

evidence of the breathing suppression. The frequency spectrum of the OMW envelope for 

the ALE scheme is plotted before and after filtering. The arrow in this figure points to the 

frequency component identified to be breathing induced. After suppression, the breathing 

component is visibly reduced in the spectrum. Frequency domain analysis is used here, but is 

generally not recommended because the recording duration of an oscillometric recording is 

rather short and also unstationary. However the plot shown here is a special case for a subject 

whose recording exceeds a minute in length. 

6.5 FM Effects 

Suppression of the FM effects was also attempted on the data set provided by Biosign. This 

was performed by extracting the pulse-to-pulse intervals of the OMW and then applying the 

ALE. Figure 5.4 shows an example pulse-to-pulse interval extracted from the OMW. From 

existing literature, the presence of breathing is known to influence the pulse-to-pulse 

intervals of blood pressure [64]. With the OMW, these breathing effects are known to be 

present in the pulse-to-pulse intervals, as verified with the BioHarness in Table 6.1 to Table 

6.3. Here, the breathing signal is extracted from the pulse-to-pulse intervals by the previously 

explained methods of section 5.4 and is shown in Figure 6.8, confirming the existence of 

breathing. 
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Figure 6.6. OMW envelope before and after breathing for both ANC and ALE schemes. 
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Figure 6.7. Spectrum of OMW envelope before (left) and after (right) ANC suppression scheme is 
applied. 

Adaptive filtering, along with a homomorphic filter, was applied to the signal in the same 

manner that is applied to the envelope, except this time the pulse-to-pulse intervals are 

filtered instead of the envelope. First, the pulse-to-pulse interval of the OMW are extracted, 

as shown in Figure 5.4. The pulse-to-pulse interval signal shows the duration in time 

between peaks of the OMW. A breathing signal may be extracted from this, as shown in 

Figure 6.8. Then, the ALE scheme is applied on the pulse-to-pulse intervals to produce the 

signal shown in Figure 6.9. These new pulse-to-pulse intervals exhibit a lot less fluctuation 
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than before filtering. A downward trend is seen in the intervals both before and after 

filtering, which may be due to the VLF or LF components of blood pressure. 

After the ALE is applied, the OMW envelope is reconstructed with new pulse locations 

determined by the filtered pulse-to-pulse intervals. Then, the SBP and DBP are estimated 

from this envelope. This procedure effectively alters the locations of the peaks of the OMW, 

but not the actual amplitudes. Estimated blood pressure after filtering the FM effects was 

found to produce absolutely no change in error. This can be attributed to the level of FM 

effects as compared to the AM effects. Variations in the pulse-to-pulse intervals attributed to 

breathing are insignificant when compared to the duration of the intervals itself. Unlike the 

envelope itself, these intervals do not affect the actual estimation of SBP and DBP. However, 

these intervals are useful in providing evidence of the effects of breathing in the OMW. 

Breathing Signal Extracted 

1.4c 

10 15 20 25 30 
Time (seconds) 

Figure 6.8. Breathing signal extracted. 

PuIse-to-Pulse Intervals After Filtering 

35 40 45 

15 20 25 30 35 40 45 
Time (seconds) 

Figure 6.9. Pulse-to-pulse intervals after filtering. 

Filtered pulse-to-pulse intervals do lead to new estimates of HRV. For the Biosign data set, 

the HRV was calculated by finding the standard deviation of the pulse-to-pulse intervals for 
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all subjects across 5 trials. Table 6.12 shows the mean estimated HRV for all subjects, per 

trial, before and after filtering. The new HRV estimates are all smaller than the original HRV 

estimates and the p-value, obtained after performing a paired two-tailed t-test, also shows 

strong significant difference between the two means. 

Trial 

1 
2 
3 
4 
5 

Original HRV 
(milliseconds) 

6.16 
5.36 
4.68 
4.94 
4.96 

Filtered HRV 
(milliseconds) 

4.69 
4.19 
3.56 
3.86 
3.85 

P-Value 

< 0.001 
< 0.001 
< 0.001 
< 0.001 
< 0.001 

Table 6.12. HRV values calculated from the pulse-to-pulse intervals before and after filtering. 

6.6 RSA Estimation 

With the breathing signal properly extracted, using the formula from (5.5), RSA was 

estimated from the breathing signal extracted from the OMW. The correlations between the 

estimated RSA with HRV and breathing amplitudes were computed. HRV was found by the 

standard deviation of the pulse-to-pulse intervals and the breathing amplitude was found as 

the mean peak to peak amplitude of the breathing signal extracted from the pulse-to-pulse 

interval method using the OMW. An example is shown in Figure 6.10. Both RSA and 

breathing amplitude are plotted in units of milliseconds (ms). The slope and the y-intercept 

of the line here are found as 0.279 and 1.039, respectively. 

Results of these correlations are tabulated in Table 6.13 for all subjects in the data set 

provided by Biosign. High correlations can be observed for all subjects across all 5 trials. 

Current literature show RSA exhibits a correlation with HRV and breathing amplitude [74] 

with a correlation coefficient of about 0.81 and 0.87, respectively. Both HRV and mean 

breathing amplitude exhibited a correlation with RSA similar to this level. This agrees with 

the linear relationship reported in existing literature and shows that it can also be obtained 

from breathing signals extracted from the OMW. 
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Figure 6.10. Scatter plot of RSA vs. breathing amplitude 

Trial 
1 
2 
3 
4 
5 

Correlations of RSA 
with HRV 

0.926 
0.848 
0.905 
0.848 
0.898 

with Breathing Amp 
0.920 
0.792 
0.854 
0.903 
0.943 

Table 6.13. RSA correlations with HRV and breathing amplitude. 

RSA estimation needs to be normalized between subjects so that it can be compared. A 

technique similar to [75] is used here, but instead of using the power of the HF component, 

the amplitude extracted breathing signal is used. Since the actual power spectrum is difficult 

to find in the OMW, breathing amplitude is estimated from the breathing signal. 

Normalization is performed by dividing the extracted RSA with the breathing amplitude. 

This produces an estimate of RSA that is normalized with breathing. After normalization, the 

RSA may be compared between subjects segmented into different age groups. It is known 

that RSA decreases with age, so it is expected that there exists a negative correlation between 

age and RSA. 

Table 6.14 shows the results of RSA estimation with the Biosign data set using breathing 

amplitude to normalize RSA. To compare RSA with age in this case, the subjects were split 

into three age ranges and then the normalized RSA was compared. The three age ranges are 

subjects less than 35 years old, between 35 and 50 years old and more than 50 years old. The 
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mean age of all subjects was about 41 years. The mean of 35 years and 50 years is 42.5 

years. These age ranges were set such that the mean was close to the mean of the 

demographic. Then, the mean RSA for all ages is found. For each demographic, the number 

of subjects with RSA higher or lower than the mean is computed. It is expected that subjects 

younger than the mean age of 41 should have a higher RSA and subjects above the mean age 

of 41 should have a lower RSA. The percentages shown in the table here represent the 

number of subjects with higher or lower RSA than the mean. From these tables, it can be 

observed that younger subjects in the less than 35 age range do have high RSA, while older 

subjects in the age range greater than 50 do have the low RSA. These results are consistent 

with literature. Subjects in the age range between 35 to 50 years old were split between high 

and low RSA. No clear pattern is discernable in this age range. This introductory work on 

RSA provides a starting point for the new applications that breathing can aid. It shows that 

extracting breathing signals from blood pressure recordings brings new novelty to 

oscillometric measurements. 

Age 
<35 

3 5 - 5 0 
>50 

Normalized RSA 
Low 

33.16% 
48.57% 
61.18% 

High 
66.84% 
51.43% 
38.82% 

Table 6.14. Results of RSA compared with age using amplitude to normalize. 
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Chapter 7 - Conclusion 

7.1 Summary of Work 

A variety of algorithms exist to determine the SBP and DBP from the oscillometric method. 

Although literature examines oscillometric devices from the perspective of a black box 

approach, no work has been done to examine the quality of the underlying algorithms. What 

is also missing is a survey of these existing algorithms to estimate blood pressure from 

oscillometric measurements. This includes various methods and sub-algorithms used in each 

step of oscillometric method. The work here first surveyed and evaluated the different 

algorithms to assess performance in the estimation of blood pressure. Various algorithms for 

oscillometric blood pressure estimation were implemented and validated on a data set 

provided by Biosign. This allowed for the algorithms to be evaluated after each step of the 

procedure. The algorithm which produced the lowest error between the estimated blood 

pressure and the reference readings here is to extract the OMW by filtering, and then use the 

area defined OPI. The preferred envelope cleaning method consists of a moving average 

filter, followed by Gaussian curve fitting. 

Breathing effects in oscillometric blood pressure were also studied. Work here took 

advantage of the existing knowledge on breathing in blood pressure and ECG, such as the 

AM and FM effects and detection methods, to develop new algorithms that are applicable to 

oscillometric recordings. Methods for the detection and extraction of breathing in OMW 

were first developed. These take advantage of the well-known properties of the HF 

component in blood pressure and ECG. Adaptive filtering algorithms were then applied to 

suppress breathing effects when estimating SBP and DBP. The results obtained in Chapter 6 

support the use of adaptive filtering to suppress breathing effects. Estimates of SBP and DBP 

after filtering and suppressing breathing effects are closer to the nurse reference values. They 

also exhibit less variation across five recording trials than before the filter was applied. 

Extracting breathing from the OMW also opens the door to a slew of new potential uses of 

oscillometric devices for obtaining more physiological markers of a subject's cardio­

respiratory system. One such marker is RSA, which was extracted here across the 85 

subjects. The work here confirmed the dependence of RSA on age. These methods can be 
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used to extend current blood pressure monitors. In addition, the novelty of blood pressure 

monitors can be expanded with an ECG signal as well. 

7.2 Future Work 

It is important to note that the algorithms here work particularly well for the data set 

provided by Biosign. Here, osciUometric recordings were performed using the UFIT device. 

Unfortunately, other osciUometric devices were unavailable so this thesis is limited to the 

waveforms and data sets provided by UFIT. It may be entirely possible that another device 

performs differently than the UFIT. This does not render the work done here useless, 

however. The work here provides a survey of many methods, which can be applied to any 

osciUometric recording device. Results here are tabulated for the UFIT, but the algorithms 

certainly are not restricted to the UFIT. The algorithms surveyed may be applied to any 

osciUometric device, but with potentially different results. 

Out of the four algorithms evaluated here, one final algorithm used for estimation of SBP 

and DBP is difficult to choose since each them have its own advantages and disadvantages. 

Choosing one over another may neglect important physiological features. Future work 

proposed includes algorithm fusion or selection which can combine the advantages of the 

different fundamental approaches. This idea can also go beyond osciUometric measurements 

as well, in that it can combine different methods for blood pressure estimation altogether. For 

example, oscillometry can be fused with the auscultation or tonometric method to provide 

estimates of SBP and DBP that take advantage of the different underlying methods. 

Obtaining a breathing signal from the OMW greatly extends the capabilities of osciUometric 

devices. This work extracted a normalized RSA from these signals, but a lot more potential 

work exists in this field. RSA is known to be an indicator of many physiological conditions 

such as diabetes, stress, hypertension, etc. Ongoing work is still being performed to prove the 

link between RSA and these physiological conditions, but if proven to be linked, indicators 

of these conditions can be extracted from oscillometry as well. 
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