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ABSTRACT
Blood pressure monitoring is vital in health care. Non-invasive monitoring systems such as
manual sphygmomanometers and digital oscillometers are used by the medical professionals due to
their ease of use. However, their accuracy is limited. To address this, substantial research has been
done in cuff-less continuous pressure monitoring systems using electrocardiography (ECG) and pulseplethysmography (PPG) sensors. The focus has been extracting heuristic features from these signals
and using machine learning algorithms such as deep neural networks. However, problems such as low
sample size (10 – 100 patients) and sample-wise rather than patient-wise distribution in training and
testing datasets have provided a false sense of high accuracy in studies. Further, there has been no
justification for how the heuristic signal features (rise time, fall time, and others) benefit estimating
pressure measurements. Whole-based features such as the entire signal as input have been explored
but not trained and evaluated on big data.
Addressing these gaps, a two-part stacked model to estimate arterial blood pressure
waveform from the PPG waveform is devised. The first part uses whole-based features derived using
maximally overlap discrete wavelet transform (MODWT). It then uses Bi-Directional LSTM to estimate
continuous ABP wavelet coefficients from PPG wavelet coefficients and reconstruct a continuous
pulse pressure (Δ𝑃) waveform. In the second part, a Convolutional LSTM (Conv-LSTM) network has
been devised, which uses the estimated ABP wavelet coefficients from Bi-LSTM and a few PPG features
as inputs to estimate the systolic (SBP) and diastolic (DBP) blood pressure. Training on 8,614 patients
and testing on 2,828 patients from Physionet MIMIC database (collected using Philips Monitor), the
RMSE of Δ𝑃𝑃𝑟𝑒𝑑 to Δ𝑃𝐴𝑐𝑡𝑢𝑎𝑙 was at 5.03 mmHg. The SBP and DBP estimates from the Conv-LSTM
network provided an error of ±6.15 mmHg and +6.46 mmHg, respectively.
Further, to test the scalability of the model, a two-part experiment was conducted. In the first
part, ABP and PPG signals were collected from 129 patients from the Intensive Care Unit (ICU) of
Flinders Medical Centre (FMC), South Australia, using a similar Philips System. The evaluation of the
model showed a Δ𝑃 RMSE of 7.499 mmHg, SBP error of 1.98 ± 7.47 mmHg and DBP error of −0.71 ±
7.67 mmHg. In the second part, a custom PPG system was designed from which the PPG signals were
collected along with the SBP and DBP readings from the invasive monitor from 78 new patients from
FMC ICU. The evaluation showed the SBP error at −1.42 ± 5.86 mmHg and the DBP error at −0.50 ±
7.39 mmHg. The results were within the American Association of Medical Instrumentation (AAMI)
error standards of 5 ± 8 mmHg.
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Thesis
The use MODWT-BiLSTM stacked models is a unique approach which was developed and
validated in this thesis to estimate the shape of the pulse pressure waveform from the PPG waveform.
Further to estimate the absolute blood pressure readings, a convolutional-LSTM architecture was
developed to take the predicted pulse pressure waveform from MODWT-BiLSTM and estimate the
SBP and DBP values. This convoluted architecture helped in estimating a continuous ABP waveform
from a PPG waveform. Trained on an extensive dataset and further evaluating the scalability in a
different dataset, this thesis is able to present a non-invasive cuff-less blood pressure estimation
algorithm which can help in improving accuracy of non-invasive monitors.
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Introduction
Blood pressure measurement is essential in healthcare settings. It provides insight into the
functioning of the cardiac system, which pumps the blood out to various parts of the body. Blood
pressure measurement has a significant impact on patient management. Any anomalies observed in
pressure trigger healthcare professionals to further investigate the source of the problem and give an
appropriate diagnosis.
Blood pressure is defined as the pressure exerted by the flowing blood on the vascular walls
of the blood vessel. It is measured in millimetres of mercury (mmHg). The rhythmic contraction and
relaxation of the heart due to the electrical activity from the auto-rhythmic or the pacemaker cells
generates a pulsatile pressure waveform in the systemic circulation [1], as shown in Figure 1.1.
The rising phase of the pressure waveform is due to the contraction of the left ventricular
muscles pumping the blood to the aorta and subsequently to the arteries and arterioles. The pressure

Figure 1.1: Pulsatile arterial systemic blood pressure waveform over time. The rising phase
corresponds to the ventricular contraction due to the contracting left ventricles. The falling phase is due to
the relaxation of the ventricles [2].

increases reaching a maximum level called the Systolic Blood Pressure (SBP).
Following SBP, the pressure decreases because of the fall in electrical activity from the
pacemaker cells, causing relaxation in the ventricles. A mechanical valve called the Aortic Valve is
present between the aorta and left ventricle. The valve closes when the ventricular pressure falls
below the aortic pressure, causing a disturbance in the pressure waveform, called the Dicrotic Notch.
Blood flow stops from the heart. This leads to a subsequent fall in the pressure in the aorta and
1
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arteries, reaching a minimum pressure called the Diastolic Blood Pressure (DBP). This pattern repeats
itself, generating a periodic waveform.

Mean Arterial Pressure and Pulse Pressure
The Mean Arterial Pressure (MAP) is the mean pressure level throughout a cardiac cycle. It is
commonly measured as the fraction of SBP and DBP given by [1],
1
2
𝑀𝐴𝑃 = 𝑆𝐵𝑃 + 𝐷𝐵𝑃
3
3

(1.1)

whereas the Pulse Pressure (Δ𝑃) is defined as the difference between the SBP and DBP,
Δ𝑃 = 𝑆𝐵𝑃 − 𝐷𝐵𝑃

1.1.

(1.2)

Blood Pressure Ranges and Clinical Significance
A normotensive subject is expected to have DBP between 60 – 80 mmHg and SBP between 90

– 120 mmHg. A DBP less than 60 mmHg and/or SBP less than 90 mmHg falls in the hypotensive
category. On the other hand, hypertension is divided into categories of pre-hypertension (120 mmHg
< SBP < 130 mmHg), stage 1 hypertension (80 mmHg < DBP < 90 mmHg and/or 130 mmHg < SBP < 140
mmHg) and stage 2 hypertension (DBP > 90 mmHg and/or SBP > 140 mmHg) [3].
These various categories have different clinical significance. Prehypertension has been
associated with kidney dysfunction and increased cholesterol levels in vascular endothelium [4] which
if not detected early may progress to further elevated pressure levels. In stage 1 and stage 2
hypertension, the patient is at very high risk of cardiovascular disease, organ damage (kidney failure),
arteriosclerosis and haemorrhage. On the other hand, in hypotension, low-pressure levels reduce the
oxygen supply to organs such as the brain, increasing stroke risks and organ failure [5].
There are several reports warranting attention of elevated blood pressure. The Australian
Institute of Health and Welfare1 has reported that 5.8% of disease diagnosis in Australia is due to
elevated blood pressure. Further, 1 out of 3 people above 18 years is diagnosed in pre-hypertensive
or hypertensive categories. In another report by World Health Organisation (WHO) has shown that
the estimated number of hypertensive patients has increased from 650 million to 1.28 billion

1

Australian Institute of Health and Well Being – High Blood Pressure
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worldwide in the last thirty years2. These elevated levels are caused by the sedentary lifestyle, reduced
physical activity, high consumption of processed, unhealthy food, increased psychological stress in
addition to any pathophysiological conditions.
Based on these reports and several other studies, there is a growing concern about
maintaining the blood pressure levels in individual. But first it requires in monitoring the pressure
accurately.

1.2.

Blood pressure measurement
Monitoring of pressure accurately is essential for appropriate diagnosis and treatment. The

monitoring can be invasive or non-invasive.
Invasive blood pressure measurement
Intravascular pressure measurement systems are the gold standard method for monitoring
high risk and critically ill patients in intensive care units (ICUs), emergencies, and operation theatres.
They are, by far, the most accurate way to measure pressure and can provide a continuous
measurement.
Invasive pressure measurement systems measure pressure directly, through a direct
connection between the blood vessel and a pressure transducer. A thin, rigid short cannula (1 – 2 mm
diameter) is inserted into an artery; externally, the sensor system includes a compliant and flexible
silicon diaphragm with an embedded strain gauge, pressurised saline bag (at 300 mmHg), flushing
system and processing/display unit (Figure 1.2b). The cannula tube connects to the sensor and is filled
with a continuous column of saline. Inside the sensor, as shown in Figure 1.2a, the saline column
conducts the pressure wave to the diaphragm, converting the mechanical pressure to an electrical
signal and sending it to the processor. The pressurised saline bag ensures that saline is continuously
running from the flushing tube at about 5 ml/hour through the sensor to the cannula. With proper
calibration and placement of the catheter, an accurate trace of the blood pressure waveform is
obtained [6].

2

World Health Organisation Report, 2021
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(a) Invasive sensor cross-sectional view adapted from Webster [6].

(b) Invasive sensor setup adapted from Mittnacht [7]
Figure 1.2: Invasive extra-vascular sensor setup used in hospital to obtain continuous blood
pressure measurement.

Non-invasive blood pressure measurement
Invasive systems cannot be used everywhere, such as during regular health check-ups from
general practitioners. In such cases, aneroid sphygmomanometers are considered the non-invasive
gold standard. These consist of a rubber cuff wrapped around the limb (upper arm or thigh in
neonates), a pressurising bulb, a gauge, and a stethoscope. First, increasing the pressure in the cuff to
above systolic using the bulb occludes the local blood flow. No sound is heard from the stethoscope
placed distal to the cuff. Second, releasing the pressure slowly, the blood starts to force itself through
the occluded region. The operator begins hearing the Korotkoff sounds. The first Korotkoff sound is
termed as K1. The SBP is recorded at this pressure. Third, as the pressure in the cuff is further released,
the amplitude of the sounds falls to the point where the sounds become inaudible. The pressure at
which the fifth sound, K5 is heard is where DBP is recorded [6]. Using this method, studies have shown
that the accuracy can be as high as ±4 mmHg [8]–[10].
4
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1.3.

What is the problem?
Invasive arterial line sensors are accurate, but their use is limited to hospitals. They pose a risk

of infection, bleeding and are painful. Further, they are expensive, have high operating and
maintenance cost and require expertise in handling them.
Sphygmomanometers, even though they can be accurate, are highly subjective. They at times
can produce significant errors > 10 mmHg [11]. The measurement accuracy depends on the operator's
experience to carefully listen to the low amplitude low-frequency Korotkoff sounds. Further, at DBP,
the frequency of these sounds drops to around 20 Hz [6]. The hearing acuity of the operator must be
good. Otherwise, DBP will be overestimated. Many studies [12], [13] have found that the pressure will
be overestimated or underestimated if the cuff size is unsuitable for the patient. Further, compression
of the limb becomes hard to tolerate for the patients making it inconvenient for regular measurement;
continuous measurement is not possible.
Digital cuff-based monitors have been developed, which are discussed further in the next
chapter. These systems are built on the concept of the sphygmomanometer with added automation
capability. They reduce some of the subjective issues such as hearing acuity of the user. However, they
are still reliant on correct cuff-size and placement, and on the accuracy of the algorithms on which
they are based.

1.4.

International Standards for Blood Pressure Monitoring Device Accuracy
Several different organisations have proposed standards for clinically validating a blood

pressure monitor. The Association for the Advancement of Medical Instrumentation, 1987 (AAMI) and
British Hypertension Society, 1990 (BHS) are two of the oldest established institutions and their
guidelines are followed across most research studies and commercialisation work [14]. Others include
the German Hypertension League (1999), European Society of Hypertension (2002) and International
Organisation of Standardisation (2009) [14] having proposed techniques with some variations based
on the AAMI and BHS standards. To remove the irregularity between the techniques proposed in
different standards, AAMI and ISO in 2013 released a revised version considering all the organisations
in ISO81060-2:2013. At the time of writing this thesis, the standards have been updated to ISO810602:2018/AMD 1:2020 [15].
A few of the important consensus concepts according to the ISO81060 are [14]:
1. A device is considered acceptably accurate if 85% of the time it measures blood pressure with an
error of <10 mmHg compared to the reference device.
5
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2. The device must be validated on at least 85 subjects on a general population study with subjects
≥ 12 years of age.
3. If the device is intended for special population such as toddlers (<3 years), expectant mothers, or
critical care patients, the sample size can be less at 𝑛 ≥ 35.
4. The reference blood pressure monitor must be a mercury sphygmomanometer or accurate nonmercury monitor such as aneroid system or invasive system.
5. If using a mercury/aneroid sphygmomanometer, two nurses must record the SBP and DBP of the
patients listening to the Korotkoff sounds with K1 sound for SBP and K5 sound for DBP. Three pairs
of SBP and DBP readings from each subject by each nurse must be recorded.
6. The average error between the reference and the proposed device of the three pairs of readings
of SBP and DBP from both the nurses (6 SBP and 6 DBP in total) for each subject must be presented
using the Bland Altman plots.
There are several other consensuses on; the cuff-size if a cuff-based system is used, number
of patients from different categories and age range to be tested, and procedure involving the position
of the limb, design of the reference monitor and its usage.
The AAMI/ISO81060-2:2018 standard requires that the error between the proposed blood
pressure monitor SBP and DBP and the reference SBP and DBP must be less than 5 ± 8 mmHg
averaged across all the subjects.
While the AAMI-ISO standards are widely used, an average error of 5 ± 8 mmHg is not
representative of the absolute error from person to person. The absolute range can be as big as +/20 mmHg in some subjects while meeting the required < 5 ± 8 mmHg average error. This has led
studies to also use BHS standards which gives the percentage of sample to be within an absolute error
of < 5 mmHg, < 10 mmHg and < 15 mmHg. The absolute errors are then used to provide a grading
score to the device as shown in Table 1.1. Here A denotes the greatest agreement while D denotes
the least agreement with a reference monitor [16].

Level Absolute Difference between devices (%)
≤5
≤ 10
≤ 15
A
60
85
95
B
50
75
90
C
40
65
85
D
<C

Table 1.1: BHS performance matrix
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1.5.

Research into Cuff-less Systems
There is a growing need to monitor blood pressure non-invasively with the following

requirements. The monitor must be:
-

accurate on par with invasive systems following the measurement accuracy standards.

-

painless and does not restrict activity.

-

continuous and self-operating.
Despite significant research into such systems (which will be discussed in the next chapter),

there is as yet no well-established monitoring technique, device or system that meets these
requirements. Machine learning models have shown some promise, but they still have limitations with
their accuracy and scalability.
Therefore, the aim of this thesis was to research and develop a non-invasive cuff-less system
using machine learning algorithms on photoplethysmography (PPG) signals to estimate continuous
arterial blood pressure waveforms. Further in-detail discussion on the research related to PPG and
ABP, the functioning of the photo-plethysmography sensors and the analysis is presented in Chapter
2.
The goal was also to make the system scalable such that the device provides accurate blood
pressure measurement across a wide range of subjects adhering to the international standards set by
AAMI and BHS.

1.6.

Structure of the Thesis
To achieve this goal, the thesis has been divided to eight chapters. The brief of all the chapters

is described below.
In Chapter 2, a literature review was undertaken to investigate different non-invasive cuff-less
sensors proposed to estimate blood pressure in various studies such as electrocardiography, pulse
plethysmography, ultrasound, and impedance cardiography among others. Further the investigation
was carried out on the patterns, features and characteristic points from the signal of these sensors
and the relationship they have with the blood pressure – linear, non-linear or machine learnt. Based
on this research caveats and gaps in the literature were found which were further investigated
experimentally developing models and testing them in dissemination.
In Chapter 3, a signal processing concept of Maximally Overlap Discrete Wavelet Transform
(MODWT) is introduced to extract time and frequency information from sensor signals. These time7
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frequency features are important in providing features at different frequency bandwidths from the
PPG signal to the machine learning algorithms. Further a few of the deep learning models are
discussed. Here the objective is to introduce two time-series models of LSTM and Conv-LSTM, which
are used over the course of this thesis to estimate blood pressure waveform using the time-frequency
components of the PPG signal as feature.
Chapter 4 focuses on obtaining the signals from thousands of patients from an open-source
database from intensive care units, pre-processing the data and analysing the data for features studied
in the literature and patterns using MODWT to find any relationship with blood pressure.
In Chapter 5 and Chapter 6, two machine learning model sets are developed. In the first set of
models, features are extracted from the sensor’s signal using MODWT and LSTM to estimate the pulse
pressure waveform shape. The second set of models builds on the first set to estimate the absolute
SBP and DBP of the patients from the open-source database. The outcome from the stacked models
is a continuous ABP waveform of the patient estimated non-invasively.
Chapter 7 focuses on the scalability of the models to new data. Here two sets of experiments
were undertaken where data was collected from patients in intensive care in a South Australian
hospital. The performance of the models was evaluated on these new datasets.
Chapter 8 discusses the overall outcome of the thesis summarising the findings from the
experiments from Chapter 5 - Chapter 7, and the accuracy of these models in estimating the blood
pressure based on the AAMI and the BHS standards. The results have also been compared to some of
the key research in the literature and how the proposed model performs against these studies.
Furthermore, the challenges, limitations and some recommendations for future work are presented
before the thesis is concluded.
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2.1.

Introduction
The gold standard for non-invasive blood pressure measurement is the cuff with a

sphygmomanometer, invented by Poiseuille in 1828. Invasive blood pressure measurement, first
made by Ludwig in 1847 [17], gives better accuracy but has an infection risk limiting its application.
Because of this, the sphygmomanometer system became universal. However, it has limited accuracy
because of the noise and subjective nature of measurement.
To try and improve objectivity, the sphygmomanometer has largely been replaced by
computer-based monitors. However, some validation studies [18] have shown results that deviate
significantly from both sphygmomanometer and invasive measurements. More sophisticated
automated systems have been developed to try and improve accuracy; however, they have other
problems associated with them, such as non-portability, the requirement of frequent calibration and
higher cost.
Recently efforts have been made to estimate Systolic (SBP) and Diastolic (DBP) blood pressure
from bio-signals using non-invasive and cuff-less sensors such as electrocardiography [19], pulseplethysmography [20], and magnetic hall-effect [21]. The advantages of such techniques are that they:
•

Enable 24-h monitoring

•

Avoid pain and discomfort as caused by the compression of the cuff

•

Increase mobility as they do not require bulky cuff-based systems

•

Have shown to perform well compared to cuff-based approaches [22]

Unfortunately, there have been problems creating models that work in all clinical scenarios.
To attempt to mitigate these problems, more sophisticated statistical models based on large data sets
have been developed which are discussed in this chapter.

2.2.

Non-Invasive Cuff-Based Blood Pressure Measurement Systems
Before the cuff-less methods are discussed, it is important to understand the functioning of

the cuff-based systems currently used and the problems faced. A cuff-based system uses external
pressure to partially occlude an artery and detect blood flow changes as it passes through the occluded
region. Three of the primary techniques are oscillometry, applanation tonometry and volume clamp.
9
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Figure 2.1: The pressure variations in the cuff is observed as the high frequency oscillations. The maximum
point of oscillation is taken as the Mean Arterial Pressure. SBP and DBP are inferred as a ratio above and
below the maximum amplitude point.

These monitoring systems use an air pump to inflate and deflate the cuff or some mechanical
mechanism to apply force on the surface of the skin and an electronic pressure or force sensor to
monitor the pressure applied. Here these techniques, their performance, and their limitations are
discussed in brief.

2.2.1. Oscillometric Method
The oscillometric method makes blood pressure estimates from the amplitude variations of
the pressure oscillation in the cuff (Figure 2.1). As the applied pressure is reduced below the systolic
pressure, blood enters the occluded region of the artery, causing pressure variations that are observed
in the cuff pressure signal. High pass filtering can remove the low-frequency slope representing the
reducing cuff pressure, yielding a signal that increases to a maximum value and decreases as the
applied pressure is reduced. The point of maximum amplitude is referred to as MAP (Mean Arterial
Pressure). This is the Maximum Amplitude Algorithm (MAA)[23].
The systolic and diastolic blood pressures are estimated using empirical coefficients. A
standardised relationship is shown in equation (2.1). Here 𝛼 and 𝛽 are derived from the compliance
𝛼

1

𝛽

2

of the artery [23]. In simpler models, the ratios are taken to be 𝛼+𝛽 = 3 and 𝛼+𝛽 = 3. However, one
drawback of the MAA model is its dependence on arterial compliance estimate, which varies across
subjects. Arterial compliance decreases with age [24], resulting in higher SBP and lower DBP [25].
Equation (2.1) may not hold for everyone.
𝑀𝐴𝑃 =

𝛼
𝛽
𝑆𝐵𝑃 +
𝐷𝐵𝑃
𝛼+𝛽
𝛼+𝛽
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(2.1)
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The second method, the Fixed Ratio Algorithm (FRA), estimates the SBP and DBP as a ratio of
pressure at which maximum cuff oscillation occurs. A relation used for calculating SBP and DBP using
MAP is given by 𝑆𝐵𝑃 = 𝑎𝑀𝐴𝑃 and 𝐷𝐵𝑃 = 𝑏𝑀𝐴𝑃, where 𝑎 and 𝑏 are proportionality constants [26].
These fixed constants have been shown to overestimate SBP and underestimate DBP [27].
The third method is called the Derivative Algorithm (DA). This calculates the envelope's
maximum increasing and decreasing slopes from the high pass filtered pressure oscillation [28]. SBP
and DBP are inferred at these points. The technique is susceptible to noise when calculating the
derivative of the signal.
Significant errors are present in oscillometric methods of BP estimation such as:
1. Varying sizes of cuff causes an overestimation and underestimation of the pressure [29].
2. The high-pass signal is prone to motion artefacts [30].
3. Estimation can become inaccurate in different groups of people because of biological variability.

2.2.2. Applanation Tonometry
Applanation tonometry uses a strain gauge instead of a pressure sensor [17]. A force
measuring strain gauge is pressed over the radial or the carotid artery. The force distorts the artery
without completely occluding it. The pulsatile motion of the artery applies force on the strain gauge,
which is translated to pulse pressure using the relationship,
Δ𝑃(𝑡) =

𝐹(𝑡)
𝐴𝑟𝑒𝑎

(2.2)

where,
𝐹(𝑡)
Area
Δ𝑃(𝑡)

= Force measured by the strain-gauge at a time instant
= Surface area of the strain-gauge in constant with the skin
= Pulse pressure at a time instant

This technique has a few limitations, however:
1. The transducer must be pressed over the artery and maintain a constant force. In a manual
transducer where the operator applies the force, it adds noise due to movement. Further, wrong
placement over the artery can result in non-linearity of the displacement-force-pressure
relationship [31].
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2. The absolute values of the SBP and DBP cannot be measured. To estimate absolute values,
calibration is needed using an existing pressure monitor.
A comparison of applanation tonometry with arterial line pressure by Greiwe et al. [32]
showed an error of approximately ±25 mmHg for SBP and ±20 mmHg for DBP. Another study by
Meidert et al. [33] compared the radial artery tonometry with an arterial line in ICU patients, obtaining
a worse SBP measurement of ±15 mmHg and acceptable (within AAMI standards) DBP errors of ±7
mmHg. The performance is variable between different studies, suggesting unknown factors affecting
performance.

2.2.3. Volume Clamp
Volume clamp was developed first by Penaz in 1969. The technique works on the principle of
maintaining a zero transmural pressure (intra-arterial pressure minus cuff-pressure) which results in
maintaining a constant blood volume through the localised vessel [31]. The constant blood volume is
monitored by a photoplethysmographic sensor (PPG), a combination of light-emitting diode (LED) and
photodiode (further discussed in 2.3.1.2a).
At systole, the increased blood volume at a cross-section area is compensated by increasing
the cuff pressure. The excess volume is squeezed out. On the other hand, at diastole, the cuff pressure
is lowered to incorporate a steady blood volume. This is monitored by the constant intensity of light
detected by the photodiode of PPG. The changes in the cuff pressure monitor the absolute continuous
changes of the blood pressure. However, there are a few associated problems:
1. Maintaining a dynamic cuff pressure requires a closed-loop servo-controlled mechanism. This
makes the system not portable and expensive.
2. Continuous application of constant pressure also leads to localised congestion in venous and
smaller blood vessels. This makes the system uncomfortable during prolonged use.
3. Further, studies have shown [34], [35] that this technique is inaccurate in estimating SBP with
reported errors as high as ±25 mmHg.
Nevertheless, compared to applanation tonometry which can only generate pulse pressure
waveform, volume clamp is the only unsupervised and continuous absolute pressure monitoring
system.
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Figure 2.2: Systematic breakdown of the literature search from different databases. The finished
search included 142 records in conference proceedings, journals, and articles relevant to the blood pressure
measurement.

2.3.

Non-Invasive Cuff-Less Blood Pressure Systems – Literature Search
The inefficiency and inaccuracy of the cuff-based systems have led researchers to investigate

techniques where non-invasive sensors can attach to the surface of the skin – wrist, finger, forehead,
or chest and generate signals from which the relationships and patterns can be derived to estimate
blood pressure.
An extensive literature search was conducted using databases including Proquest, Ovid
Medline, Scopus, Biomed Central and Google Scholar. The following keywords were used:
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Cuff-less AND non-invasive AND (blood pressure monitor* OR blood pressure device* OR blood
pressure instrument* OR blood pressure measur*) AND (blood pressure algorithm OR blood pressure
machine learn* OR blood pressure neural network* OR blood pressure deep learning*)
The search produced 436 articles in total, of which 50 were duplicates. In the remaining 386 articles,
title and abstract analysis was carried out leading to 143 studies at the end which were relevant. In a
further breakdown of 143 studies, there were 94 studies estimating blood pressure using
mathematical approaches, and 49 used machine learning methods. Further, 48 out of 94 studies using
mathematical approaches reported their results in the form of mean and standard deviation (𝜇 ± 𝜎)
mmHg error compared to a reference monitoring system such as a sphygmomanometer or invasive
device. The remaining 46 (94 total mathematical approach – 48 total mathematical approach
reporting in 𝜇 ± 𝜎) made no comparison and were excluded from further analysis. Within the machine
learning approaches, 33 out of 48 studies used machine learning for regression against a reference,
while the remaining 16 used either classification of patients into hypertensive, hypotensive or
normotensive or had reported errors not according to the AAMI standards. These 16 were excluded.
In total therefore 48 mathematical and 33 machine learning models to estimate blood pressure were
studied. The systematic breakdown is shown in Figure 2.2. These papers will be discussed and analysed
below.

2.3.1. Equation-Based Parametric Approach
Many studies have used variables such as heart rate and features from non-invasive sensors
such as electrocardiography and pulse-plethysmography to estimate blood pressure. These studies
have developed linear, polynomial, and multivariate non-linear equations, which is referred here as
the Equation-Based approach. These equations are either experimentally derived or based on
mathematical models previously established based on pulsatile physics of flowing blood [36]–[39].
Such experimental or theoretical models are needed because there is no direct measurement
of pressure, but rather components of dynamics of the blood such as velocity, volume, distensibility
or others are measured. One would need to understand the relationship between these variables and
their effect on blood pressure from experiments or prior knowledge. First, the two established models
derived on pulsatile physics are discussed and then the variants of these models experimentally
achieved in various are discussed.
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2.3.1.1. Models in Equation-Based Approaches
a.

Moens-Kortweg Model to measure Pulse Wave Velocity
In the field of cuff-less blood pressure research, one of the most commonly studied variables

is the Pulse Wave Velocity (PWV) [22], [40]–[42]. PWV is defined as the propagation speed at which
the pressure wave travels down the arterial track [43]. In the mid-19th century, Moens created an
experimental model of the velocity of pressure waves in the arteries. A few years later, Kortweg
refined a theoretical model of the same [44]. The Moens-Kortweg model relates Young's Modulus of
Vessel (E), the thickness of vessel (h), the density of the fluid (𝜌) and vessel radius (r) with the velocity
of the pressure wave velocity given by equation (2.3)[43].
𝐸ℎ
𝑃𝑊𝑉 = √
2ρ𝑟

(2.3)

Cardiovascular Health and PWV
Arterial stiffness, blood pressure and heart rate are the significant factors affecting the PWV
[31]. Due to collagen development with age, arterial stiffness increases or compliance decreases. The
stiffened arteries have a higher Young’s modulus leading to higher PWV. Diaz et al. [45] measured the
PWV in healthy individuals. They showed it increases linearly from 5.04 m/s to 9.01 m/s from 10-19
years to above 70 years.
Arteries are viscoelastic materials whose compliance is affected by the strain rate. Higher
heart rates cause the arteries to distend and contract fast, increasing the strain rate, thus increasing
the modulus. This results in increased PWV. Haesler et al. [46] showed that with an increase in heart
rate from 62 to 100 BPM, the PWV increased on an average from 6.2 m/s to 7.6 m/s.
Notably, blood pressure and its relationship to PWV has been studied extensively. This
relationship is well explained based on wave propagation and wave reflection from the peripheral
sites. The pressure wave travels from the heart to the peripheral vessels such as the arterioles and is
then reflected. The reflected waves return to the aorta during the diastole of the next cardiac cycle
[47] in healthy arteries. The SBP in such cases is at normotensive levels for the specific individuals.
However, with age, higher heart rate or physiological dysfunction, stiffer arteries tend to have higher
PWV, causing faster forward and reflected waves propagation. The reflected waves in such cases reach
the aorta during the systole phase of the next cycle instead of the diastole [31], [47]. This causes an
increase in the pulse pressure amplitude, further leading to higher SBP as shown in Figure 2.3.
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Blood Pressure Measurement with PWV
Chen et al. [22] were the first to study any relationship between PWV and SBP. However, instead of
measuring the material property or artery dimensions as required by equation (2.3), they proposed
measuring the time difference between the characteristic points of the ECG-R peak and PPG rising
inflection point (Further discussed in section 2.3.1.2). They called this Pulse Arrival Time (PAT), defined
as the time the pulse wave takes to travel from one location to another. PAT is inversely proportional
to PWV given by equation (2.4), where 𝑑 is the distance between the two sensors.
𝑃𝐴𝑇 =

𝑑
𝑃𝑊𝑉

(2.4)

Further, their analysis showed that PAT has direct proportionally with the SBP. The model for
calculating the SBP from PAT as derived by Chen is shown in equation (2.5). The term γ is the vessel
compliance and is usually in the range from 0.016-0.018 𝑚𝑚𝐻𝑔−1 .
𝑃𝑒 = 𝑃𝑏 −
where,
𝑃𝑒 =
𝑃𝑏 =
𝑃𝐴𝑇𝑏 =
γ=
Δ𝑃𝐴𝑇 =

2
Δ𝑃𝐴𝑇
γ𝑃𝐴𝑇𝑏

(2.5)

Estimated SBP
Calibration SBP
PAT at reference pressure Pb for calibration
Vessel compliance coefficient
Difference between the calibration PAT and instantaneous PAT

However, Chen’s derived PAT-based model had some limitations:
1. It required prior measurement of SBP as calibration input.
2. Vessel compliance is different between people.

Figure 2.3: Adapted from Sola [31]. With the wave reflection in the abnormal artery, the pulse
pressure 𝑃𝑃𝑠 is higher than the normal artery 𝑃𝑃𝑛 . This is because the reflection wave travelling with higher
velocity towards aorta increases the pressure at systole instead at diastole.
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3. There was no accurate relationship between the PAT and DBP.
Due to these limitations, researchers have conducted an in-depth analysis of the pulsatile
physiology leading to the introduction of the Bramwell-Hill Model to estimate the pressure waveform.
b.

Bramwell-Hill Model
In 1922, in their article, The Velocity of the Pulse Wave in Man [48], Bramwell and Hill

developed an analytical relationship between the PWV, and arterial compliance shown in equation
(2.6).
𝐴𝑑𝑝
𝑃𝑊𝑉 = √
𝜌𝑑𝐴

(2.6)

where,
= The blood volume in a cylindrical cross-section
𝑉
𝑑𝐴
= Arterial distensibility based on the cross-sectional area of a small arterial segment
𝐴𝑑𝑝
= Blood density
ρ

Clinically, arterial distensibility is measured using the arterial cross-sectional area and blood
pressure and is given by equation (2.7) [49]. Here, Ad and As are the arterial diameters measured at
DBP and SBP, respectively.
𝐷𝑖𝑠𝑡𝑒𝑛𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 =

Δ𝐴
𝐴𝑠 − 𝐴𝑑
=
𝐴Δ𝑝 𝐴𝑑 (𝑆𝐵𝑃 − 𝐷𝐵𝑃)

(2.7)

Substituting equation (2.7) in equation (2.6), a simplified PWV can be calculated using,
1
𝑃𝑊𝑉 = √
𝜌 × 𝐷𝑖𝑠𝑡𝑒𝑛𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦

(2.8)

Bramwell-Hill and Pressure Estimation
The significance of the Bramwell-Hill model becomes apparent in understanding that there
exists an analytical relationship between the blood pressure and PWV following equation (2.8), which
can be re-written in the form,
𝑑𝑃 𝑃𝑊𝑉 2 × 𝜌
=
𝑑𝐴
𝐴
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Further, equation (2.9) can be integrated with respect to 𝑑𝐴 and simplified in terms of crosssectional area, solving for the pressure to give,
𝑃(𝑡)

𝐴(𝑡)

𝑃𝑜

𝐴𝑜

𝑑𝑃
𝑃𝑊𝑉 2 𝜌
∫
𝑑𝐴 = ∫
𝑑𝐴
𝑑𝐴
𝐴

𝑃(𝑡) − 𝑃𝑜 = 𝜌𝑃𝑊𝑉 2 {ln(𝐴(𝑡)) − ln 𝐴𝑜 }
𝑃(𝑡) − 𝑃𝑜 = 𝜌𝑃𝑊𝑉 2 ln (

(2.10)

𝐴(𝑡)
)
𝐴𝑜

where,
𝐴(𝑡) = Cross-sectional arterial area at time instant, 𝑡
𝐴𝑜 = Minimum cross-sectional area at diastolic pressure
= Diastolic pressure
Po
𝑃(𝑡) = Pressure waveform at time instant, 𝑡
Equation (2.10) shows a simple solution. The pulse pressure waveform can be obtained knowing
the PWV and the cross-sectional area of the artery. However, there are a few problems or challenges
associated with this model:
1. The arterial diameter/dimensions must be monitored continuously to calculate the lumen area.
This would require sophisticated techniques such as ultrasound imaging or magnetic resonance
imaging.
2. The reference pressure value, 𝑃0 further must be known otherwise the absolute pressure cannot
be estimated.

2.3.1.2. Implementation of Equation-Based Parametric Approaches – Sensors in Use
Material and dimensional properties as required by the two models are difficult to obtain.
Understanding the advantages of PWV from Moens-Kortweg and Bramwell-Hill models, researchers
have been trying to develop alternative methods to measure blood pressure. A variety of sensors such
as ECG, PPG, ICG and ultrasound have been proposed to measure characteristic points from the signal
and develop a relationship with blood pressure further building on the two models. Below a few
techniques with the sensors, their accuracy, and limitations are discussed.

a.

Photo Plethysmography Sensors
PPG sensors measure a relative amount of blood in a small arterial segment based on the

absorption of light. They use a pair of light-emitting diode (LED) and photodiode. The LED operates at
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different wavelengths ranging from 450 nm at the blue end to 1000 nm at near infra-red. Different
wavelengths are absorbed by different blood components. This is shown by the absorption curve in
Figure 2.4. At lower wavelengths (300 – 550 nm) an equal amount of absorption occurs by both
oxygenated haemoglobin and deoxygenated haemoglobin. However above 600 nm, there is a
significant change in the absorption. Oxygenated blood absorbs infra-red while deoxygenated blood
absorbs red light. This property of different light absorption is key in determining the Oxygen
Saturation or the SpO2.

Figure 2.4: Absorption curve of HbO2 and Hb at different wavelengths over the visible and near-infra-red
spectrum. Adopted from Walter et al, [50]

Shape and Significance of the PPG Signal
The PPG signal itself oscillates like a sinusoidal waveform irrespective of the wavelength of
light used shown in Figure 2.5 [50]. The pulsatile blood flow causes the artery to distend and contract.
At systole a large arterial wall distension causes a higher absorption of emitted light by blood in the
lumen. Photodiode detects a reduced intensity causing a minimum in the waveform. Similarly, during
diastole, a lower volume of blood in the artery absorbs less light, more is transmitted/reflected,
generating a higher activation of the photodiode, causing a maximum point in the waveform.
However, in most of the PPG, an inverting buffer is added, generating an inverted signal, with a
maximum in systole and minimum in diastole (Figure 2.5).

Types and Location of PPG Measurement
The orientation of the LED and the Photodiode within the sensor system can be either
adjacent to each other in reflection mode or opposite to each other in transmissive mode. In reflection
mode (Figure 2.5), the light from the LED hits tissues and bounces back which is detected by the
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photodiode. In transmissive mode, the light penetrates through the layers of tissues and is detected
by the photodiode placed on the opposite side of the finger or earlobe.
The various locations of the PPG measurement are shown in Figure 2.6. Below a few points
have been discussed for each location:
-

Finger-based transmission or reflection mode PPG is most popular especially in health-care
settings due to the proximity and localisation of the blood vessels. Further they are easy to clip on
to the fingers of the patients and do not interfere with catheters for intravenous inserted in the
wrist [51].

-

Wrist-based systems are becoming more popular in smart-watches. They are used in reflectance
mode, with sensor placed on the dorsal (seldom on volar) side of the wrist. The light is reflected
by radial or ulnar bone. The flowing blood through the radial or ulnar artery causes the distension
and relaxation of the muscles leading to the oscillations in the waveform [52].

-

Forehead-based reflectance method are common in health-care settings and used in conditions
of low perfusion to the fingers. The rich supply of blood vessels on the forehead and presence of
the skull makes it possible for clean signal acquisition. Further, such systems significantly reduce
the motion artefact compared to the ones used in fingers and wrist [52].

-

Earlobe-lobes specifically the lobule of the ears have a rich supply of blood from the subcutaneous
arteries, are thin without any bones or cartilage. Further compared to wrist and finger, they are
less vulnerable for any motion artefact [52].

There are many reviews on the PPG systems, circuits and design [53][54][55][56]. The objective of the
current literature is to evaluate different sensors which have been used in estimating the non-invasive
blood pressure. So in the following section the discussion is laid down on the studies which have used
PPG and combination of other sensors with PPG specifically to estimate blood pressure.
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Transmissive Mode

Reflection Mode

Figure 2.5: Pulse Plethysmography sensor placed on the finger can be in the reflective or transmissive mode.
The PPG maximum and minimum represents the state of systole and diastole. The dicrotic notch represents
the point where the aortic valve closes, representing the end of systole and the beginning of diastole.

Figure 2.6: PPG measured from different locations of the body along with the example of the sensor used.
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Figure 2.7: Different points taken in the ECG waveform and the PPG waveform to measure the Pulse Arrival
Time (PAT) or Pulse Transit Time (PTT) 𝑃𝐴𝑇𝑓 , 𝑃𝐴𝑇𝑚 and 𝑃𝐴𝑇𝑝 are the time elapsed from the ECG-R Peak to
PPG foot, maximum positive slope and peak, respectively 𝑃𝑇𝑇𝑓 , 𝑃𝑇𝑇𝑟𝑝 , 𝑃𝑇𝑇𝑓𝑝 are the PTT from the PPG
foot-foot, PPG peak-dicrotic notch and PPG peak-minimum slope, respectively [41]

b.

Electrocardiography sensors
ECG on the other hand records the integrated electrical activity of all the auto-rhythmic cells

of the heart. These signals are essential diagnostic tools for monitoring the activity of different parts
of the heart. They not only explain the heart rate but the contraction and relaxation sequences of the
atria and ventricles (Appendix A Table A.1 and Figure A.2). The ECG uses surface electrodes sitting on
the body with clinical diagnostic systems using 12-Lead ECG and ten surface electrodes [1]. Lead-II ECG
has been most used in diagnostics and interpretation, allowing measurement of the PQRST waveform.
Lead-II is parallel to the direction of the long axis of the heart (Appendix A Figure A.1), and the signal
explains the depolarisation and repolarisation of the atria and ventricles. This lead has been used in
most of the studies in blood pressure literature.

ECG and PPG Sensors for Non-Invasive Pressure Measurements
Poon [19] in 2005 built on the work of Chen by estimating both SBP and DBP using a set of
linear equations shown in (2.11)-(2.12) to calculate PAT (shown in Figure 2.7). However, Poon’s
technique required the measurement of calibration values using a sphygmomanometer for both SBP
and DBP. Their DBP results were good at an error of 4.5 ± 6.8 mmHg. This was because the DBP did
not change significantly over time for individual subjects from their calibration value. However, their
SBP error had a larger standard deviation 0.6 ± 9.8 mmHg since any activity or motion by the subject
affected the SBP, moving away from the calibration value and thus increasing the error.
𝐷𝐵𝑃 =

𝑆𝐵𝑃𝑜 2𝐷𝐵𝑃𝑜 2
𝑃𝑇𝑇𝑜
𝑆𝐵𝑃𝑜 − 𝐷𝐵𝑃𝑜 𝑃𝑇𝑇𝑜2
+
+ ln (
)−
(
)
3
3
𝛾
𝑃𝑇𝑇
3
𝑃𝑇𝑇 2

𝑆𝐵𝑃 = 𝐷𝐵𝑃 + (𝑆𝐵𝑃𝑜 − 𝐷𝐵𝑃𝑜 ) (
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𝑃𝑇𝑇𝑜2
)
𝑃𝑇𝑇 2

(2.11)

(2.12)
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Many studies have been published since Poon’s findings using the ECG-PPG sensor
combination. From 29 different studies, it was found that 12 reported their finding within AAMI
standards of error within 5 ± 8 mmHg. However, only eight had reported both SBP and DBP
measurements. The tabulated results are shown in Appendix A Table A.2.
All the studies are similar but with differences in the sensor's location, sample size and
different cohorts of subjects. A few key differences and the drawbacks of these studies are:
•

Different regression equations: linear, logarithmic, exponential, and polynomial equations
derived experimentally to estimate SBP/DBP from PAT have been used. However, it was
inconclusive whether one type of equation performs better than the other. Eleven studies [57],
[58], [67], [59]–[66] found a direct relationship between SBP/DBP with PAT, while four studies
[64], [68]–[70] claimed to have an inverse relationship. This highly depended on the subject pool
and the environment in which the data were collected.

•

Compounded error added from calibration: All the studies demand that the model is calibrated
with pressure pre-measured from an existing device. Two different calibration techniques have
been used, with one being subject-specific [22], [37], [71]–[73] and the other being universal [59],
[62], [74], where the constants related to the calibration values in the equation have been derived
from a group of subjects. Gesche [74] showed that the method of universal calibrations fails badly,
giving an error of ±19.8 mmHg for SBP and suggested on subject-specific calibration for such
techniques.
In all cases, the device used for calibration was a commercial off-the-shelf digital monitor
which are known to be inaccurate. This further raise concerns about trusting the results.

•

Subject’s Positional Differences: Gu [73] and Schoot [75] studied the effect of sitting and supine
positions. In both the studies, the performance seemed to be better in supine because of the
equally distributed hydrostatic pressure through the body. Zheng [37] showed night-time
estimation of SBP and DBP had an error of −1.4 ± 6.6 mmHg and 0.4 ± 6.7 mmHg, respectively,
compared to daytime where it was outside the AAMI specified range. They concluded that PAT is
not a good measurement of hydrostatic pressure changes.

•

Effect of Motion: Wong [58] studied the effect of exercise with their results showing the
performance degrades at rest from −0.5±4.7 mmHg and 0.4±3.1 mmHg for SBP and DBP
respectively, to during exercise to −1.3 ± 11.8 mmHg and 1 ± 7.8 mmHg for SBP and DBP
respectively. They concluded that calibration is a must to keep the error small in events of sudden
changes in pressure.
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Overall, most of the studies using the ECG-PPG combination have significant limitations. The
performance evaluated on small sample sizes in specific conditions was generally good. However, any
changes in the setting where the model was tested resulted in degraded performance. Most
importantly, multiple ECG leads have made it cumbersome in practical application, shifting the focus
towards other sensors.

PPG sensors for Non-Invasive Pressure Measurement
Standalone PPG sensors are less tedious to implement than combined ECG-PPG sensors. A
few researchers have tried to understand the patterns in the PPG signal and if they can be used for
blood pressure measurement. The studies are tabulated in Appendix A Table A.3.
Ding [76], [77] measured the ratio of the maximum and minimum intensity values of the PPG
oscillation and called it the Photo Plethysmogram Intensity Ratio (PIR). They found PIR to have a close
relationship with DBP.
𝑃𝐼𝑅 =

𝐼𝑠
𝐼𝑑

(2.13)

They calculated SBP and DBP based on a non-linear relationship shown in equations (2.14)
and (2.15). The error calculated was remarkable at 0.59 ± 3.1, -1.27 ± 2.11 and -1.45 ± 2.32 mmHg for
SBP, DBP and MAP, respectively, with a small sample size of 13 normotensive subjects.
𝑃𝐼𝑅𝑜
)
𝑃𝐼𝑅
𝑃𝐴𝑇𝑜 2
𝑆𝐵𝑃 = 𝐷𝐵𝑃 + 𝑃𝑃𝑜 (
)
𝑃𝐴𝑇
𝐷𝐵𝑃 = 𝐷𝐵𝑃𝑜 (

(2.14)
(2.15)

Building on the work from ECG-PPG PAT measurement, Nabeel [78], [79] measured the phase
shift between two PPG sensors placed at a fixed distance on the chest. They used this as an indicator
of PAT and calculated the PWV. Using a linear equation between SBP/DBP with PWV, they obtained
an error of ±7.93, ±6.33 and ±6.74 mmHg for SBP, DBP and MAP respectively. When compared to an
ECG-PPG sensor, the error was larger at ±9.21, ±12.11 and ±10.11 mmHg for SBP, DBP, and MAP
respectively. They concluded that ECG-PPG sensors placed between chest and finger lead to
inaccurate results.
Chen [80] developed a single-source PPG model. They measured the ratio of the peak-to-peak
amplitude of PPG and the mean slope of the rising phase of PPG and called this the Mean Slope Transit
Time (MSTT), given by,
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𝑀𝑆𝑇𝑇 =

𝑃𝑃𝐺 𝐴𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒

(2.16)

𝑂𝑛𝑠𝑒𝑡 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑠𝑙𝑜𝑝𝑒

Using a logarithmic relationship between SBP and DBP with MSTT on ten subjects, they
calculated the error as −0.91 ± 3.84 mmHg and −0.36 ± 3.36 mmHg, respectively. Further
comparing it with the PAT model calculated from the ECG-PPG combination, they obtained an error
of −0.18 ± 4.32 mmHg and −0.31 ± 4.78 mmHg from SBP and DBP, respectively. They concluded
that MSTT is coherent with the SBP and DBP while PAT is only coherent with SBP, thus performing
better.
Compared to ECG-PPG sensors, a few of the prime benefits of PPG based sensors studies are:
•

ECG-PPG models are heavily focussed on PAT, while here I found variables such as PIR and MSTT
have been shown to have a relationship with SBP and DBP.

•

ECG-PPG models estimate PWV from PAT over a distance. This regional PWV may be inaccurate
due to changed arterial stiffness due to tapering or winding of arteries, muscular contraction or
relaxation, and changes to the material properties. On the other hand, PPG sensors that are closely
placed will not experience significant variations in arterial properties.

•

ECG requires two or more electrodes. With the required leads, portable implementation becomes
impractical for long-term use. While with just PPG sensors, a single compact design can be worn
on the skin.

c.

Impedance Cardiography
Impedance Cardiography (ICG) is a non-invasive diagnostic technique used for the

measurement of stroke volume. It has been used primarily to diagnose congestive heart diseases and
blocked coronary arteries [81]. A tetrapolar electrode configuration shown in Figure 2.8 is used with
two voltage and two current electrodes placed on the neck and abdomen. The voltage drop is
measured by applying a high frequency (20 – 100 kHz) and low amplitude (1 – 5 mA) alternating
current across the pairs of electrodes. Using Ohm’s law, the bio-impedance is calculated, 𝑍(𝑡) =
𝑉(𝑡)
,with
𝐼(𝑡)

ICG calculated as the first derivative given by, 𝐼𝐶𝐺 =

𝑑𝑍
.
𝑑𝑡

The ICG trace is shown in the graph

in Figure 2.8. The A, B, C, X, O components are of crucial physiological significance. These points are
used in the calculation of PAT.
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Figure 2.8: Impedance cardiography sensor and signal. This is a tetrapolar configuration in which band
electrodes are used around the neck and chest. The low amplitude high-frequency current is applied, and the
voltage drop is measured from the adjacent electrodes. The derivative of the impedance waveform 𝑍(𝑡) given
𝑑𝑍(𝑡)

by 𝑉(𝑡)/𝐼(𝑡) is called the Impedance Cardiography, 𝐼𝐶𝐺 =
. A trace of the ICG waveform is shown in the
𝑑𝑡
graph above (Waveform adapted from Yazdanian et al. [82]).

Wong et al. [83] measured PAT from the ECG-Q to ICG-E wave and estimated the SBP using a
linear model with an accuracy of ±5.4 mmHg, but not DBP. Multiple studies from Huynh [84]–[86] and
a recent study from Rachim [87] developed wrist wearable ICG systems with multiple sets of ICG
electrodes. Huynh measured the time duration between the C-peaks of two ICG electrodes placed at
a fixed distance obtaining an accuracy of 7.47 ± 2.15 and 5.17 ± 1.81 mmHg for SBP and DBP,
respectively.
Rachim, however, measured the transit time between B and C waves of the same ICG and
using exponential model they achieved an accuracy of 4.20 ± 1.66 and 2.90 ± 0.90 mmHg for SBP and
DBP, respectively. However, both techniques required subject-wise pre-calibration.
Limitations of ICG
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In these studies, a few key limitations were observed:
1. All required subject-specific calibration.
2. There is a high static impedance of the skin compared to any changes of impedance occurring
underneath the skin's surface, such as due to the flow of the blood [88]. This makes any detection
harder for slight changes due to the flow of blood.
3. Motion artefacts easily distort the signals. These artefacts involve breathing [89] and
electromyogram signals from the muscles. These artefacts are randomly superimposed over the
ICG signals.
4. Liu [90] mentioned that ICG signals could not be monitored during exercise due to low signal to
noise ratio (SNR) from strong motion artefacts.

d.

Ultrasound Systems
Ultrasound systems have been used in the field of imaging and blood flow detection since the

early 1950s. Currently, ultrasound is a mature medical imaging modality. Researchers have tried to
incorporate different forms of ultrasound to help estimate BP either by detecting the arterial diameter
[91], [92] or by studying the Doppler shifts in the signal [93].
Joohyun et al. [91] measured the arterial diameter and blood velocity using a miniature
custom two-element ultrasound system. Using the diameter, they calculated the cross-sectional area
of the lumen and further the volumetric flow rate, 𝑄 = 𝑎𝑟𝑒𝑎 × 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦. They proposed using the
flow rate-area curve (Figure 2.9) to estimate PWV, and using Bramwell-Hill in equation (2.10), they
measured the pulse-pressure (Δ𝑃). However, to estimate SBP, they measured the DBP using a digital
monitor and added it to Δ𝑃. Tested on nine subjects, they obtained the best performance of ±4.9
mmHg and worst performance at ±13 mmHg for SBP.
In another series of studies, Joseph [92], [94], [95] used a single ultrasound transducer to
estimate arterial diameter. Using a Hall-effect sensor, they measured the PWV between the arterial
diameter waveform and the peak of the Hall-effect waveform, and estimated pulse pressure from
PWV using the Bramwell-Hill model. Their comparison to a pulse pressure obtained from a digital
monitor had a Pearson Correlation of 0.86. They could not estimate SBP and DBP.
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Figure 2.9: Volumetric flow rate and arterial lumen area measured using a two-element ultrasound system.
The PWV is calculated as the slope of the reflection-free period. (Image adapted from Joohyun, 2015 [91])

Even though the measurement of diameter and velocity are significant and may have valuable
relationship with pressure following laws of pulsatile fluid mechanics, most of the research using
ultrasound has shown some limitations:
1. Ultrasound requires sophisticated hardware and processing systems for the transducer,
transmitter, and receiver. It also requires significant power reducing portability.
2. High resolutions are possible with arrays of transducers rendering the system even bulkier. Low
resolution may hinder the accuracy of the components.
3. The use of liquid gel to reduce the impedance between the skin and transducer may become
problematic for the user.

e.

Other Sensors
Lee [21] designed a magnetic Hall-effect sensor system that has waveforms like PPG signals.

They used a linear equation with multiple variables with different feature points derived from the
signal: rise-time, fall-time, and peak distances. The systolic and diastolic accuracy was measured at
±8.3 mmHg and ±4.9 mmHg. With a small dataset size, no absolute conclusion could be derived.
Many studies [96]–[101] used force-based sensors to detect distortion in the skin caused by
blood pulsation, similar to applanation tonometry. Boubouchairopoulo [97] did a validation study on
a device with a force sensor on 313 patients. They achieved an accuracy level within the AAMI
standards at 3.2 ± 6.74 mmHg and 2.6 ± 4.6 mmHg for SBP and DBP. However, the device again
required subject-wise pre-calibration.
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There have been many other types of sensors reported in the literature comprising of
ballistocardiogram [102], [103], radar [40] and strain-gauges [98]. However, their performances have
been highly inaccurate outside AAMI standards compared to the general ECG and PPG sensors.

2.3.1.3. Summarising Equation-Based Approach
All the studies reviewed have used relatively low sample sizes to test their theory. Out of 49
studies, 45 used a cohort sample size of less than 50. Only two studies reported sample sizes greater
than 100. This is a critical problem in the generalisation of the developed models, as it is unclear how
well they will perform when tested on different groups of people or larger samples.
Apart from the mode of calibration, there is a debate on the frequency of calibration. While
Tang [104] suggested once a month calibration is enough, Ding [105] found performance degrades
from ±10 mmHg and ±5 mmHg to ±14 mmHg and ±8.5 mmHg after a month for SBP and DBP,
respectively suggesting more frequent calibration. McCarthy [106], however, observed that using the
Moens-Kortweg model, the performance falls within minutes of calibration and such techniques
cannot be trusted in the long run. This is a consequence of the position or activity the subject is
conducting, resulting in pressure changes that further cannot be recognised by the linear models with
a single variable such as PAT.
Most of the studies have evaluated their model on normotensive subjects, with only three
having studied its effect on cardiac and hypertensive subjects. Using a linear PAT model, Garcia [63]
showed that error goes up to ±15 mmHg in hypertensive patients. Spießhöfer [107] showed that the
performance degrades in cardiac patients with irregular ectopic beats as the QRS complex frequency
changes constantly. Further according to Buxi [108], presence of any ectopic beats causes a change in
the QRS wave shape. This further has a high chance of distorting the signal, subsequently leading to
incorrect PAT calculation and BP estimation. Suggestions have been made that measuring parameters
not significantly affected by the heart rate may improve estimation accuracy.
Overall findings suggest that ECG-PPG sensor combinations are quite popular historically due
to the relationship between pressure and PAT. However, they have not been validated on a large
number of people. ECG, ICG and even ultrasound sensors are bulky and inefficient for everyday use if
the pressure must be monitored continuously, restricting freedom of movement of the subject.
However, to answer the problem of creating a more generalised model to estimate pressure
accurately on a large group of people, the focus has shifted towards machine learning approaches.
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2.3.2. Machine Learning Systems in Blood Pressure Estimation
Equation-based models did not perform well in every clinical scenario. Researchers have
moved towards more robust models using machine learning (ML) algorithms. The idea is that with
many patients' data, these algorithms can learn complex relationships between the input features and
the output blood pressure. The complexity may increase manyfold with several variables which will
be rather hard if not impossible to derive by hand.
This section discusses the different signals and associated datasets used in developing
machine learning models, the feature engineering used on these signals, and the different reported
studies using different models – their performances and limitations.

2.3.2.1. Datasets for Machine Learning
Blood pressure data (invasive or non-invasive) and bio-signal data such as PPG, ECG, and BCG
can be acquired in two ways; through a data collection study [109]–[112], or from an open-source
database [113]–[115].
There are benefits of self-collected data such as (1) the opportunity to investigate new and
innovative sensors which are not readily available, (2) having control over the quality of data and the
cohort (healthy or diseased subjects). However, the data collection process can be expensive,
cumbersome, and tedious for machine learning purposes where large sample sizes are required.
Nevertheless, many studies have created their own small datasets (usually from less than 50 subjects)
from ECG, PPG [109], [111], [112], BCG [116], piezoelectric [110], [117], [118] sensors. Interestingly, a
few even have used sample sizes as small as ten [111], [119].
Studies such as [114], [115], [120]–[124] have used readily available data such as the ECG, PPG
and ABP from an open-source database called MIMIC (Medical Information Mart for Intensive Care
[125]) containing thousands of patients. Nevertheless, even among these studies, it was observed that
some limited themselves to only a small subset of data [118], [119], [126].
From the 33 different studies which used machine learning algorithms further summarised in
Figure 2.10a, it is noted that:
•

15 studies used sample sizes of less than 50 patients

•

Five studies used sample sizes between 50-100 patients

•

Six studies used sample sizes between 100-1000 patients

•

Only seven had reported a sample size of more than 1000 patients

30

Cuffless Blood Pressure Monitoring – A Literature Review
Further, 15 out of the 33 studies used the existing MIMIC-II or MIMIC-III database (Figure
2.10b). From these, 6 used only a subsection of the database with less than 110 subjects, while eight
reported subject numbers ranging from 285 by He [127] to Gaurav [115], Hsu [122], Kachuee [114]
and Kurylyak [121] reporting between 3000-5000 subjects. Senturk [124] mentioned MIMIC use but
did not talk about the sample size they had used in their study.
The effect of the model performance becomes questionable when trained on a smaller dataset.
Potential issues include:
1. The model is unlikely to perform well over a large population, giving the same problem as
equation-based models.
2. There will be overfitting on the data on which the model was trained, making it biased, providing
a false sense of accuracy.
3. There is no justification for using deeper models such as neural networks with significantly fewer
data as they are data-hungry models.
4. The model may not perform equally well on different populations of different demography and
race. This raises an issue on scalability.

While small datasets have been an issue, techniques of transfer learning can be used to work
with such small sizes. Here the term transfer learning refers to taking a trained model on a similar
problem and customising it to a different dataset or problem. The technique involves by obtaining a
pre-trained deep network model having been optimised for a problem such as time-series forecast of
weather or stock market. The superficial layers (layers near the input) are frozen from modification
due to training and the deeper layers are trained with inputs customised to existing problem such as
ECG-PPG features – SBP/DBP output. However, such technique has been seldom used in the current
problem domain. This is because pre-trained models in regression domain are scarce. They are more
popular in classification problems pertaining to vision and natural language processing world. Only
two studies [128], [129] recently have tried investigating such techniques further discussed in section
2.3.2.3.b.
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(a) Sample size distribution reported by different
studies. Most of the studies tend to use a smaller
sample size of mostly less than 100 samples.

(b) Pie chart distribution of the studies inclined to use
the online MIMIC database to acquire the
physiological signals for developing machine learning
algorithms.

Figure 2.10: Results related to sample size and dataset from different machine learning blood pressure
studies.

2.3.2.2. Feature Engineering
In blood pressure estimation, supervised learning has been primarily used. This technique
involves providing features and marked outputs to the machine so that a relationship can be
developed. The process of finding these features is called Feature Engineering. In most of the studies
reviewed, the features have been derived from sensors such as ECG [111], [112], [130], PPG [111],
[130]–[132], BCG [133] and pressure sensors [134], [135].
These features can be hand-crafted from the signals themselves involving time, amplitude,
and frequency-based information [112], [117], [130], [131], [136], [137], or they can be use of the
entire signals [114], [123], [138], [139]. Here, a few of the key findings from the features other than
PAT from these sensors, and their relationship to blood pressure have been discussed.

a.

Hand-Picked Features
Selectively picking features from the input signal is the more traditional approach. The

benefits are that the researcher has control over the type of feature which goes into the system. This
helps in developing a relationship based on prior knowledge between the input and output.
In most cases, this technique is heuristic with random selection or no justification, as has been
done by many [115], [121], [140]. In a very few studies, it was found that researchers have used some
rigorous and methodical selection processes such as Orthogonal Matching Pursuit [113], Genetic
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Algorithm [111] and feature-output relationship studies [131]. These have helped assess which
features are suitable, and which can be ignored as they do not have any impact on learning.
Feature-Output relationship study has been the typical approach. The Pearson correlation is
calculated between many of the derived features with that of SBP and DBP. Features with moderate
to high correlation are chosen.
Here is a discussion on various commonly derived features involving time, amplitude,
frequency and anthropometric measures, and their impact on blood pressure estimation.

Time-Based Features
Sixteen studies [109], [111], [141]–[146], [115], [118]–[122], [127], [138] used time-based
features such as length of the cardiac cycle (RR Interval, PPG period), time and length of the dicrotic
notch, and rise and fall time, as shown in Figure 2.11. Most of the features are heuristically selected
with a few based on the previously established studies. Martinez [147] studied the morphological
relationship between PPG and ABP and showed a very high Pearson correlation (>0.9) between the
time series events of the two signals on more than 100 subjects. Jain [113], using a greedy search
algorithm to filter the features, showed that ECG-QRS duration, ECG-PT wave duration, PPG peak and
foot distances between subsequent cycles have the highest effect in training accuracy of SBP and DBP.
One of the important features that directly impact blood pressure is arterial stiffness index
(ASI) [114][120]. It is calculated as the ratio of the peak time of PPG (or force sensor) and the dicrotic
notch time [114]. This has shown an inverse relationship with pressure – the larger this ratio, the lower
the PWV and lower the SBP [148]. Many studies have knowingly or unknowingly considered this a part
of their feature vector [111], [121].
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Figure 2.11: Time based feature from a pulse. Most of the studies have used the rise time and the fall time.
However, there have been better correlation observed between the ASI and the diastolic time with SBP and
DBP.

Although rise time of PPG is the most common feature chosen, studies such by Chengyu [149]
show that increase or decrease in SBP or heart rate is not very well reflected by rise time. On the other
hand, the diastolic period (Dt in Figure 2.11) from the dicrotic notch to the end of the cycle is a
potential indicator of blood pressure with increased Dt showing a more compliant artery and a
consequently reduced SBP.

Amplitude Features
Features such as the height of the rising inflection point, height of the dicrotic notch, rising
and falling slopes as shown in Figure 2.12a and area under different parts of the curve as shown in
Figure 2.12b are the common ones which have been studied in the literature. However, these features
are limited to sensors with continuous waveform shapes such as PPG.
Ding [20] showed that the height of the PPG signal (𝐴𝑃2𝑃 shown in Figure 2.12a) provides a
close relationship with DBP, but not with SBP (discussed under 2.3.1.2.b). This has been further
demonstrated by many different studies [114], [115], [120], [122]. However, Martinez disagreed,
claiming that PPG amplitude does not correlate with SBP or DBP with their correlation 𝑟 2 values in the
studies calculating to be approximately 0.
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(a) Amplitude-based features from pulse signal

(b) Area based features from the pulse signal

Figure 2.12: Different amplitude-based signals from the pulse signals obtained in various studies as features
to the machine learning algorithms.

Figure 2.13: Acceleration PPG indicates the acceleration of the flow of the blood. Key components of the
signals are marked by the a, b, c, d and e waves.

Augmentation Index (AI), defined as the ratio of the height of the dicrotic notch to the pulse
signal's peak-to-peak amplitude, is a measure of arterial stiffness [150]. Faster PWV results from a
higher AI, pushing the dicrotic notch closer to the pulse peak. This is an indicator of increased SBP.
Nakae [151] found a slight positive correlation between SBP and AI, with 𝑟 2 of 0.5. AI has been used
in multiple studies [114], [120], [122].
In a series of two studies by Wang [152], [153] they found that the ratio of the peak amplitude
PPG Fourier Transform (FT) and the amplitude of the first harmonic of PPG FT has a negative
correlation with SBP and DBP having 𝑟 2 = −0.78 and 𝑟 2 = −0.60 respectively modelled on 28
subjects. They called this ratio as Normalised Harmonic Area (NHA). In their second study they further
found in time domain, ratio of the DBP area (total area from dicrotic notch to off-set) to the SBP area
(the total area from onset to dicrotic notch) (Figure 2.12b) of the PPG signal as an indicator of the total
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Acceleration
PPG Wave
a
b
c
d
e
b/a
c/a
d/a
e/a

Compliance and Pressure Related Significance
Beginning of the systolic phase, the maximum positive inflection on the
rising edge
The negative inflection in the rising edge
Late systolic, increasing wave
Late systolic, decreasing wave
Dicrotic notch, end of systole
A higher ratio indicates increased arterial stiffness with increased SBP.
Also indicates the vascular ageing
A higher ratio indicates decreased arterial stiffness or increased
distensibility
Same as c/a
Same as c/a

Table 2.1: Components of acceleration PPG and their relation to compliance and pressure [154].

peripheral resistance (TPR) which is further related to the mean arterial pressure (MAP) given by
equation below,
MAP = Cardic Output × TPR

(2.17)

A few studies have used the idea of Wang’s PPG area ratio as features [111], [120], [136] while
a few [136], [144] have used NHA as features.
Acceleration of the blood in the arterial segments calculated as the second derivative of the
PPG has been studied by [115], [122]. The signal is marked by five components, namely the a, b, c, d,
and e waves, related to pressure and compliance as shown Table 2.1 and Figure 2.13. Rather the
𝑏 𝑐 𝑑

𝑒

absolute values of the amplitudes, the ratios of the amplitudes such as 𝑎, 𝑎, 𝑎 and 𝑎 have been related
𝑏

to the arterial compliance. Increase in 𝑎 indicates a higher arterial stiffness which further increases
the SBP while increase in the other three ratios indicate a decreased stiffness leading to a higher
compliance and decreased SBP and pulse pressure as shown in Figure 2.3.
Frequency and Time-Frequency Features
A few studies have considered the effect of the harmonics of the signals and time-frequency
features such as spectrograms and wavelets. Hsin [155] showed that the central frequency of HR
spectral energy and the corresponding first three harmonics correlate as close as 1.0 for both PPG and
ABP signals. Xing [126], in their study, only used frequency and phase-based features rather than timebased features. They reported that frequency features are more stable and represent an average of
multiple cardiac cycles and are better as features for blood pressure estimation.
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Martinez [147] conducted a frequency domain out-of-phase analysis where they considered
parameters such as coherence and connectivity (Coherence, Partial Coherence, partial Directed
Coherence) of the PPG and ABP signals. These parameters reflected a marked difference between the
normotensive and hypertensive subjects. They found that with an increase in ABP, the coherence and
coupling between the signals increases. This is because the sensors are placed at different locations,
with a time lag between the two signals. Increased pressure reduces the phase difference between
the two signals.
A study by Schlesinger [156] converted segmented PPG signals into spectrograms. Using an
image recognition model, they trained the model to estimate the regression values of SBP and DBP.
However, they did not justify if the spectrograms were good in estimating blood pressure. They did
not analyse whether high or low blood pressure have different harmonics or the energy distribution
in different harmonics show any pattern in their spectrograms. Their results also showed to be not
within the AAMI range with SBP error at 0.48 ± 9.81 mmHg on patient specific trained models and
0.49 ± 11.27 mmHg for generalised models over a group of patients. Even though they claimed to
have used large data of 136,000 worth 30-seconds PPG signal spectrogram from 329 adults,
spectrogram features did not seem to add any benefits.
Scalogram and discrete wavelet transform (DWT) have been recently preferred more over
spectrograms. They provide better time-frequency resolution. Wang [157] stated using scalograms of
PPG signals low-frequency components such as heart rate, vascular relaxation, breathing, and the
vasomotor response could be differentiated well. Gao [141] obtained discrete wavelet transform of
60 seconds window of PPG signal. However, the only justification they gave was DWT provides better
periodic characteristics of the signal. Apart from this they did not give any relationship, patterns or
statistical reasoning between these coefficients and blood pressure.
Overall, time-frequency features have not been very well investigated except selecting the
features heuristically.
Demographic and Anthropometric Parameters as Features
A few studies [112], [158] used age as a feature on the basis that older people will have stiffer
arteries demonstrating different physiological responses such as missing dicrotic notches and
increased Augmentation Index, further increasing the SBP (Figure 2.14). Wu [158], using age as a
feature, could not obtain a high level of accuracy with a performance of SBP at ±10 mmHg for 50% of
the data. A similar study by Simjanoska [112], on the other hand, used higher-order statistics such as
signal entropy, auto-correlation coefficient, fractal dimension, along with age. They obtained an
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Figure 2.14: ABP waveform of different age groups. Stiffened arteries have an increased SBP. Further, there
is a change in the shape of the waveform during the falling phase (Image adapted from Nyhan et al. [159]).

excellent performance result at ±7.86 mmHg and ±6 mmHg for SBP and DBP with subject-specific
calibration. However, in most studies, the lack of data on age has resulted in eliminating this
parameter as the feature. For instance, even though the MIMIC database has thousands of bio-signals,
only a fraction of them have associated age information.
From a gender perspective, physiologically, men have a higher average blood pressure than
women, putting them at higher risk of cardiovascular diseases [160]. A study by Kim [161] evaluated
Augmentation Index (AI), pulse pressure and PWV on 1,588 subjects with 51% females. They showed:
•

PWV and pulse pressure are higher in men

•

Women had a higher AI

•

In males, AI and PWV were positively associated with age and SBP while negatively with BMI

In females, AI and PWV were positively associated with age and DBP but not with BMI. While most
of the studies have collected or used data to train and evaluate models having a balance of males and
females, gender as a feature has not been specifically investigated.
b.

Whole-signal Features
Deep learning models can be utilised to automatically extract features through image

recognition or time-series extrapolation. Researchers have used this knowledge to provide machine
learning models with the complete signals themselves as features. The advantages of such work are:
•

No requirement of heuristic feature selection. The machine can select part of signals
which form better relationships with blood pressure.
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•

No errors arising from missing features. For instance, if the dicrotic notch is missing and
cannot be manually calculated but knowing the shape of the signal around the falling
phase where dicrotic notch is supposed to occur, machine can have an idea about the
compliance of the artery further leading to developing relationship with the blood
pressure.

•

The machine can derive dynamics from the previous time-steps of the signal and develop
relationship with the present time-step and its effect on the blood pressure. This temporal
effect is primarily used in time-series models.

ECG and PPG signals have been used predominantly in studies using whole signals as features
for machine learning. As stated by Martinez [147] that the ABP signal (change in pressure) causes the
PPG signal (volume change), so, there is an intricate relationship between the two. However, no such
causality claims have been made between ECG and ABP.
One key feature captured in such longer duration signals is the effect of breathing. This is
reflected by the low-frequency oscillation observed in the ECG or PPG signal over time. Breathing itself
has a direct relationship with blood pressure. Herakova [162] monitored the effect of deep breathing
on the oscillometry blood pressure readings. They found that the SBP and DBP were reduced by a
mean value of 3 – 5 mmHg in deep breathing compared to normal breathing rates in different subjects.
However, no studies have been found investigating breathing in cuffless pressure measurement.
Studies such as by Heydari [163] eliminated the oscillations due to the breathing before extracting the
features and developing cuffless models.
One of the biggest disadvantages and challenges involved in using whole signals as features is
the model needs to be complex and large to understand the signal contours and shape. By large here
it means that there must be enough degree of freedom (coefficients) which can be learnt across signals
from subjects. There must also be a recursive structure where past information can be stored for the
signal and used to estimate the present output. Such complexity makes it even harder to understand
the internal workings of the model and high level of expertise is required. This therefore has restricted
to only a few newer studies.

2.3.2.3. Models and Performances
Apart from the different features and sample sizes, the essential part of machine learning is
the algorithm used. Algorithms include support vectors, ensemble or multivariate regression or Deep
Learning with neural networks and variants. Each of the techniques has pros and cons. The following
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discussion is restricted to those studies that have either used large dataset sizes or have used unique
algorithms.
a.

Multi-Layer Perceptron
There have been a significant number of studies using multi-layer perceptron (MLP) which can

either be shallow single hidden layer networks or deep with many layers [111], [119], [164], [120],
[121], [133], [136], [144]–[146], [158] or deep with many layers [115], [122]. The sensors used, several
features, layers, neurons, and error results are shown in Table 2.2. Most of the studies have used sizes
of fewer than 50 subjects. These are concerning as the accuracy provided by these studies are high
which is because of the overfitting of the models. Maher [120], Wu [158], Kurylyak [121], [146], Hsu
[122] and Gaurav [115] had a large sample size in their studies.
Gaurav [115] used the MIMIC database to develop a deep feedforward and backpropagation
multilayer network. Gaurav extracted 47 features from the PPG and ECG signals every cardiac cycle
adding to millions of instances from 3000 unique patients. They trained three MLP models to estimate
the SBP and three to estimate DBP. They obtained an accuracy of 0.03 ± 4.72 mmHg and 0.16 ± 6.850
mmHg on DBP and SBP, respectively. The overall SBP and DBP were the weighted average of each of
the three MLP models.
Similarly, Kurylyak [121], [146] came up to two studies. In one they used 5000 cardiac cycles
and in other they used 15000 cardiac cycles obtained from the MIMIC database. However, the author
did state that the cardiac cycles are either from different subjects or different time instances of same
subject. This makes it unclear on exactly how many unique subjects are present. They showed an error
of 1.79 ± 2.02 mmHg and 3.24 ± 3.47 mmHg in 5000 cycles and 2.21 ± 2.09 mmHg and 3.80 ± 3.46
mmHg in 15000 cycles for DBP and SBP respectively. There is a high possibility that the same patient’s
cardiac cycle could be present in both the training and testing datasets, giving a false sense of high
accuracy in both Gaurav and Kurylyak.
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Lee [133]
Wang
[136]

2019

Wu [158]

2015

Xiao [145]

MIMIC

Std
DBP
(mmHg)

DBP Mean
(mmHg)

Std
SBP
(mmHg)

SBP Mean
(mmHg)

Neurons

Hidden
Layers

Sensor
BCG/
ECG/ PPG

Sample Size

Name

Number of
features

Year

Cuffless Blood Pressure Monitoring – A Literature Review

5

30

1

25

0.0123

6.7452

0.0532

5.8317

No

12

30

1

30

0

2

0

2

No

6

240

1

10

0

10

-

-

Yes

2017

Piezoelectric
ECG/
Anthropometric
Radial
Pressure

23

62

1

10

2

3.5

-

-

No

Tu [144]

2018

Strain Sensor

22

35

1

30

1.35

3.45

2.29

3.28

No

Tan [111]
Maher
[120]

2018

PPG/ ECG

17

10

1

15

0

5.899

0

4.821

No

2020

PPG/ECG

10

2000

1

10

6.812

8.785

13.24

17.52

Yes

Xu [119]
Kurylyak
[121]
Kurylyak
[146]
Gaurav
[115]

2017

PPG/ ECG

26

10

2

55

4.5

6.13

3.4

3.37

Yes

2013

PPG

21

5000

2

55

3.97

4.32

2.34

2.25

Yes

2013

PPG

21

2

55

3.8

3.46

2.21

2.09

Yes

2015

PPG/ ECG
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3000

4

0.03

4.72

0.16

6.85

Yes

Hsu [122]
Ruiz
Rodriguez
[164]

2020

PPG

32

9000

4

400
>
1000

3.21

4.63

2.23

3.21

Yes

2013

PPG

-

572

-

-

-3

19

-4

9

No

2018

5000

Table 2.2: Different studies using shallow and deeper neural networks. Most studies have used a
smaller size, single hidden layer and very few hidden neurons. Four studies used large data sizes, out of which
a further 3 (Kurylyak, Gaurav and Hsu) have used a deeper network.

A study by Hsu [122] claimed to have created a generalised model extracting more than 2
million samples from 9000 PPG signals from the MIMIC database. The network consisted of more than
16000 hidden neurons over four layers. The accuracy obtained was 3.21 ± 4.63 mmHg and 2.23 ±
3.21 mmHg for SBP and DBP, respectively. However, they reported the performance on the training
data only. There was no evidence of validation or test data performance.

Effect of Deeper Layers and More Neurons
Single hidden layer networks, often called Linear Neural Networks have been commonly used
in BP estimation studies. These may work better with small datasets but fail to understand any nonlinearity present between the features and output. This might be one of the reasons Wu [158] and
Maher [120] had bad performances using these on a large dataset.
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Overall, the use of single layer or shallow MLP models has shown to have both pros and cons.
The pros are (1) more straightforward implementation, (2) fewer features to extract, (3) easy to debug
and understand the performance. The cons are (1) fails in generalisation over a large dataset, (2)
unable to extract complex relationships of underlying physiology, (3) missing features may not be
handled well.
Deep MLP has seldom been used due to the high computational power required.
Nevertheless, the studies which have used them have reported better accuracy levels on large
datasets. They can learn non-linearity well; however, there is a threat of overfitting. Speculating Hsu’s
[122] study, they used thousands of neurons and one of the biggest MLP structures in all the studies.
Their test and validation performance may have been jeopardised due to significant overfitting.

b.

Deep Learning – Time Series Models
Recurrent neural networks (RNNs) and variants such as Long Short-Term Memory (LSTM) and

Bi-Directional LSTMs architectures have been used in a few studies [123], [124], [128], [165]. The use
of RNN enables the estimation of blood pressure waveform or SBP or DBP waveforms based on past
estimates. Since the present state of the human body will be dependent on previous state, previous
estimations can be used as input for learning and estimating the present state.
A study by Su [165] used a bi-directional LSTM structure shown in Figure 2.15. In this study,
the input (𝑥(.) ) to each unit was a vector of time and amplitude features (a total of seven) from one
cardiac cycle of PPG and ECG signals. The preceding and subsequent unit’s inputs were the previous
and next cardiac cycle’s features. They created a per-subject based LSTM network trained on resting
data for 10 minutes and then tested the performance at various intervals (1st, 2nd, 4th day and 6
months). They reported an RMSE of 3.73 mmHg and 2.42 mmHg for SBP and DBP, respectively,
immediately after training. The longer-term interval data obtained a mean drop in accuracy to 5.81
mmHg for SBP and 5.21 mmHg for DBP for all subjects after 6 months. While these longer-term data
were impressive, on the flip side, each model was trained on an individual subject and practical
implementation may not be feasible.
Contrary to models based on individual features, a few studies used the whole-signal features
instead [116], [123], [128], [129]. Tanveer [123] used ECG and PPG signals of 2 seconds each,
concatenated them into a single vector and passed them as an input to the LSTM input feature for a
single unit. They showed exceptional accuracy ±1.56 mmHg and ±0.8488 mmHg for SBP and DBP on
39 subjects. However, like Su and Senturk [124], each model was trained per subject. From these
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Figure 2.15: Bi-directional LSTM structure used by Senturk and Su (Image reference: [166]). The
inputs to the system instead of a time-series vector (𝑥𝑡−1 , 𝑥𝑡 , 𝑥𝑡+1 … ) are features derived from PPG and ECG
sensors for the present state.

studies, the potential for use of temporal features derived from ECG and PPG features by LSTM is well
demonstrated.

Advanced Time Series Models
While the above-discussed studies had used small datasets in RNN and variants, Slapničar
[128] used significantly large datasets (sample size > 510) from MIMIC. Using only PPG signals for
pressure estimation, they developed a complex network structure built on RESNET [167]
Convolutional Network and Gated Recurrent Unit (like LSTM). They obtained five seconds (625
samples) of PPG, first and second derivative of PPG as features across all the subjects and trained their
model. Afterwards they used transfer learning on the RESNET. In transfer learning Slapničar further
trained the RESNET on a few minutes to hours of patient-specific signals – a calibration training. Their
results of SBP, however, had a standard deviation of ±9.43 mmHg, which does not adhere to the AAMI
standards. This study, however, was one of the very few that used an extensively large dataset with
deep architecture following the proper data splitting protocols.
Eom et al. [116], in their first of its kind study, used the Attention Network-based
Convolutional Neural Network to estimate SBP and DBP from ECG, PPG and BCG signals. The attention
component is designed to derive features from the region of interest, such as specific contours of the
signals. They stacked five seconds of the signals from the three sensors into a 2D matrix and passed
this through a CNN-GRU-Attention network. For ECG-PPG-BCG sensors, they obtained an error of 4.06
± 4.04 mmHg and 3.33 ± 3.42 mmHg for SBP and DBP respectively, and for ECG-PPG, they obtained
4.46 ± 4.06 mmHg and 3.70 ± 3.37 mmHg for SBP and DBP respectively. Further, the use of Attention
layers in the network showed accuracy to improve for SBP but did not significantly affect DBP accuracy.
This was the only study to have trained such a model without requiring subject-specific training.
43

Thesis

Author

Sample
Size

Model
Type

Feature Type

Number
of
Features

SBP
Error

DBP
Error

Training

Comment

Slapničar
,
2019
[128]

510 (700
h signal)

RESNET +
GRU

PPG
and
derivatives

625

9.43

6.88

Wang,
2018
[118]

90
(58,795
signals)

ANN

PPG
Spectral
Features (Hand
Extracted)

22

4.02 ±
2.79

2.27
1.88

±

General
Training
followed by
Per-subject
-

Outside
Range,
Anomalies
ignored
Hand
extracted
features

Tanveer,
2019
[123]

39

LSTM

Concatenated
PPG + ECG

513

±1.56

±0.8488

Per-subject

Su, 2018
[165]

84 (840
minutes)

Bi-LSTM

ECG + PPG
Features (Hand
Extracted)

7

3.73

2.43

Per-subject

Small
dataset
biased
model
Hand
extracted

Senturk,
2018
[124]

-

Bi-LSTM

ECG + PPG
Features (Hand
Extracted)

22

3.63

1.48

Per-subject

Hand
extracted
features

Eom,
2020
[116]

15 (450
minutes)

CNN + BiGRU
+
Attention

BCG, ECG and
PPG Signals

652

4.06 ±
4.04

3.33
3.42

±

Generalised

Ibtehaz
2020
[129]

942

Encoder +
Decoder

PPG

250

-1.58
±
10.69

1.62
6.86

±

Generalised

Small
dataset
–
biased
model
Large
dataset,
higher SBP
error

Table 2.3: RNN models summarised studies

However, a few limitations observed were (1) the use of multiple sensors and the inclusion of only
healthy subjects with acceptable ranges of BP and no anomalies, (2) A small sample size of 15 subjects
which will cause a significant amount of overfitting, does not justify if the signals are representative
of the entire population.

Advantages and Disadvantages of Time-Series Models
From the studies involving time series summarised in Table 2.3, a few conclusions can be
derived related to the advantages:
1. Learning signal’s temporal features such as the structure of the signal few seconds or even
minutes before will be beneficial. The machine may find patterns which humans will fail to
extract.
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2. These techniques provide an automated means of deriving the features. This avoids designer to
undergo through an exhaustive process to understand the relationship between each feature
with the output.
3. This method provides a means of continuous beat-to-beat measurement of blood pressure [129].
However, one primary disadvantage is that they are a more complex model, leading to
overfitting. The use of small dataset sizes such as by [102], [123] and possibly by [124] will give a biased
model. Another limitation observed from the reviewed papers was that there was not much
investigation into training a universal model. For the signals collected from each patient a subjectspecific model was created except Eom [116]. This is a scalability challenge and require further
investigation.

c.

Machine Learning Models
Quite a few studies considered implementing simpler machine learning models such as

support vector machines (SVM), decision trees and boosting. However, these have been trained on a
small dataset compared to the neural networks and have shown inferior results. These results are
tabulated in Table 2.4. Studies by Kachuee [114], He [127], Yan [168] and Dey [169] have used by far
the largest sample sizes within the surveyed literature.
Support Vector Machines (SVM) have been used for a long time even before the
implementation of neural network. SVM considers a few of the data points as important called
landmarks. They create a fitting function through these data-points along with surrounding margin
boundary lines. These boundary lines define the certainty at which the prediction lies within a region.
A few authors have considered using SVM [110], [114], [141], [143]. Four of the studies which used
regression have been shown in Table 2.4. Only Kachuee [114] had used a large dataset of 3000 patients
from MIMIC but the performance was worse at 12.65 ± 10.33 mmHg for SBP. Overall, SVMs have
shown to perform better in small datasets, but they are not powerful enough to extract deeper
features, unlike neural networks.
Adaptive boosting is one efficient technique shown to have performed well. In a nutshell,
boosting creates one model and tries to fit all the data points to that model. There will be a high
percentage of data misclassified or underfitting. The points poorly predicted by the model are given
higher weights. Boosting creates another model with the poorly predicted points given higher priority
which dictates the new model. This process then repeats learning from previous models, and it
iteratively creates models until the final sequential model can predict all the points with the least
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Author

Sensor

Gao, 2016 [141]
Kachuee, 2017 [114]

Model
Type
SVR
SVR

Peng, 2015 [110]

SVR

Sounds

Duan, 2016 [143]
Kachuee, 2017 [114]
He, 2016 [127]
Simjanoska,
2018
[112]
Slapničar , 2018 [138]
Yan, 2019 [168]
Atomi, 2017 [109]

SVR
Ensemble
Ensemble
Ensemble

Zhang, 2017 [170]
Kachuee, 2017 [114]
Dey, 2018 [169]

Linear
Linear
Lasso
Linear
Linear
Linear

Suzuki, 2015 [171]
Kondo, 2014 [142]

Ensemble
Ensemble
Linear

Number of
Features
5
5 + 10s
signal
3

Sample
Size
5
3000

SBP Error
[mmHg]
5.1 ± 4.3
12.65 ± 10.33

DBP
Error
[mmHg]
4.6 ± 4.3
6.19 ± 6.07

32

-0.274 ± 4.471

PPG
ECG / PPG
ECG / PPG
ECG
Anthropometric
ECG / PPG
ECG / PPG
PPG
Anthropometric
ECG / PPG
ECG / PPG
PPG

18
5
10
6

32
3000
1260
51

-0.204
±
6.121
4.77 ± 7.68
11.87 ± 10.3
8.29 ± 5.84
7.72 ± 10.22

13
1250 (signal)
20

41
604
25

4.9 ± 6.59
12.47 ± 9.18
2.13 ± 5.23

2.21 ± 3.7
8.51 ± 6.29

63
5
223

72
3000
205

± 3.85
14.71 ± 10.79
6.9 ± 9

6.74 ± 6.11
5 ± 6.1

PPG
PPG

25

50
9

±8
±6

-

PPG
ECG/ PPG

3.67 ± 5.69
5.78 ± 6.61
4.44 ± 3.72
9.45 ± 10.33

Table 2.4: Summary of machine learning models (non-neural networks)

error. Kachuee [114], in their study using ECG and PPG and deriving five features including PAT and
ASI along with the entirety of the signal themselves, showed that boosting to perform better than any
other machine learning models. However, their performance was still outside the acceptable AAMI
range at 11.87 ± 10.3 mmHg and 5.78 ± 6.61 mmHg for SBP and DBP. Yan [168] also obtained a
similar result with a boosting model with ECG and PPG signals 604 patients. Like SVM they perform
well in small datasets.
Dey [169] ran an interesting study using a smartphone flash LED to collect PPG-like signals
from 205 patients comprising of 62000 cardiac signals 15 seconds each. Using appropriate patientwise data splitting between training and testing datasets, and using a linear regression model called
Lasso Regression, they estimated SBP and DBP with an error of 7.8 ± 10.4 mmHg and 6.1 ± 7.1
mmHg, respectively. They used 223 features comprising of time, frequency, amplitude, and the
entirety of signal, Fourier Transform magnitude plot, derivative of the signal, and many more. Further,
they stated that age, gender, and BMI could increase the accuracy of the model. To prove this, they
divided their dataset into two age groups less than and greater than 40 years, males and females, and
BMI greater and less than 24kg/m2. They trained three different models with each model receiving an
extra binary input of either age, sex, or BMI per model. Age-based classification gave an error of 5.1 ±
5.8 mmHg and 7.5 ± 9.7 mmHg, BMI classification gave an error of 5.4 ± 6.6 mmHg and 7.1 ± 8.9
mmHg and gender classification gave an error of 6.2 ± 7.3 mmHg and 7.9 ± 9.9 mmHg on DBP and
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SBP respectively. Their performance increased with the demographic information. They in fact were
the only study surveyed in the literature to have tested on different groups. These such features have
been ignored in most of the other studies as the data is either not available or there is an assumption
that these may not be beneficial in the presence of rich signals.

2.3.2.4. Which Machine Learning Models are Better?
Figure 2.16 and Figure 2.17 show the summary distribution of different studies using different
algorithms. A higher inclination is observed towards using neural networks and variants, with 20 out
of 33 studies using these. From the overall analysis of 33 articles using machine learning for blood
pressure regression, 27 successfully reported SBP and DBP estimation, while six reported only the SBP.
Further, from the 27 studies reporting both SBP and DBP, 17 showed from their results to be within
the AAMI standard of 5 ± 8 mmHg. While the six estimating just SBP, five showed their results to be
within the AAMI standards.
Figure 2.17a shows that the SBP performance is superior for the studies using RNN and DNN
approach, intermediate for ensemble and LNN, and least accurate for SVM and ensemble learning. A
similar pattern is seen for DBP. This can be attributed to the fact that RNN and DNN use higher-order
statistics with deeper models. Further, RNN can extract temporal features from the signals, which is
missing in other algorithms but requires a large dataset; otherwise, overfitting will occur. A
comparison is shown in Table 2.5 between the models. Studies that have obtained superior
performance on large datasets such as Slapničar [128], Su [165], Kurylyak [121], [146] and Gaurav
[115] have used these models.

47

Thesis

Figure 2.16: Bar graph distribution of the different studies using different algorithms. There is a more
inclination towards the use of neural networks and its variants

(a) SBP estimation error

(b) DBP estimation error

Figure 2.17: SBP and DBP estimation error for different studies using different algorithms. For SBP in (a), the
performance is excellent for RNN and DNN, while for SVR and Ensemble algorithms, they are not accurate. In
(b), some of the studies only estimated the SBP and not the DBP; hence there are missing data. Note: there
are 35 models shown in total for SBP from 33 studies. Kachuee [114] gave 3 models in their study (SVR,
Ensemble and Multivariate) which all are included.

Algorithm
Deep Neural Net
Shallow Neural Net
RNN variants
SVM
Ensemble and Cart
Linear Models

Data
Requirement
Large
Moderate
Large

Generalisation
High
Moderate
High

Features
Large
Moderate
Variable

Temporal
Effect
No
No
Yes

Moderate
Very Low
Less
No
Moderate
Low
Less
No
Moderate
Very Low
Less
Maybe
Table 2.5: Overall comparison of different models
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Accuracy
High
Moderate
High
Very Low
Low
Very Low
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Comparison

Equation-Based Approach

Machine Learning-Based Approach

Accuracy

Inaccurate with significant errors when
compared to the invasive systems or
sphygmomanometers
Uncomplicated data analysis and
implementation

Higher level of accuracy both in SBP and
DBP

Analysis

Generalisation
Outlier Handling

Processing

Calibration

Samples
Modelling QuasiStatic System
Complexity

Pre-processing
Features
Control
over
results
Data availability

2.4.

No generalisation over a large dataset
Inefficient. Cannot predict accurate
pressures in cases of pathophysiological
conditions which has not been predefined
Faster development and testing. Lower
computation time
Frequent calibration against existing
digital or manual monitors. Loses
accuracy over time
A lower sample size can predict the
relationship between input and output
Non-linear relationships between input
variables and output pressure data
become harder to define
Increase in complexity adding variables
which may influence blood pressure, for
instance, anthropometric parameters,
limb position
Fewer features selected, making preprocessing faster
Direct control manipulating linearity or
non-linearity in relationships
Accessible collection of small samples to
test the algorithm

Incomprehensible internal processing.
Requires competent knowledge of
underlying algorithms
Generalisation exists
Capability to handle outliers. Does not
merely extrapolate or interpolate

Cumbersome and higher computation
time.
Requires
hyperparameters
alteration making the process even slower
No calibration required for the
measurement of SBP or DBP
Requires large training, cross-validation
and testing data
Non-linear relationships can be defined.

The addition of variables is internally
handled and may increase the accuracy.
Has the capability to reject redundant
variables
Many features extracted manually.
Longer pre-processing time
No direct control

Requires a large dataset, either available
in the form of a database or collected
during research by creating a new
database
Table 2.6: Comparing the two approaches

Comparing Equation-Based and ML Models
Table 2.6, formed by analysing the various articles throughout the literature, compares

equation- based and ML models. It is observed that there are both advantages and disadvantages to
using each approach.
Key advantages of using machine learning models in the scenario of blood pressure measurement
are:
1. These models can include many variables that might affect blood pressure, such as blood velocity,
arterial diameter, the thickness of the skin layers, density and viscosity of blood, heart rate and
cardiac outputs, forming a complex, non-linear, and high dimensional model beyond the scope of
simple equations.
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2. These models can recognise outlier events. These will become essential in critical extreme hypo
or hypertension scenarios where the signals and features may be characteristic of such events.
3. These models can perform well over a large population of people without the requirement of
repeated calibration.
However, machine learning models require a large amount of data that must be either
collected or obtained from existing databases. This limits them to sensors that can easily be
implemented for data collection or have already available sources such as hospitals and clinics with
organised records of the signals.
On the other hand, equation-based approaches fare well in establishing a relationship
between a studied variable and pressure, such as PAT. However, unlike machine learning approaches,
they cannot easily be generalised. By generalisation what it means is these models tend to perform
extremely well in subjects on whom the model was developed. The few coefficients of the linear or
multivariate models are calibrated as per the subject pool. However, if there is an unknown subject
which the model may not have ever seen, the limited number of variables associated with the model
cannot define the behaviour and will fail. This has limited them to be successfully implemented on a
wider group.
Further comparing the performances of algorithms over time in terms of error reduction, the
SBP error (Figure 2.18a) has decreased because of the introduction of machine learning approaches.
However, a similar reduction is not seen when comparing the DBP error shown in Figure 2.18b.
Finally, Figure 2.19 and Figure 2.20 show forest plots for all the studies reporting their
accuracy in the form of 𝜇 ± 𝜎 mmHg. It is evident SBP and DBP performance increases (error
decreases) from equation-based to machine learning approaches. However, in some studies, such as
by Kachuee [114] and Yan [168], the performance has been worse due to the features and approach
selected. Further increasing the sample size has helped in a better estimation using the ML approach
as demonstrated by Kurylyak [121], Gaurav [115], Slapničar [138] and Wang [118]. However, the same
is not evident with large sample sizes in equation-based approach studies such as by
Boubouchairpoulo [97] and Woo [96] using datasets from more than 100 subjects and reporting
performances outside the standard range. Machine learning models can generalise better as
thousands to millions of coefficients associated with the model give them large degree of freedom to
correctly fit the features and estimate the output accurately.
The addition of other variables such as heart rate, time and amplitude related components of
the signal also showed some level of improvement in accuracy. However, what has remained a matter
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(a) SBP Errors for the best studies reported from 2005 to 2020. The error has reduced over time
with, however, the use of machine learning since 2013 is shown to perform better.

(b) DBP Errors for the best studies reported from 2005 to 2020. Unlike SBP, the performance of the
DBP for both machine learning and equation-based approaches have been similar.
Figure 2.18: SBP and DBP errors reported over the years. There is a decrease in the error for cuff-less
based approach. However, the DBP error has been similar.

of concern is that the testings were performed on small sample sizes, mostly among normotensive
subjects.
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Figure 2.19: A blob plot of the SBP error of equation-based and machine learning studies. Studies using
equations have reported a higher variance in the error of the estimate and ground truths compared to the
machine learning approach. However, machine learning models with large samples have not be able to
generalise.
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Figure 2.20: A blob plot of the DBP error of equation-based and machine learning studies. Studies using
equations with smaller sample sizes have reported a higher variance between estimated and ground truth
compared to the studies with higher sample size or machine learning approach.
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2.5.

Conclusion
While significant work has been done to develop algorithms to accurately measure blood

pressure non-invasively, there has not been any algorithm that has been accepted as state-of-the-art
for clinical acceptance yet. On one hand, equation-based approaches have provided a simple
approach, but they have failed to comply with the accuracy standards. Bramwell Hill model and
Moens-Kortweg models provided significant breakthroughs in relating the pulse transit time and the
pulse wave velocity to the blood pressure. The effect of these variables has been studied with a low
to moderate level of accuracy.
Machine learning models have performed better than the equation-based approach.
However, there still exists a few problems with them:
1. Studies using small datasets cannot generalise well even using machine learning.
2. Feature extraction has been heuristic and random.
3. Feature extraction has been cumbersome, and missing features may lead to inaccuracy.
In conclusion, this literature review has confirmed that there is significant scope for
improvement in estimating blood pressure non-invasively and more accurately. The specific aims to
be addressed in the following chapters of the thesis were therefore defined as:
2. To investigate patterns from the features from PPG-based sensors as they have shown to
be promising in the literature with extensive amount of data available in databases such as
MIMIC. These patterns will include both manually extracted features involving time,
frequency and amplitude and whole-signal features using time-frequency analysis, and
their relationship if any with the blood pressure. This will help in developing logical
interpretation rather than taking a heuristic approach as has been done by all.
3. To develop a time-series neural network which will consider the temporal features such as
shapes and contours of the signal. Further the aim is to build a model which will work on
all subjects rather than requiring calibration training per subject as has been found in most
of the time-series studies.
4. To evaluate the performance of the network on different datasets to ensure that there is
no intermixing of training and testing data. This will go some way to addressing if such
models estimating blood pressure can be scaled to broader populations, a necessary
requirement if the technology is to be commercialised.
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Signal Processing and Machine Learning Background
3.1.

Introduction
The literature review was restricted to the overall concepts and outcomes from different

studies estimating blood pressure. Signal processing methodologies using frequency domain features,
spectrograms and wavelets were briefly mentioned. Similarly, machine learning models such as multilayer perceptron or time-series networks were also mentioned, focussing more on their performance
in estimating blood pressure than on the methodology itself.
In this chapter the objective is to further discuss the functioning of some of the key timefrequency signal processing concepts and different neural networks. The mathematical background
presented in this chapter will then build the data analysis, feature extraction and design architecture
of the machine learning models used in the subsequent chapters for estimating the blood pressure.

3.2.

Signal Processing – Fourier, Wavelets and Biomedical Signals

3.2.1. Objective
Much research has been conducted extracting features from time-domain signals such as PAT,
PIR, rise-time, fall-time and so on. These features have mostly been derived from ECG and PPG signals.
Frequency or Time-Frequency domain responses have also been studied; however, they have not been
implemented extensively in blood pressure estimation models in either Equation-based or Machine
Learning approaches. This section introduces the signal processing concepts that will be used in the
thesis including Fourier and Wavelet Transforms, with example using a periodic signal mimicking the
invasive blood pressure. PPG signal could have also been used since ABP and PPG signal have a similar
signal shape and frequency response. However, an in-depth analysis and discussion on the PPG timefrequency is given in the subsequent chapter.

3.2.2. Fourier Transform
The Fourier Transform is a mathematical transformation for converting a time domain signal
to the frequency domain. It allows the analysis of the spectral content present in the signals. The
Discrete Fourier Transform (DFT) of a sequence of 𝑥[𝑛] of signal length N is given by [172],
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𝑁−1

𝑋[𝑛] = ∑ 𝑥[𝑛]𝑒 −𝑗𝑘

2𝜋
𝑛
𝑁 ,

(3.1)
𝑘 = 0,1, … 𝑁 − 1

𝑛=0

The inverse of the transform helps in converting the signal from the frequency domain back
to the time domain given by,
𝑁−1

(3.2)

2𝜋
1
𝑥[𝑛] = ∑ 𝑋(𝑘)𝑒 𝑗𝑘 𝑁 𝑛 ,
𝑁

𝑛 = 0,1, … 𝑁 − 1

𝑘=0

DFT is fundamental in analysing biomedical signals, such as finding periodic patterns from the
sensors such as heart rate, analysing spectral components for identifying noise and artefacts, and
designing time-invariant filters. An example of a DFT applied to an ambulatory blood pressure (ABP)
signal is given in Figure 3.1.
Two peaks with centre-frequency at 1Hz and 1.5Hz can be observed in Figure 3.1, with smaller
peaks corresponding to harmonics at 2Hz and 3Hz. In this signal, these two peaks can be seen to have
risen from the change in heart rate after 5 seconds. DFT does not explain exactly where in time those
frequency changes are occurring. Similarly, if the signal is infested with motion, there might be two or
more peaks in the frequency domain of same magnitude, leading to a false estimation of centre
frequency and the harmonics. For instance, Wang [118] extracted the three highest peaks from DFT
as features which may include noise from the motion and not the physiological response.
A workaround to such problem is using Short-Time Fourier Transform (STFT).

3.2.3. Short-Time Fourier Transform
A Short- Time Fourier Transform (STFT) is a sequence of DFTs over time. Each DFT is taken
over a windowed segment of the signal. The window is then shifted, stitching the DFTs together
mathematically using equation (3.3) [173]:
𝑁−1

2𝜋

𝑋[𝑘, 𝑚] = ∑ 𝑥[𝑛]𝑤[𝑛 − 𝑚]𝑒 −𝑗𝑘 𝑁 𝑛

(3.3)

𝑛=0

Window function 𝑤[𝑛] is convolved with signal 𝑥[𝑛] at time instant 𝑚 and shifted. This
generates 𝑚 number of DFT vectors 𝑋[𝑘]. The magnitude |𝑋[𝑘]|2 for all the vectors are concatenated
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Figure 3.1: Fourier Transform of a blood pressure signal. The centre frequency or the heart rate is shown to
change from 60 BPM to 90 BPM.

Figure 3.2: Short-Time Fourier Transform (STFT) of an example ABP signal. The Gaussian window is convolved
and integrated with respect to frequency following equation (3.3). The spectrogram is a time-frequency plot
showing the instant at which the frequency change occurs. The larger window gives a better time resolution
while the smaller window gives a good frequency resolution. [image generated in MATLAB].

into a 2D matrix and plotted as a Spectrogram. The x-axis represents the time, the y-axis represents
frequency, and the magnitude of the frequencies present at that specific time is colour coded.
An example of STFT applied to blood pressure signal is shown in Figure 3.2. In this figure, the
ABP signal and its spectrogram is shown for two different window sizes. When a smaller window
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(narrow Gaussian window shown in Figure 3.2 subplot 1) is used, there is a good time resolution, and
it can be clearly seen where the sudden frequency change occurs (approximately around 20 second
mark on Figure 3.2 subplot 3). However, the different frequencies cannot be easily distinguished.
Increasing the window size (wide Gaussian window shown in Figure 3.2 subplot 2), however, helps in
distinguishing the different frequencies but the time resolution is damaged (Figure 3.2 subplot 4).
This is a resolution problem of STFT. A signal cannot be represented as a point in the timefrequency space. There must be a trade- off between time resolution and frequency resolution.
Wider windows are suitable for low frequency signals such as ABP or PPG; however, the
optimal width of the window becomes an unknown variable to be investigated. Further, the optimal
window size is different across different signals from different people. Once the window size is
selected, the resolution is fixed.

3.2.4.

Wavelet Transform
The Wavelet Transform was introduced to address the fixed resolution problem of STFT. Here

the window size is changed dynamically rather than being constant, thus capturing different resolution
at high and low frequencies of the signal.
Due to the variable window size, Wavelet Transform is also called Multi-Resolution Analysis
(MRA). Like STFT, a window function is convolved with the function, 𝑥[𝑛] and translated over time.
This window function is called the Wavelet or Mother Wavelet. There are many different wavelets
with a few examples shown in Figure 3.3. In continuous time domain, the wavelet transform (CWT) is
given by,
𝑤𝑓 (𝑠, 𝜏) =
where,
𝑥(𝑡)
𝜓 ∗ ()

1
√|𝑠|

∫ 𝑥(𝑡)𝜓 ∗ (

𝑡−𝝉
) 𝑑𝑡
𝒔

(3.4)

= Input function under consideration
= Mother wavelet complex conjugate

Figure 3.3: Different shapes of the Mother Wavelet used in the Wavelet Transform. The width of the
wavelet is changed using the scaling window. The change in the width changes the spectral content [174].
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Figure 3.4: CWT of the ABP signal

= Translation value, ∈ ℝ
𝝉
= Scale value 𝑠 ≠ 0
𝒔
𝑤𝑓 (𝑠, 𝜏) = The wavelet of 𝑥(𝑡) at every time shifts and scaled frequency

There is one critical difference between CWT (equation (3.4)) and STFT (equation (3.3)); in
CWT, the DFT is not calculated, the CWT contains a Scaling Value 𝒔 which controls the window width.
From equation (3.4), at translation 𝜏0 or the start of the signal, the wavelet at scale 𝑠0 is
convolved with the signal. The result obtained is the wavelet coefficient 𝑤𝑓 (𝑠0 , 𝜏0 ). 𝜏 is incremented
shifting the wavelet at scale 𝑠0 along with the signal. This results in a wavelet coefficients vector
𝑤𝑓 (𝑠0 , 𝜏). Once the entire signal length is captured with a particular scale, 𝒔 is incremented. The
process of convolution is repeated, obtaining a series of vectors concatenated to a 2D matrix and
𝟐

shown in equation (3.5). The magnitude plot of |𝒘𝒇 (𝒔, 𝝉)| is called a Scalogram.
𝑤𝑓 (𝑠0 , 𝜏)
𝑤𝑓 (𝑠0 , 𝜏0 ) 𝑤𝑓 (𝑠0 , 𝜏1 ) … 𝑤𝑓 (𝑠0 , 𝜏𝑡 )
𝑤 (𝑠 , 𝜏)
𝑤𝑓 (𝑠1 , 𝜏0 ) 𝑤𝑓 (𝑠1 , 𝜏1 ) … 𝑤𝑓 (𝑠1 , 𝜏𝑡 )
𝒘𝒇 (𝒔, 𝝉) = 𝑓 1
=
⋮
⋮
⋮
⋱
⋮
(𝑠
(𝑠
)
(𝑠
)
(𝑠
𝑤
,
𝜏)
𝑤
,
𝜏
𝑤
,
𝜏
…
𝑤
[ 𝑓 𝑡 ] ( 𝑓 𝑡 0
𝑓 𝑡 1
𝑓 𝑡 , 𝜏𝑡 )
)
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Figure 3.5: Wavelet filter bank comprising high-pass filter ℎ[𝑛] and low-pass filter 𝑔[𝑛]. After a signal is passed
through a pair of the orthogonal filter, the low-pass component is down-sampled by a factor of 2. It is then
iteratively passed through another set of quadrature mirror filter, with half the cut-off frequency.

Figure 3.6: The magnitude response of the high-pass and low-pass wavelet filter shows the cut-off frequency
gets halved after each iteration.

Returning to the same example of ABP signal, Figure 3.4 shows the calculated Scalogram. The
low frequency components and the harmonics can be well distinguished in both time and frequency.
In general, Wavelet Transform gives a better frequency resolution at low frequencies when compared
to STFT.

3.2.4.1. Discrete Wavelet Transform
CWT is good for visualisation. However, small increments of 𝒔 from equation (3.4) become
computationally expensive and at times not necessary. For practicality, the Discrete Wavelet
Transform (DWT) is preferred.
CWT used Mother Wavelets for windowing. DWT on the other hand uses special types of
cascaded digital filters as the windowing function as shown in Figure 3.5 [175]. Further, the window
width is controlled by changing the cut-off frequency of filters in the iterative filtering at different
levels.
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The bank of filters at each level contains a high pass, ℎ[𝑛] and a low pass, 𝑔[𝑛] filter. Together
these are called the Analysis Filter. The filtered output coefficients from the high-pass are called
detailed coefficients and from the low-pass are called approximation coefficients. The approximation
coefficients at each level are iteratively passed through another set of these filters with the cut-off
frequency approximately half the cut-off frequency of the previous, as shown in Figure 3.6. The
detailed coefficients generated at each level can be considered as the row vectors of matrix in
equation (3.5). However, there will be only a few row vectors compared to CWT.
The number of levels generated is dependent on the signal length, 𝑁, given by equation (3.6),
with ⌊·⌋ being the floor operator. After 𝑀 iterations the coefficients will comprise of 𝑀 vectors of
detailed coefficients and 1 vector of approximation coefficients. Here, 𝑀 is given by (3.6). The
approximation coefficients carry the DC information about the signal.
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠, 𝑀 = ⌊log 2 𝑁⌋

(3.6)

Further we observe from Figure 3.5 a down-sampling is carried out by a factor of 2. The reason
for this can be understood from the relationship between the cut-off frequency of the filters and
sampling rate of the signal. At first signal 𝑥[𝑛] is sampled at a sampling frequency 𝐹𝑠 . According to the
Nyquist theorem, the highest frequency resolvable from a signal is half the sampling frequency given
by,
𝐹𝑁 =

𝐹𝑠
2

(3.7)

Next the wavelet high-pass and low-pass filters have a 3dB cut-off frequency at half the
Nyquist Frequency or 𝐹𝑐𝑢𝑡−𝑜𝑓𝑓 =

𝐹𝑁
2

𝐹

= 4𝑠. Once 𝑥[𝑛] passes through the filter, the highest frequency

present for approximation coefficients is approximately 𝐹𝑐𝑢𝑡−𝑜𝑓𝑓 . For this frequency to be resolvable,
only twice the sampling rate is required, not the original sampling rate which is four times. Thus, it is
downsampled by a factor of 2.

Time-Frequency Resolution
DWT has two processes – filtering and down-sampling. At the initial stages, the cut-off
frequency of filter is high, capturing a wide spectrum of frequencies in the signal. However, in
subsequent iterations, as the cut-off frequency is halved at every stage, an increasingly narrow band
of frequencies is captured, increasing the frequency resolution. This is analogous to increasing of the
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window size in CWT. Further, since the number of samples is halved at every stage (N, reduced to 2 , 4
and so on), leading to a decrease in time-resolution.
Overall, with both CWT and DWT, there is:
1. A good time resolution at high frequencies.
2. A good frequency resolution at low frequencies.

DWT – Mathematical Representation
Mathematically the high-pass and low-pass operation for each iteration is given by:
𝑁−1

(3.8)

𝜓𝑗 [𝑘] = ∑ ℎ[𝑘]𝜙𝑗−1 [2𝑘 − 𝑛]
𝑛=0
𝑁−1

(3.9)

𝜙𝑗 [𝑘] = ∑ 𝑔[𝑘]𝜙𝑗−1 [2𝑘 − 𝑛]
𝑛=0

where,
𝜙𝑗−1 [2𝑘 − 𝑛]
ℎ[𝑘]
𝑔[𝑘]
𝜓𝑗 [𝑘]
𝜙𝑗 [𝑘]

= Down-sampled input sequence to the filter
= Half-band high-pass wavelet coefficients
= Half-band low-pass wavelet coefficients
= High-pass output or Detailed Coefficients at 𝑗 𝑡ℎ iteration
= Low-pass output or Approximation Coefficients at 𝑗 𝑡ℎ iteration

DWT Example
The Detailed DWT coefficients of the ABP signal were obtained and are shown in Figure 3.7.
At initial stages, transience is observed in 𝜓1 and 𝜓2 with localisation of time but no information about
exact frequency from the DFT of these coefficients. However, with further iterative filtering, 𝜓3 , 𝜓4
and 𝜓5 , the frequency resolution increases, evident from the DFTs of these coefficients. Lower and
lower frequencies are resolvable; however there is smearing around the exact time where the signal
changes from one frequency to another, indicating a decrease in time resolution. Another thing to be
noted is the down-sampling which halves the Nyquist frequency of each subsequent detailed
coefficients seen from the DFT plots.

62

Signal Processing and Machine Learning Background

Figure 3.7: The DWT Detailed coefficients at each stage and their DFT for the example ABP signal.
Here 𝜓𝑖 is the output from the 𝑖 𝑡ℎ level of filtering.

Limitations with DWT
1. Data Length: The signal length, 𝑁 must be an integer multiple of 2 𝐽 . Arbitrary values of 𝑁
when down sampled might lead to dropping off samples and losing information introducing
ambiguity in time [176].
2. Time Variance: DWT is sensitive to shift. As every second sample is dropped after each
iteration, this results in the wavelet coefficients generated becoming highly dependent on
location. A small shift in the signal causes extreme changes in the coefficients [176].

3.2.4.2. Maximally Overlap Discrete Wavelet Transform (MODWT)
MODWT is an extension of DWT. The only difference is there is no down-sampling after the filtering.
The output at each level has same signal length as the input.
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Figure 3.8: Energy distribution of Detailed Coefficients of ABP signal. Maximum (≈ 99%) energy is
concentrated in levels 𝜓4 − 𝜓7 .

This helps to address the limitations of DWT. Since there is no down-sampling, any data-length
size can be used unlike DWT. Further, MODWT are time invariant whereby shifts in the signal retain
the same pattern [175].
Mathematically equations (3.8)-(3.9) are modified to be mere convolution between the filter
and the inputs at each level giving,
𝑁−1

(3.10)

𝜓𝑗 [𝑘] = ∑ ℎ[𝑘]𝜙𝑗−1 [𝑘 − 𝑛]
𝑛=0
𝑁−1

(3.11)

𝜙𝑗 [𝑘] = ∑ 𝑔[𝑘]𝜙𝑗−1 [𝑘 − 𝑛]
𝑛=0

Energy Per Level
The energy of a discrete signal is given by [177],
∞

𝜖𝑥 = ∑ |𝑥[𝑛]|2

(3.12)

𝑛=−∞

Since MODWT and DWT iteratively generate detailed coefficients at each level, some may
contain useful information, and some may just contain noise. Calculating the energy of the coefficients
at each level will assist in identifying those levels where useful information about the signal is present.
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Figure 3.8 shows the bar graph of the energy density of the example ABP signal for detailed
coefficients. 99% of the energy is concentrated in 𝜓4 − 𝜓7 .

Inverse MODWT
The inverse transform of MODWT is shown in equation (3.13) which has been derived from
the relationship given by Barria [178].
𝑁−1 𝐿−1

𝐿−1

̃𝑗,𝑙 𝜓𝑗 [𝑛] + ∑ 𝑔𝑟
𝑋(𝑡) = ∑ ∑ ℎ𝑟
̃𝑙 𝜙𝑁 [𝑛]
𝑗=0 𝑙=0

(3.13)

𝑙=0

where,
̃𝑗,𝑙
ℎ𝑟
= Reconstruction high-pass filter
= Reconstruction low-pass filter
𝑔𝑟
̃𝑙

The reconstruction filters are Quadrature Mirror filters [179] of the analysis filter. The filter
coefficients are intrinsically related to each other. The relationship between ℎ𝑙 (analysis high-pass
filter) with that of ℎ𝑟𝑙 (reconstruction high-pass filter) has the relationship in the Z Domain given by
[179]:
𝐻𝑟𝑙 (𝑍) = 𝐻𝑙 (𝑍 −1 )

(3.14)

In equation (3.13), the detailed coefficients at each level are convolved with the
reconstruction high-pass filter. This is added to the convolution results from the subsequent level for
𝑗 = 0,1 … 𝑁 − 1. The approximation coefficients at level 𝑁 − 1 are convolved with the reconstruction
low-pass filter. This provides the mean or the DC value of the signal. The total summation results in a
reconstructed signal.

3.2.5. Summary – Signal Processing
This section introduced the Wavelet Transform focussing on DWT and MODWT and their
advantages over traditional STFT where both time and frequency resolution are important.
The information contained within the detailed and approximation coefficients can be used in
obtaining features from signals such as PPG or ECG and can be used in creating machine learning
models for estimating blood pressure. This will be discussed in the next section.
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3.3.

Machine Learning Concepts

3.3.1. Introduction
There are three types of learning mechanisms: supervised, unsupervised and reinforcement
learning. Here, the discussion focuses on supervised learning as primarily studied in the space of blood
pressure measurement.
In supervised learning, a mapping is created between the features, inputs, or covariates 𝑿
with output labels y. These labels can either be continuous values for regression or groups for
classification. The inputs are either 1D vectors of dimension 1 × 𝐷 with 𝐷 number of features per
output value or 2D matrix or image of dimension 𝐶 × 𝐷 representing the spatial coordinates. In more
complex networks 3D or higher dimensional tensors are used associated with colour channels of image
or time frame of a moving picture.

3.3.2. Train, Validation and Test Data Splitting
Typically, in efficient learning algorithms, the data are divided into a Training set (𝑿𝒊 , 𝑦𝑖 )𝑀 ,
Validation set (𝑿𝒊 , 𝑦𝑖 )𝑁 and Test set (𝑿𝒊 , 𝑦𝑖 )𝑃 where 𝑀, 𝑁 and 𝑃 are the number of
examples/instances of features and output in each set. Usually, the division is 60%-20%-20%. It is
essential to keep the test dataset different from the training set so that the model does not generate
false accurate estimates.
Validation is critical to understanding the fitting of the model. To avoid any overfitting where
the model only performs well in training data, a section of data is used to validate every iteration
(epoch) of training and check the accuracy or loss.
Some designers prefer K-fold cross-validation. Here, the training data are divided into 𝐾
segments, and 𝐾 different models are trained on 𝐾 − 1 segments and validated on the remaining
segment. For each model, the segments are rotated, so no two models get the same validation data.
This helps in avoiding any overfitting. However, in the cases of large datasets and complex models
where the training time is extensive, such validation is often avoided, and only the traditional splitting
dataset technique is used.

3.3.3. Deep Neural Networks
Deep Neural Networks (DNN) focus on creating machine learning models like the functioning
of the human brain. These networks involve:
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(a)

(b)

Figure 3.9: a) Artificial neurons and biological neurons have a similar structure with the neuronal
inputs (dendrites), processing body (cell body) and output (axons). b) A fully connected deep neural network
has input, hidden, and output layers

1. Multi-Layer Perceptron (MLP) which function like interconnected neurons in the body, relaying
information from one neuron to another and helping make decisions.
2. Convolutional Neural Networks (CNN) used for image recognition, like the functioning of the
human’s visual system.
3. Recurrent Neural Networks (RNN) used for language and time-series models, which require a
memory of the past to make future decisions.
Here some of the vital network’s structure and functioning are briefly discussed, focusing on
time-series models used over the following chapters of the thesis.

3.3.3.1. Multi-Layer Perceptron
MLP are the most studied networks as they are easier to train, validate and implement. They
have been used extensively in blood pressure literature. Structurally they are like biological neurons
(Figure 3.9), taking inputs in the Input Layer and outputting a continuous or categorical value in the
(𝑙)

Output Layer. The nodes in between are the Hidden Layers. Each node has a weight 𝑤𝑖 , where 𝑖 is
the node number and 𝑙 is the layer number. Further each layer has an associated bias 𝑏 (𝑙) .
The objective of the network is to estimate the output as close as possible to the ground truth
with a set of features provided. This is achieved by changing the weights and biases of the hidden
nodes by processes called Feedforward and Backpropagation.
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Figure 3.10: Computation graph of a neural network with one hidden layer.

Feedforward
Feedforward is the propagation of information from the input to the output layer. The flow of
information starts with the multiplication of the input feature vector 𝑿 from a single example with a
weight matrix 𝒘(𝟏) and added to the bias 𝑏 (1) of the first layer. This is then passed through an
Activation Function such as Sigmoid, ReLU or Tanh, which bounds the output between an upper and
lower limit [0,1]. This is necessary to find the impact of specific nodes in the network. The lower the
value from the activation function output, the lower the impact of the node in the layer.
The output ℎ(1) from the hidden layer passes through the subsequent hidden layers with
repeated operations with weights, biases, and activation function until it reaches the output layer.
The output 𝒐 is passed through a loss function 𝒍 such as Mean Squared Error (MSE), Mean Absolute
Error (MAE) or Huber Loss used in regression commonly to calculate the error between the ground
truth and the estimate. This computation graph is shown in Figure 3.10.
Initially, the weights and biases are randomly selected, and the feedforward operation will
result in a significant error. The weights and biases are changed for each node in each layer through
Backpropagation to reduce these errors.

Backpropagation
For a given network structure, the objective of backpropagation is to find the effect on the
calculated loss 𝑳 from each weight and the biases of each node [180]. To find this, gradients
𝝏𝑳
𝝏𝒘(𝟏)

𝝏𝑳
𝝏𝒘(𝟐)

and

are calculated. These gradients are then used in updating the weights and biases for each layer

using an update function [180],
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(𝒘(𝑙) , 𝑏 (𝑙) ) ← (𝒘(𝑙) , 𝑏 (𝑙) ) − 𝛼 (

𝝏𝑳
𝜕𝐿
, (𝑙) )
(𝒍)
𝝏𝒘 𝜕𝑏

(3.15)

where,
𝒘(𝒍)
𝑏 (𝑙)
𝛼

= weight matrix for
= bias vectors
= learning rate

As the training progress, each weight and bias are updated each epoch. The rate at which the
update occurs depends on the learning rate 𝛼 which is a crucial hyperparameter. Training is deemed
complete when the calculated loss or accuracy saturates and does not change with any further
training.
MLPs are the building blocks of many different neural networks. More advanced networks
such as Convolutional Networks and Time Series Recurrent Networks use the same concept of
feedforward and backpropagation.

3.3.3.2. Convolutional Neural Networks (CNN)
CNN has been commonly used in image recognition systems, with the inputs being 2D
matrices of images. A standard structure is shown in Figure 3.11. Analogous to MLP having weight
value in each node in hidden layers, a CNN has a 2D weight matrix called a kernel in each hidden layer
node. These kernels are filters used in extracting shapes and edges from images or some 2D input.
Training such a neural network aims to learn each kernel’s 2D coefficients in each node of the layers
using the Feedforward and Backpropagation. The training process has been well documented in [181]–
[183].
However, the importance of convolution here is that unlike the feature-weight multiplication
in MLP, the input 2D matrix is convolved with the kernels shown in Figure 3.12. Convolution operation
reduces the number of spatial features and enhances those points (pixels) in the image, carrying
crucial information.
Here some of the essential concepts about CNN are briefly discussed, which will be used at
different points of this thesis.
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Figure 3.11: A general structure of a CNN network. The image is fed into the system as a feature. The
kernels undertake the Convolution extracting spatial features (as well as reducing the depth if using a 1 × 1
convolutional filter). The pooling layer reduces the spatial dimension, aggregating the features. Batch
normalisation ensures the output from the convolutions are clipped and normalised around a mean and
standard deviation. Finally, the 2D matrices are unrolled into a single long vector and passed through dense
interconnected layers in the output. These converge into the output layer, estimating either the probability
of the classes or a regression value.

Figure 3.12: Convolution operation of an input matrix 𝑿 with a kernel filter 𝒂. The result output
shows a reduction in the dimension.

Padding
Padding is required so that the kernels, while convolving, do not fall into the edge areas where
no pixels may confuse the training process. The padding creates rows and columns of 0 vectors around
the boundary of a 2D input.

Stride
Stride refers to the number of rows or columns the 2D kernel shifts while convolving across
the entire 2D input matrix [184]. For instance, a stride of 1 makes the filter shift by 1 column or row
and calculate the Convolution. The benefit of having a larger stride is that when the pixel density or
input matrix size is large, it helps in more considerable dimensionality reduction and helps in
improving computation speed. However, this is a hyperparameter and finding the right stride requires
experimentation.
Pooling
Pooling is a technique of aggregation of pixels of the output of the convolution. This
aggregation has two benefits.
1. It helps in the spatial down-sampling of the output, increasing computation speed [185].
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Figure 3.13: An example of max pooling and average pooling. This allows for the reduction of the
spatial dimension.

2. It helps in reducing the sensitivity of the input spatial features [184]. Any changes in the input
matrix due to object motion or noise does not significantly distort the output.
A pooling layer traverses across the 2D input with a stride (Figure 3.13). The designer selects the
size of the pooling, be it a 2×2, 3×3 or 5×5. They either calculate the maximum or average within the
pool size. The size and type of pooling are highly dependent on the problem and are hyperparameters.

Batch Normalisation
Ioffe et al. [186] proposed a technique called Batch Normalisation (BN). A layer is added before
or after the activation function. The objective of this layer is to reduce the mean to 0 and normalise
the matrix going to the subsequent layers. This is essential because, in such complex networks, a
convolution or pooling might result in very large or very small values, causing exploding or vanishing
of the gradients.

3.3.3.3. Time Series Models – Long Short-Term Memory (LSTM)
Recurrent neural networks (RNN) are used in sequence-to-sequence estimation. These
networks consider the past, thus having a temporal effect on the estimated present or future values.
A typical structure is shown in Figure 3.14. Unlike MLP, where the output ℎ(𝑙) from a layer is dependent
only on the weight, bias, and activation function, here the output is given in the form in equation
(𝑙)

(3.16). The weights 𝑤ℎ are called the recurrent weights whose value are dependent on the past
(𝑙)

output ℎ𝑡−1 in a specific layer.
(𝑙)

(𝑙) (𝑙)

ℎ𝑡 = 𝑓(𝑤 (𝑙) 𝑋 + 𝑤ℎ ℎ𝑡−1 + 𝑏 (𝑙) )
where,
𝑤 (𝑙)
(𝑙)
𝑤ℎ

= weight associated with the current input 𝑥𝑡 in layer 𝑙
= known as Recurrent Weight associated with the hidden state ℎ𝑡−1
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Figure 3.14: A functional structure of RNN. The hidden states from the previous time steps
feedback into the current next time step. This makes the output recursively dependent on the previous
outputs.

(𝑙)

ℎ𝑡−1
𝑏 (𝑙)
𝑓

= past time-step output of the specific layer
= bias in the layer
= activation function

Long Short-Term Memory RNN
RNNs are seldom used because of the vanishing and exploding gradient, making them
inefficient in training [187]. To solve this problem, LSTM was proposed, as shown in Figure 3.15. These
networks have special gates that selectively read, forget, and write past information rather than
remembering everything.
These gates have associated parameters – weights and biases, which are learnt through
feedforward and back-propagation. There are 12 essential parameters associated with the four gates
required to be learnt. These include the recurrent weights given by 𝑊ℎ(⦁) , kernel input weights are
given by 𝑊(⦁) and biases 𝑏(⦁) in each layer 𝑙,
(𝑙)

(𝑙)

(𝑙)

(𝑙)

(𝑙)

(𝑙)

𝑊ℎ𝑖 , 𝑊𝑖 , 𝑏𝑖
𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 =

(3.17)

𝑊ℎ𝑓 , 𝑊𝑓 , 𝑏𝑓
(𝑙)

𝑊ℎ , 𝑊 (𝑙) , 𝑏 (𝑙)
(𝑙)

(𝑙)

(𝑙)

(𝑊ℎ𝑜 , 𝑊𝑜 , 𝑏𝑜 )
Different gates, their description and the associated equations are shown in Table 3.1. From
Figure 3.15, the output from a cell is the cell state 𝐶𝑡 and cell output 𝐻𝑡 . 𝐶𝑡 can be thought of a variable
carrying a summarised information of what has been learnt from the previous time steps. The value
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Figure 3.15: An LSTM unit consisting of different gates. 𝑓𝑡 is the selective forget, 𝑖𝑡 is the selective
input, 𝑐̃𝑡 is the current cell state and 𝑜𝑡 is the selective output. A combination of these decides what the
current output from a unit is, which is passed to the next unit.

of 𝐶𝑡 is affected by the forget, input and temporary state gates shown in equation (3.18). 𝐻𝑡 has the
same definition as that of RNN but mathematically is bit different, as shown in equation (3.19).
𝐶𝑡 = 𝑓𝑡 × 𝐶𝑡−1 + 𝑖𝑡 × 𝑐̃𝑡

(3.18)

𝐻𝑡 = 𝑜𝑡 × tanh 𝐶𝑡

(3.19)

Input-Output Sequences
The input sequences are analogous to the feature vector provided in an MLP network. A
network, as shown in Figure 3.16, will take an input signal or sequence 𝑋𝑡 of length 𝐿. The number of
recursive hidden cells will then be equivalent to length 𝐿.
The output, on the other hand 𝑂𝑡 is decided by the problem. This is analogous to the number
of classes or values a model is trying to estimate. Estimated output can be of dimension 𝑅1 to 𝑅 𝑙 ,
where 𝑙 can be of the same length 𝐿, greater or lesser than 𝐿.
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Forget Gate: This gate forgets any unwanted information from the past cells. The output of the
forget cell is given by equation (3.20). The output range of 𝑓𝑡 is between 0 and 1. Anything close to
1 ensures remembering the information, while anything close to 0 makes the information to be
partially forgotten.
(3.20)
𝑓𝑡 = 𝜎(𝑊ℎ𝑓 × 𝐻𝑡−1 + 𝑊𝑥𝑓 × 𝑋(t) + 𝑏𝑓 )
Selective Input: This gate decides what inputs to select from the current input provided to the cell.
This selective reading is acquired through learning to enable it to have selective feature selection
extraction. The output of the gate is shown in equation (3.21).
𝑖𝑡 = 𝜎(𝑊ℎ𝑖 × 𝐻𝑡−1 + 𝑊𝑥𝑖 × 𝑋(t) + 𝑏𝑖 )
(3.21)
Temporary Cell State: The third cell stage is the temporary cell state, 𝑐̃𝑡 . The temporary cell state is
used to modify the previous cell state, incorporating the information from the present input as well.
It is shown in equation (3.22).
𝑐̃𝑡 = tanh(𝑊ℎ × 𝐻𝑡−1 + 𝑊𝑥 × 𝑋(t) + 𝑏)
(3.22)
Selective Output: Finally, the output, 𝑜𝑡 ensures selective writing in predicting the current output,
which is given by:
𝑜𝑡 = 𝜎(𝑊ℎ𝑜 × 𝐻𝑡−1 + 𝑊𝑥𝑜 × 𝑋(t) + 𝑏𝑜 )
(3.23)
Table 3.1: Different gates present in the LSTM cell and their output equations.

Figure 3.16: A multi-layer Many-to-Many deep LSTM structure taking a vector of 𝑿𝒕 sequence and
outputting a vector sequence in the structure.

There are no canonical lengths defined for the input and output sequences [188]. These
depend entirely on the problem at hand. This is because the gates selectively decide on the effect of
longer or shorter past samples on current sample estimation. Longer sequences have a detrimental
effect on the training accuracy shown by Trinh [189]. However, Trinh’s study was based on sequences
ranging from 2000 to 16000 samples. In most cases, studies have suggested a sequence of length
between 30 – 1000 to be appropriate [190], [191]. In biomedical blood pressure estimation, the use
of LSTM sequences in whole-based models as discussed in section Chapter 2 Section 2.3.2.3.b has
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shown to use variable feature-length such as 250 samples by Tanveer [123], 625 samples by
Slapničar[128] and 625 samples by Eom [116].

Training of Network
The output 𝑜𝑡 at time step 𝑡 in the computation graph shown in Figure 3.16, is given by
equation (3.24). It is assumed here that the LSTM layer's output goes through an MLP at each time
step.
𝑜𝑡 = 𝑔(𝐻𝑡𝑖𝑜 , 𝑤𝑜 , 𝑏𝑜 )

(3.24)

where,
𝑤𝑜
𝑏𝑜
𝐻𝑡𝑖𝑜
𝑔

= weights of the MLP layer
= bias of MLP layer
= hidden unit output at 𝑡𝑜 for 𝑖 𝑡ℎ layer of LSTM
= output activation function

This output will then be used in the computation of the loss at that time step. A similar process
is repeated for all the time-steps resulting in an average loss for a sequence of length 𝐿 of:
𝐿

1
𝐿𝑜𝑠𝑠 = ∑ 𝑙(𝑦𝑡 , 𝑜𝑡 )
𝐿

(3.25)

𝑡=1

The backpropagation of an LSTM or RNN follows the weights and bias updates as shown in
equation (3.15). The learning process requires updating 12 sets of parameters (all the gates) shown in
(3.17). These have been well documented in multiple studies [184], [192], [193].

Bi-Directional LSTM
Bi-Directional LSTM is a variant of LSTM where the signal flows from the past to the present
and vice versa, as shown in the cell structure Figure 3.17. This is done by adding an extra set of latent
𝒃(𝒍)

variables 𝐻𝑡𝑏 and associated set of weights 𝑾𝑯 .
Bi-Directional LSTM has shown to outperform LSTM in several cases [166], [194], [195] and
has been discussed with respect to blood pressure in section 2.3.2.3.b. The estimate can have a
relationship with not just the past time-step but also the next time-step.
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Figure 3.17: A structure of Bi-Directional LSTM. The past to present block signal flows in the same direction
as that of a standard LSTM-RNN. However, the signal in the Present to Past block flows in the reverse
direction. This creates a relationship of the past values with that of present values.

3.3.3.4. Convolutional LSTM (Conv-LSTM)
Convolutional-LSTM (Conv-LSTM) networks are a hybrid of CNNs and LSTMs. LSTMs
remember the past information through different gates present in the neurons. However, they take
inputs as a 1D vector, such as the time-series data or sequences of words in natural language
processing (NLP). These 1D vectors tend to have no spatial information but rather contain only
temporal information.
CNNs are significantly used in image recognition and computer vision. They deal with spatial
information in the data. They are designed to take an image of 𝑀 × 𝑁 dimension and break it down
into smaller matrices passing the images through various 2D Image Filters. These filters have
coefficients that are learnt by the network. But this learning process does not incorporate any
temporal information which might be present in the data. In a vague instance, the present image
might be depending on the action in the past images, but this cannot be addressed in simple CNN.
In Conv-LSTM, the two principal networks of spatial CNN network and temporal LSTM network
are combined. Introduced first by Shi et al., 2015 [196], this network studies the precipitation patterns
in 2D contour plots over time, helping in nowcasting 2D precipitation patterns. It also looks at a moving
MNIST dataset to estimate the future frames. This kind of architecture was further studied by
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Figure 3.18: A structure of the CONVLSTM Cell. At time step 𝑡, the input to the cell is a matrix 𝑋𝑡 with
dimension ℝW x H. The input is convolved with 𝑁 × 4 input kernels 𝑾𝒙 of each size 𝐾 × 𝐾. The neuron also
gets an input from the previous timestamp as a matrix 𝐻𝑡−1 which is convolved with the recurrent kernels
𝑾𝑯 of dimension ℝ (K x K) x (N x N) x 4. The process then follows the steps like the LSTM, calculating the output of
the four gates.

Sautermeister [197] using different datasets involving image sequence estimation in a game called
Pacman and UCF-101 (action recognition dataset). In both studies, new prediction frames were
generated from the past frames. The advantage of using such a model is the benefit it provides in
exploiting the use of spatial and temporal features while learning.

Cell Structure and Gates
A structural model of Conv-LSTM cell is shown in Figure 3.18. The cell structure is the same as
that of an LSTM cell (shown in Figure 3.15). However, the difference is that the input to cells is 2D
matrices, and the weights consist of kernels like a CNN.
The gates have the same functionality as that of an LSTM, but instead, here, these are learning
spatial features of the input and its temporal dependence by updating the kernel filters.
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Figure 3.19: An overall Conv-LSTM model architecture consisting of input tensors at every time step going to
Conv-LSTM units. These are followed by Batch Normalisation and Pooling Layers. Finally, the output, which
might be a multi-dimensional tensor, is condensed into a single vector by a time-distributed dense model.

Further, the multiplication operation is replaced by the convolution function. The equations
(3.19)-(3.20) are modified to,
𝒇𝒕 = 𝜎(𝑾𝑯𝒇 ⊗ 𝑯𝒕−𝟏 + 𝑾𝒙𝒇 ⊗ 𝑿(𝐭) + 𝒃𝒇 )

(3.26)

𝒊𝒕 = 𝜎(𝑾𝑯𝒊 ⊗ 𝑯𝒕−𝟏 + 𝑾𝒙𝒊 ⊗ 𝑿(𝐭) + 𝒃𝒊 )

(3.27)

𝒐𝒕 = 𝜎(𝑾𝑯𝒐 ⊗ 𝑯𝒕−𝟏 + 𝑾𝒙𝒐 ⊗ 𝑿(𝐭) + 𝒃𝒐 )

(3.28)

𝒄̃𝒕 = 𝒕𝒂𝒏𝒉(𝑾𝑯 ⊗ 𝑯𝒕−𝟏 + 𝑾𝒙 ⊗ 𝑿(𝐭) + 𝒃)

(3.29)

𝑪𝒕 = 𝒇𝒕 ⊗ 𝑪𝒕−𝟏 + 𝒊𝒕 ⊗ 𝒄̃𝒕

(3.30)

𝑯𝒕 = 𝒐𝒕 ⊗ 𝐭𝐚𝐧𝐡 𝑪𝒕

(3.31)

Model Architecture
Overall, the Conv-LSTM model follows the same architecture as that of an LSTM, as shown in
Figure 3.19. The input tensors at every step go into the Conv-LSTM unit. The output passes through a
batch normalisation and a 3D pooling layer as discussed previously. The output then goes through a
special layer called the Time Distributed Layer. This is a Dense layer, which at every time steps learn a
set of weights and biases.
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Conv-LSTM Input Dimension
The input to a model at a time-step, 𝑋𝑡 is a tensor of dimension (width, height, channel). The
channels contain the colour description in RGB format. In the cases of monochrome images such as
the MNIST dataset as tested by Shi [196] and Sautermeister [197], the tensors are reduced to a
dimension of (width, height, 1) as there is no channel information. In the subsequent time-steps, the
next frame is provided as an input of the same dimension. For 𝑁 frames in a sequence, there will be
𝑁 number of Conv-LSTM units giving an overall dimension to be (frames, width, height, channels).

Conv-LSTM Output Dimension
The output from a network can is dependent on the problem at hand. In the cases where the
output from each unit is required to estimate a frame, the output will have dimension consisting of
(frames, kernels, rows, columns). The number of kernels will decide the number of features that are
extracted from the input tensor at each time step.
Conv-LSTM network has not been studied in terms of blood pressure measurement. The
concept discussed here will be further used in the next chapters to design and train such models.
However, training such models requires tuning of many hyperparameters which are discussed next.

3.3.4. Training and Hyperparameters
Neural network models have a large number of associated variables which are required to be
monitored or tuned. Careful selection of these variables is essential in optimising performance. In this
sub-section, a brief description is provided for a few of the concepts which are encountered
throughout the subsequent model development and experimental results.

3.3.4.1. Overfitting and Underfitting
Neural network models are complex. They have a large number of weights and biases
associated with them. A model may perform exceptionally well in the training data and may fail
catastrophically in the testing data. There can be several reasons such as data mismatch, normalisation
or standardisation error, or data generation error. However, the most common problems are
associated with model fitting (either overfitting or underfitting).
In underfitting, the model is too simple, or has not been trained sufficiently to develop a
relationship between the output and the features. One such example can be seen in Figure 3.20(a)
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(a) Subplot 1 (top) shows a case of underfitting, while subplot 2 (bottom) shows a case of
overfitting.

(b) The learning curve performance on a dummy dataset. It can be observed that the model is
increasing performing well on the training dataset. However, the estimation on the validation
data does not decrease after about 125 epochs. The model from this point onwards is
overfitting.
Figure 3.20: Model Fitting

subplot 1. In this example, it can be seen that a simple linear model cannot accurately estimate the
trends in the data. Underfitting mainly occurs when the system's inputs do not carry vital information
for the models to learn. In such cases, the fundamental expectations of the system must be addressed.
A few techniques to address this issue are [184], [198]:
1. Standardisation or normalisation of the features and the output
2. Better feature exploration
3. Building more complex models – by adding more hidden layers, neurons, kernels.

80

Signal Processing and Machine Learning Background
On the other hand, overfitting occurs when the model performs well giving accurate
estimation in training while failing badly in the test. An example of this can be seen in Figure 3.20(a)
subplot 2. The model fits through all the points accurately in the training data. However, if the test
data do not lie on the fitted trendline, the model will generate an error.
Model fitting is monitored using Learning Curves. In the model over-fitting cases, as shown in
Figure 3.20b, the training performance will increase while the validation performance deteriorates.
To avoid situations of overfitting, different techniques are implemented, such as regularisation and
early stopping (having a PATIENCE) which are discussed below.

3.3.4.2. Early Stopping - Patience
This is a technique where the training loss (accuracy) and validation loss (accuracy) are
monitored while training the model every epoch through a call-back function. If at any given epoch, it
is found that; (1) the validation loss increases, or accuracy decreases while the model training
performance is getting better, (2) the validation loss and accuracy are not changing (saturated) while
the model training performance is getting better, (3) training loss increases, or accuracy decreases
due to some error within the model, then the training should be halted. This is the simplest means to
avoid network overfitting. Figure 3.20b shows that at approximately the 150th epoch, the noisy
validation loss starts increasing while the training loss decreases. Early stopping would avoid
overfitting by halting the training.
In quite a few cases, a patience is provided where the validation loss (accuracy) is monitored
for a certain number of epochs (for instance 5 epochs). If within this number of epochs, the validation
performance does not improve, then the training is halted.

3.3.4.3. Regularisation
Regularisation is the technique whereby the model is penalised for overfitting. There are three
different regularisation techniques, namely 𝑙1 , 𝑙2 and Dropouts.
L1 and L2 Regularisation
In both 𝑙1 and 𝑙2 [198] regularisation techniques, the calculated batch loss (average loss in a
group of examples) of a model is penalised by adding some noise. This is shown in equation (3.32).
The penalised loss is backpropagated instead of the actual loss. This causes the weights learnt during
training not to be specific to only the training dataset.
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𝐿𝑝𝑒𝑛𝑎𝑙𝑖𝑠𝑒𝑑 = {

𝐿 + 𝜆∑|𝑤|, 𝑙1
𝐿 + 𝜆∑𝑤 2 , 𝑙2

(3.32)

where,
𝑤
𝜆

= weights of the model learnt during the epoch
= hyperparameter, 𝜆 > 0

Dropout Layer
Dropout [199] is a more popular technique when using neural networks. The technique causes
a few nodes in a neural network layer to have a probability 𝑝 to be dropped out without any updates
being made during that epoch. This probability 𝑝 is a hyperparameter and is set during the training.
The random dropping of some neurons per layer every epoch trains the model differently. Without
updating every neuron's weight and bias during training at every epoch, chances of overfitting are
avoided.
During testing or inference phase all the dropout layers are deactivated. What this means is
all the neurons have a learnt weight and bias value which may have been updated at some point of
the training. Their final updated parameters are used in predictions. For instance, a neuron 𝑛 in layer
𝑙 may have been updated at 10th epoch out of 100 training epochs and never updated afterwards. The
parameter value it has at the 10th epoch is used for prediction.

Monte-Carlo Dropout
This technique was introduced by Gal et al. [200]. In here, the dropout layers which are
inactivated during testing in the case of simple dropout are instead activated. What this means is,
during the testing there will be a percentage of random neurons which are set as buffer neurons (input
to the neurons equals the output of the neurons). Every time the same set of features are passed
through the model, turning off random neurons by making them buffer gives different predictions.
The stochastic nature of the prediction becomes useful during regression. A mean and standard
deviation of estimation can be generated. This will give confidence to the surety of the estimation,
which may not be possible with just one prediction value.
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Loss
Function
MSE

MAE

MLE

Pros

Cons

Large errors impact the loss
significantly, causing the
backpropagation to create large
updates.
Better handling of the outliers, no
penalising too much.

No handling of the outliers. The presence of
any in a batch causes the loss to increase
significantly due to squaring.
Computationally slow saturates while
training without reaching an optimised
solution.
Computationally expensive calculating the
logarithmic

Better in handling outliers with the
logarithmic term.
Unscaled outputs can be estimated
without requiring any scaling.

Table 3.2: Pros and cons of the three different loss functions commonly stated in the literature.

3.3.4.4. Loss Functions
The loss is crucial in training. It is used in backpropagation and weight updates. There are
different loss functions. The most common one is the Mean Squared Error shown in equation (3.33).
Others commonly used in regression are Mean Absolute Error (equation (3.34)) and Mean Logarithmic
Error (equation (3.35)). In classification, cross-entropy, hinge, and Kullback Liebler Divergence are the
common ones found in the literature.
𝑁

𝐿𝑀𝑆𝐸

1
= ∑(𝑦𝑖 − 𝑜𝑖 )2
𝑁

(3.33)

𝑖=1

𝑁

𝐿𝑀𝐴𝐸

1
= ∑ |𝑦𝑖 − 𝑜𝑖 |
𝑁

(3.34)

𝑖=1

𝑁

𝐿𝑀𝐿𝐸

1
= ∑(log 𝑦𝑖 − log 𝑜𝑖 )2
𝑁

(3.35)

𝑖=1

Focussing on the regression loss functions, a few pros and cons are observed for the three
main loss functions tabulated in Table 3.2. It would be desired to have a loss function where it can
handle outliers, be computationally fast, and not saturate. One such proposed loss is the Huber Loss
[198]. This loss function is a combination of MAE and MSE. When the error is significant, MAE is used,
and when the error is small, MSE is used, giving

𝐿𝐻𝑢𝑏𝑒𝑟 = {

𝐿𝑀𝑆𝐸 , 𝑖𝑓 𝑒𝑟𝑟𝑜𝑟 < 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝐿𝑀𝐴𝐸 , 𝑖𝑓 𝑒𝑟𝑟𝑜𝑟 > 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
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Figure 3.21: Different activation functions.

3.3.4.5. Activation Functions
Activation functions are used to decide if a specific hidden unit or neuron must be activated
or not. A neuron's firing ability determines whether the weights learnt by it have any significance in
the feature-output relationship.
A few activation functions are shown in Figure 3.21. Sigmoid is the most widely used function. The
output of a sigmoid function is between 0 and 1. A hard threshold at 0.5 helps in binary classification,
however it has two significant problems;
1. Saturation – since large negative values tend to push the sigmoid output to 0, this would cause a
vanishing gradient problem with weights not updated during backpropagation.
2. Asymmetry around abscissa – the output of the sigmoid is always greater than 0. This causes the
weights to move in one direction, either positive or negative, causing the optimisation to be
harder [201].
The hyperbolic tangent function helps in countering the problem of asymmetry. This is
because it has a range between -1 and 1. However, hyperbolic tangents are computationally intensive
due to the calculation involving 𝑒 𝑥 terms.
This led to the use of RELU (Rectified Linear Units) functions shown in Figure 3.21 subplot 3.
They have less computational load as given by equation (3.37). This makes them suitable for complex
architecture where efficiency is a must for faster training.
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In RELU, there is no upper bound for positive output, but the problem lies with lower bounds.
The neuron is deactivated if the output is ≤ 0 like the first problem using Sigmoid. Any random
initialisation of the neuron weights and bias giving output less than 0 causes the neuron to be dead
[201]. A dead neuron is not updated in the subsequent update cycle. Further, this function is not
differentiable at 0.
𝑦 = max(0, 𝑥)

(3.37)

This phenomenon of dead neurons in RELU has been addressed in Leaky RELU. Here, the
activation function multiplies any output value of the specific neuron ≤ 0 by a hyperparameter 𝑎
shown in the equation (3.38). This avoids the stagnation of weights and does not allow neurons to die.
Introduced by Xu in 2015 [202], Leaky RELU have been shown to perform better than standard RELU
[203].
𝑎𝑥 → 𝑥 ≤ 0
𝑦={
𝑥→𝑥>0

(3.38)

3.3.4.6. Learning Rates
Learning rate (LR) is a hyperparameter that signifies the rate at which learning will occur. This
is used in backpropagation shown by the term 𝛼 in equation (3.15). The range of LR is set between 0
– 1. Large LR makes significant changes in the weights and biases, requiring few training epochs to
reach optimisation. However, large LR might cause divergence. On the other hand, a small learning
rate requires several epochs, increasing the training time.
Adaptively changing the LR during training is a typical process to avoid too large or too small
rates. Techniques involve:
1. Function-based scheduling – the LR is set as an epoch's function, such as exponential, where it
drops after every epoch.
2. Piecewise scheduling – the LR drop by a factor after every 𝑛 epochs. This is the most commonly
used technique.
3. Performance scheduling – the validation loss is monitored every epoch. If there is a stagnation of
validation loss, the LR decreases.
4. 1cycle scheduling [198] – a newer technique, the LR is increased linearly from an initial LR to a
higher value and then decreased linearly by several orders. This reduces the training time
significantly.
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Function-based and piecewise scheduling have shown to result in a considerable decrease in
LR, slowing the training process after a few epochs [198]. On the other hand, performance scheduling
has been one of the most reliable techniques to adapt the rate based on the output of the network
every epoch [198].

3.3.4.7. Optimisers
Optimisers are one of the essential hyperparameters. They determine how the updates occur
for the weights and biases. Stochastic Gradient Descent (SGD), given in equation (3.15), is most
common optimiser. However, SGD is slow, inefficient and cannot determine the optimum solution.
This is because the gradient is calculated by backpropagating the error for each training data on every
epoch. SGD tends to get stuck in suboptimal values. Furthermore, SGD depends on manual tuning of
the LR.
Two of the most widely used and effective optimisers are RMSProp and Adam. Both use an
adaptive learning rate calculation, where the learning rate is adjusted based on the past few gradients
rather than manually providing the learning rate value. In RMSProp, the square 𝑠 is calculated of the
partial derivatives of each weight and bias. A moving average is calculated for the 𝑠 for the past few
iterations. This is then used to divide the LR every epoch by a small factor (√𝑠𝑖 + 𝜖) and update the
parameters [198],

𝑠𝑖 ← 𝛽𝑠𝑖 + (1 − 𝛽) (

𝝏𝟐 𝑳
𝟐

,

𝜕2𝐿

2)

𝜕𝑏 (𝑖)
𝝏𝑳
𝜕𝐿
( (𝒊) , (𝑖) )
(𝒘(𝑖) , 𝑏 (𝑖) ) ← (𝒘(𝑖) , 𝑏 (𝑖) ) −
√𝑠𝑖 + 𝜖 𝝏𝒘 𝜕𝑏
𝝏𝒘(𝒊)
𝛼

(3.39)
(3.40)

where,
𝑠
𝛼
𝛽
𝜖
√𝑠𝑖 + 𝜖

= squared sum of the weight, bias term for a past few iterations
= LR
= decay rate – moving average constant
= constant to avoid dividing by 0
= fraction to reduce the LR

In Adam, however, a combination of RMSProp with a momentum term is used. The calculated
gradients can change direction suddenly (going from large positive to large negative). The addition of
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the momentum term prevents this sudden change in direction. This is shown in Figure 3.22. The
momentum term is calculated by [198],
𝑚𝑖 = 𝛾𝑚𝑖 − (1 − 𝛾) (

𝝏𝑳
𝜕𝐿
, (𝑖) )
(𝒊)
𝝏𝒘 𝜕𝑏

(3.41)

where,
𝛾

= momentum hyperparameter between 0-1

Figure 3.22: The addition of the momentum term slows down the sudden changes in the gradient direction.
This stabilises the optimisation process.

The momentum along with equation (3.40) gives the Adam Optimisation [198],
(𝒘(𝑖) , 𝑏 (𝑖) ) ← (𝒘(𝑖) , 𝑏 (𝑖) ) −

𝛼 × 𝑚𝑖

𝝏𝑳
𝜕𝐿
, (𝑖) )
(𝒊)
√𝑠𝑖 + 𝜖 𝝏𝒘 𝜕𝑏
(

The advantages and disadvantages of various optimisers are tabulated in Table 3.3.
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Optimiser
SGD

Advantage
- Generic algorithm
- Easier implementation

Mini-Batch

-

It depends on a batch of data for loss
calculation rather than single data at a time

Momentum

-

Considers the past gradient along with the
current gradient.
Batch optimisation is prevalent than local
optimisation, as in the case of SGD

-

Nesterov
Accelerated
Gradient

-

Adagrad

-

RMSProp

-

Adam

-

Modification
of
momentum-based
approach by measuring the gradient slightly
ahead of the locally estimated position
helps better find local minima.
Adapts the LR automatically with the
optimisation process by accumulating the
square of the gradients.

Disadvantage
- Very slow and inefficient
- Unstable update depended on each point of
data of the training set, with severe
oscillations
- Tendency to get trapped in local minima
- Highly depended on LR
- Slower
- Tendency to get trapped in local minima
- Highly depended on LR
- Efficient compared to SGD and minibatch but slower than other advanced
techniques.
- Momentum hyperparameter is added,
which is updated every epoch.
- Depends on LR
- Momentum hyperparameter is added,
which is updated every epoch.
- Depends on LR
-

Late stages of training have very small LR,
taking longer to reach the optimisation or
does not converge
Manual overriding of LR is difficult
Has more hyperparameters to be tuned
compared to others

Like Adagrad, however, adapts the LR based on the moving average of the square
of gradients. This causes the LR not to
decrease rapidly.
Proven to be commonly used in LSTM
networks
Combines the idea proposed in all the - More hyperparameters to be tuned.
above algorithms
Efficient, adaptive LR and performs better
than others.
Table 3.3: Pros and cons of different optimisers used in neural networks

3.3.5. Summary – Machine Learning Concepts
This section discussed various neural networks with a significant focus on LSTM and ConvLSTM. LSTM are efficient in sequence-to-sequence modelling. They have been primarily used in timeseries recognition. They can only explore the temporal effects such as use the past values in estimating
the present. However, if a 2D input example such as an image is provided, LSTMs may not be able to
deduce information from the spatial regions such as features in a group of pixels at a particular part
of the image. Having a capability of both temporal and spatial feature exploration has led to the
development of a new architecture called the Conv-LSTM.
This section also discussed different hyperparameters used while training the neural
networks. These included:
1. Regularisation – Dropouts are used extensively to avoid overfitting, while Monte-Carlo dropouts
can be used during testing to evaluate the stochastic nature of a network.
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2. Loss Function – Huber loss is efficient in the handling of the outliers and is better than standalone
MSE and MAE.
3. Activation Function – Leaky RELU is fast and efficient compared to RELU. A hyperbolic tangent also
performs well but lacks computation efficiency.
4. Optimisers – Adam and RMSProp are the most efficient optimisers compared to others.

3.4.

Conclusion
This chapter introduced the signal processing and machine learning techniques of relevance

to the remainder of the thesis.
Wavelet transforms iteratively decompose a signal into smaller bandwidths of frequency
starting from higher frequency and going to the DC by dynamically changing the width of the window
function at every iteration. They provide a better time-resolution at higher frequencies (initial level of
decomposition), and a better frequency-resolution at low frequencies, approaching DC. At these
different decomposition levels or frequency bandwidths, some important information may be
present. The relevant information from a biomedical signal perspective may be the breathing rate,
pulse rate, motion artefact, muscle movement and so on. Such rich information may be essential in
estimating blood pressure, however the relationship of this information with blood pressure may be
complex.
To understand such complex relationships, there are various kinds of neural networks with a
few discussed in this chapter. Time-series networks like LSTM are powerful in finding temporal
patterns in signals. These networks remember the past while estimating the present and can be used
in estimating one signal shape from another. These have been used to some extent in the literature,
however not in combination with wavelets as discussed in this chapter.
In the next chapter, the analysis and discussion will be based on the information MODWT
provides from a PPG signal at different frequency bandwidths and the relationship with ABP signal and
its different frequency bandwidths. Further in the following chapters, the LSTM and Conv-LSTM
networks with the architecture as described in this chapter will be used along with the MODWT
features from PPG signals to estimate and reconstruct an ABP waveform.
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4.1.

Introduction
In Chapter 2, many features obtained from PPG sensors were discussed along with the theory

behind their choice. It was found that many machine learning studies heuristically selected signals
such as PPG or ECG of arbitrary lengths of 𝑛 seconds. They further assumed that the model will
somehow be able to derive deep features which can be used in estimating the blood pressure. They
have not analysed if there is any statistical relationship between the signals in a particular frequency
band with increasing or decreasing levels of pressure and the effect of different sequence lengths of
the signals in estimating pressure. Time-frequency analysis is also a concept which has not been widely
investigated. Only a small number of studies used spectrograms and scalograms as feature images but
there has not been any large success in terms of their accuracy in estimating pressure.
The primary objective of this chapter is to identify any features – heuristic and entire
components of the signal – which can be used in developing machine learning models for blood
pressure estimation. The chapter focusses on three main components:
1. Any machine learning or statistical analysis requires data. In the first section, a description is
provided for the source of data, the process by which the data were obtained, matched with their
respective de-identified patients, filtered, and cleaned.
2. The second section discusses and analyses a few of the heuristic features following the ones
discussed in the literature, identifying any patterns they show with changing blood pressure.
3. The third section analyses the time-domain correlation between the PPG and ABP signals and uses
the concept of the wavelet transform to analyse the narrowband frequency components of those
signals. It further investigates patterns present in them such as the effect of increasing or
decreasing pressure on these coefficients.

4.2.

Tools and Software Package
Before delving into the data-acquisition, analysis, and signal processing techniques, it is

important to mention about the tools and software used specific to the current chapter. Primarily
Python version 3.7 was used automating data collection process from the database analysed in the
current chapter further using the libraries such as
-

Pandas to store the comma separated (csv) files
90

Data Acquisition and Analysis
-

NumPy to structure the arrays of the signals

-

SciPy to run the signal processing and frequency domain analysis

-

Sci-Kit Learn to undertake data analysis discussed in section 4.6 and onwards

-

Matplotlib for plotting of the throughout the dissemination

4.3.

Data Acquisition – MIMIC Database
MIMIC (Medical Information Mart for Intensive Care) is an open-source database. It contains

signals and de-identified records from over 60,000 patients collected from ICU and various other
clinical departments from Beth Israel Deaconess Medical Centre, Massachusetts between 2001 – 2016
[125]. There are two sections in the database:
1. A signal waveform database (referred to within MIMIC as the Un-matched database) containing
waveforms from a total of 66,505 (as of 2021) patients. This section of the database does not hold
any patient specific information. The signals present in the database include one or more of the
following:
-

Electro-cardiography signal from one or more electrodes (ECG)

-

Continuous arterial line blood pressure (ABP)

-

Pulse-plethysmography signals (PPG)

-

Respiration

-

Pulse Oxygenation (SpO2)

-

Non-invasive blood pressure (SBP and DBP) recorded at intervals

2. A patient information database (referred to within MIMIC as the Matched database) containing
patient specific information from 46,521 patients. This database does not contain patients’ signals
but the following information which can be used to match with the signal database:
-

Date of birth (encoded)3

-

Date of admission (encoded)1

-

Sex

-

Diagnosis

-

Admission location

-

Ethnicity

3

The exact birth and admission date are randomly offset to a future date. To estimate age, we must subtract
birth from admission.
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-

Date of death (if applicable)

-

Others (admission and discharge time, marital status, insurance types, religion, language)

The data acquisition from the MIMIC III database discussed in the subsequent sub-sections
has been undertaken by the researcher himself over three months period (October 2019 – January
2020) as the processing involved downloading (section 4.3.1), filtering (de-noising) and deciding
(section 4.4) on appropriate data for data analysis and subsequent algorithm development. This task
was carried out on:
-

CPU: Intel® Xeon® Gold 6130 CPU @ 2.10 GHz with 16 Cores

-

GPU: NVIDIA Quadro P620

-

RAM: 64GB DDR4

-

Hard Drive: External 10 TB Toshiba

4.3.1. Un-matched (signal waveform) Database
The Un-matched (signal waveform) database contains a significantly large amount
(approximately 7 Terabytes) of waveform signal data from 66,505 patients. Not all patients had either
ABP or PPG recorded, or ABP and PPG recorded simultaneously. Since the aim of this experiment was
to identify features in the PPG signal that could be used to determine blood pressure, it was important
to identify those signal records that contained both PPG and ABP. The process of obtaining the
appropriate signals is shown in Figure 4.1 and summarised below:
1. Obtain the record names of all 66,505 patients.
2. Obtain the layout header files for each patient (downloaded from the database).
3. Read the information file (called as layout header file) for each patient if ABP (in some cases called
ART) or PPG (called as PLETH) signal is present. This reduced the number of patients down to
14,764.
4. Download the secondary information file (called as the header file) for each filtered patient
(14,764). The secondary header file contained the number of segments of ABP, or PPG signals
collected from the patient. An example of a header file (30/3000063) is shown in Figure 4.1. The
number of segments represents the number of times the sensor was connected. It also includes
the number of samples (sampling frequency = 125 Hz) per segment. Some segments did not have
any samples so were rejected for that patient.
5. Download and read the appropriate segment header file (such as 30/3000063_0001) and check if
ABP and PPG signals were recorded for that segment simultaneously. If not, then reject the
segment.
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Figure 4.1: Flow diagram for the acquisition of the ABP and PPG signals from Un-Matched Database.

At completion of this process, 11,442 patients were identified who had both ABP and PPG
signals recorded simultaneously.
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Figure 4.2: Flow Diagram for obtaining the matching patient records from the Matched (patient information
database) with signals from the Un-matched (signal waveform) database.

4.3.2. Matched (patient information) Database
Of the 11,442 patients identified within the Un-matched database as having both ABP and
PPG recorded simultaneously, only a fraction had patient information available from the Matched
(patient information) database. Accessing the patient information required to complete an ethics
process for the Massachusetts Institute of Technology, USA. Having gained ethics approval, access to
the Admission and Patients personal information (de-identified) was granted. The certificate granted
for accessing the dataset has been shown in Appendix D.1.
In total, there are 46,521 sets of patient records in the Matched (patient information)
database. Of these only 22,317 have any kind of signal waveform data stored within the Un-matched
(signal waveform) database. Among these 22,317 instances, some patients were included more than
once, resulting in repeat information. When these were removed, this reduced the number of patients
to 10,099 unique patients. Of these 10,099 unique patients with waveforms stored in the Un-matched
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(a) Age distribution of the patients

(b) Classification of the diagnosis type in the database

Figure 4.3: Age distribution and diagnosis categories of the different patients in the MatchedMIMIC Database
Cardiac
Aortic
Stroke
Arrest
Coronary
Angina
Heart
Ventricular
Hypotension
Hypertension

Brain
Haemorrhage
Cranial
Intracranial
Cerebral
Seizure
Head
Subdural

Chest
Pneumonia
Lung
Throat
Pneumothorax
Asthma
Bronchitis
COPD
Pulmonary

Trauma and Renal
Bleed
Fracture
Sepsis
Accident
Renal

Others
Urinary
Hernia
Liver
Pancreatitis
Fever
Syndrome
Cancer

Table 4.1: Disease classification created based on the common keywords found in the
database, including the main headers as one of the keywords.

database, only 2,828 had both PPG and ABP recorded simultaneously. Figure 4.2 summarises this
identification process.
The result of this process gave two cohorts of patients to be used in the study:
•

𝑁 = 2,828 patients with both patient records and ABP/PPG signal waveforms

•

N = 11,442 − 2,828 = 8,594 patients with ABP/PPG signal waveforms but NO patient
information
The statistics of the data related to sex, age and diagnosis from the first cohort of 2,828

patients are shown in Table 4.2 and Figure 4.3. The diagnosis distribution was formed by classifying
the medical diagnosis into five broad categories: cardiac, cerebral (brain), pulmonary, trauma and
renal, and others. A few of the commonly repeating keywords were selected and are tabulated in
Table 4.1. The reason for grouping trauma and renal diagnoses into a single category was to make all
the groups roughly equal size.
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Total Patients
Gender Distribution

Males

57.1% (N = 1,616)

N = 2,828
Females

42.9% (N = 1,212)

Number Expired

Expired
Males
Females

35.3% (N = 999)
58.6% (N= 585)
41.4% (N= 414)

Alive
Males
Females

64.7% (N = 1,829)
56.4% (N = 1,031)
43.6% (N = 798)

Age Distribution

Age Range
(Years)
< 20

Total, N

Males, N

Females, N

154
96
140
308
596
684
555
434

13

2

61
72
180
343
406
329
218

35
68
128
253
278
226
216

21 – 30
31 – 40
41 – 50
51 – 60
61 – 70
71 – 80
> 81
Admission Type

Emergency
Elective
Urgent
Newborn

81.2%
17.36%
1.38 %
0.03%

(N = 2297)
(N = 491)
(N = 39)
(N = 1)

Admission Location

Physical Referral
Emergency Room
Clinical Referral
Transfer from Hospital
Transfer from Other Department
Transfer from Skilled Nurse

20.3%
24.4%
37.5%
17.3%
0.14%
0.21%

(N = 576)
(N = 690)
(N = 1062)
(N = 490)
(N = 4)
(N = 6)

Table 4.2: Data statistics of the Matched-MIMIC Database

4.4.

Data Processing – Denoising PPG and ABP Signals
All the signals in the matched and un-matched databases were sampled at 125 Hz. Many of

the signals had artefacts, with a few examples shown in Figure 4.4. Sensor saturation was found to be
common in the ABP signals, leading to a plateauing of the signal towards the peak. Apart from these,
motion artefacts and systems errors resulted in noisy or null signals.
First the ABP and PPG signals were passed through a low-pass FIR filter with an upper cut-off
frequency of 15 Hz (sampling frequency, Fs = 125Hz). The choice of the cut-off frequency was primarily
because most of the important information in the ABP or PPG is present below 10 Hz.
The processing flow diagram is shown in Figure 4.5. This processing consisted of three stages.
The heart rate was found first for both ABP and PPG signals by calculating the

4

One neonate female
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Figure 4.4: Different errors found in different signals. Subplot (1) shows an ABP signal where, the
peak value saturated with a reason being clogging of the pressure transducer. Subplot (2) shows an ABP signal
with no initial signal, which may be attributed to the system error. Subplot (3) shows a PPG signal damaged
by the motion artefact.

Figure 4.5: The processing of the ABP and PPG signals from the database. This involved 3 stage
process. (1) Detect the heart rate to be within the specified range, (2) Check the zero-crossing of the signals
with the specified heart rate, (3) Using a standard deviation filter to determine the number of successive
samples having the same value (to detect plateaus).
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centre frequency of the signal using the Fast Fourier Transform. However, presence of any strong
motion led to inaccurate calculation of the centre frequency.
To avoid this, a second stage was used for calculating the signal’s zero-crossings. This checked
the sinusoidal nature of both the signals. Within a window of 𝑥 (𝑒𝑔: 𝑥 = 10) seconds, the number of
times the signal crosses the x-axis, must be twice the centre frequency in the entire window shown in
Figure 4.6. This step eliminated a lot of artefacts. The assumptions were set to a maximum heart rate
of 240 beats per minute and a minimum of 30 beats per minute. If the centre frequency of the
normalised signal was between the expected 0.5-4 Hz (30 – 240 BPM) and the zero crossings were
also within a tolerance of ±2 crosses within the theoretically calculated number of zero-crossings, the
signal was passed to a third stage.

Figure 4.6: The figure shows the normalised PPG signal, having a centre frequency, fo approximately 2 Hz
which is 120 beats per minute of heart rate. Undertaking a zero-cross detector, the expectation is with a
𝑠𝑎𝑚𝑝𝑙𝑒𝑠
window of 450 samples (3.6 seconds, Fs = 125 Hz), the number of zero crossings will be 2 × 𝑓𝑜 ×
=
2×2×

450
125

𝐹𝑠

= 14 crosses.

In this third stage, any saturated signals were detected using a standard deviation filter. This
filter determines the standard deviation of 𝑛 successive samples from the current sample. The location
of the zeros is identified in the standard deviation signal. Zero standard deviation identifies the
presence of plateaus with a length of 𝑛 samples. If a threshold number of zeros was found (threshold
set to 4), the signal segment was rejected. An example standard deviation of a good and bad signal is
shown in Figure 4.7.
If both the ABP and PPG signals within the 𝑥 seconds window satisfied the three processing
conditions, they were deemed satisfactory to be used for further analysis. The processing was then
repeated for the next 𝑥 seconds’ window. For this processing, 𝑥 was selected to be 60 seconds. After
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Figure 4.7: ABP signal with and without plateaus. The standard deviation (STD) filter output is shown in the
blue applied over 𝑛 =5 successive samples. If there are plateaus in the signal, the output of the STD filter is
0. This further indicates that plateau spans over 5 successive samples in the actual signal. If the number of
zeros STD are found to be more than 4 in the STD filter output, the segment of the signal is rejected.

Figure 4.8: Gated ABP and PPG signal which were simultaneously recorded without any noise or motion
artefacts present after the stages of filtering. The regions of the zero gates are the rejected signals.

the entire signal was processed, the data were concatenated. The filtered ABP and PPG of a patient
are shown in Figure 4.8. The time instants where both the signals are zeroed shows the regions where
any or both had artefacts.
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4.5.

Signal Statistics
The processed dataset was generated in a manner whereby a single patient may have one

continuous segment, or many numbers of continuous segments collected at different points of their
admission timings. On average, 68 segments were collected from each patient with a maximum of
1946 segments and a minimum of 1 segment. Here each segment can vary from a few minutes to
hours or even days.
The duration of simultaneously recorded ABP and PPG pair from each patient is variable. On
average, the waveforms length of the ABP and PPG recorded were for a duration 1.58 hours. However,
the minimum length of recording is about 3.6 seconds while maximum length of recording is about 20
hours approximately. Here, one instance where 3.6 seconds is said to be the minimum is because after
filtering and removing any artefacts, only a very small duration of the signal was left.
Finally, the signals from each patient were divided into chunks of lengths of 500 samples (4
seconds). The signals were then used for the calculation of BP and PPG signal statistics.

4.5.1. BP Statistics
The overall distribution of SBP, DBP and MAP for 11,442 patients is shown in Figure 4.9 and
the statistics are shown in Table 4.3. The DBP has a mean of 57.19 mmHg. A portion of the dataset
used by different studies [116], [122] have shown a similar distribution of DBP. One interesting thing
to note is that studies such as by Kachuee [114], Maher [120] and others have reported a right-skewed
distribution of DBP in their studies with the minimum DBP of 50 mmHg obtained from the same
database. This is because these studies have built on a processed subset of database created by
Kachuee from the MIMIC database and published in University of California Irvine (UCI) Machine
Learning repository. Kachuee for some reason had removed any blood pressure waveform along with
their PPG waveform for patients having DBP recorded less than 50 mmHg.
Further, the pressure values across different demographics from the matched database is
shown in Table 4.4 to Table 4.6. One important point observed here is an increase in age increases the
mean SBP across all the subjects, further supported by the theory of decreased arterial compliance
from the literature.
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Figure 4.9: The pressure data distribution generated from the database of 11,442 patients.
Pressure

DBP
SBP
MAP

Age Group (Years)
< 20
21 – 30
31 – 40
41 – 50
51 – 60
61 – 70
71 – 80
> 81

Mean [mmHg]

Std [mmHg]

Minimum [mmHg]

Maximum [mmHg]

57.19
13.14
20.03
219.99
123.85
24.27
50.04
119.99
81.83
15.64
29.34
162.76
Table 4.3: Data statistics of the blood pressure from the MIMIC Database

SBP
𝝁 ± 𝝈 [mmHg]
112.93 ± 20.47
121.33 ± 23.91
121.26 ± 22.57
121.32 ± 25.75
124.28 ± 23.15
125.06 ± 24.28
125.57 ± 23.32
125.94 ± 23.16

DBP
𝝁 ± 𝝈 [mmHg]
59.50 ± 10.36
59.33 ± 15.30
62.24 ± 13.00
61.44 ± 14.79
57.74 ± 12.29
56.09 ± 12.54
52.25 ± 12.31
49.86 ± 11.37

MAP
𝝁 ± 𝝈 [mmHg]
78.92 ± 13.19
79.57 ± 18.61
82.20 ± 15.56
82.51 ± 18.06
80.65 ± 14.60
79.66 ± 15.30
77.27 ± 14.83
76.10 ± 13.79

Table 4.4: Pressure distribution for different age groups
Diagnosis Groups
Cardiac
Cerebral
Pulmonary
Trauma/Renal
Others

SBP
𝝁 ± 𝝈 [mmHg]
125.98 ± 24.40
130.86 ± 24.14
119.29 ± 23.29
123.92 ± 23.39
121.76 ± 22.93

DBP
𝝁 ± 𝝈 [mmHg]
53.31 ± 13.16
59 ± 14.70
55.56 ± 13.13
55.17 ± 12.35
55.50 ± 12.50

Table 4.5: Pressure distribution for different diagnosis groups
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MAP
𝝁 ± 𝝈 [mmHg]
77.69 ± 15.26
84 ± 16.41
77.84 ± 15.00
78.36 ± 14.70
78.41 ± 15.05
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Sex
Male
Female

SBP
𝝁 ± 𝝈 [mmHg]
123.39 ± 23.34
125.41 ± 24.23

DBP
𝝁 ± 𝝈 [mmHg]
55.27 ± 12.41
56.21 ± 13.90

MAP
𝝁 ± 𝝈 [mmHg]
77.93 ± 14.65
80.62 ± 16.07

Table 4.6: Pressure distribution for males and females

4.5.2. PPG Statistics
The PPG signals in the database included signals having two different ranges with one range
from 0 – 1V and other from 0 – 4V. The collection has been conducted from two different models of
Philips CareVue Clinical Information System - Model M2331A and Model M1215A [204], using
transmissive PPG at 125 Hz sampling rate. The location of sensor placement was described by the
creators of the database in their official documentation to be on the fingertip and in most cases the
index finger [205]. However, in some cases, this information could not be obtained from the database,
and in these cases other fingers may have been used. The two examples of the different PPG signal
are shown in Figure 4.10. A total of 36% (= 4120 patients) had signals recorded on a PPG system
outputting between 0-1 V.

Figure 4.10: PPG signals from two different sensors.

Since the two different ranges of signals are present, it was essential to first normalise these
signals. In machine learning, normalisation is carried out in pre-processing step to improve the
performance of any algorithm so they can learn well and converge to a global minimum.
A minimum-maximum normalisation (equation (4.1)) of the signals was carried out for the
two sets of sensors, ensuring that the voltages fall in the range of 0 – 1 exactly. The normalisation was
carried out across all the signals rather than per-patient basis to preserve any relative amplitude
information.
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𝝁±𝝈

Feature

Feature
Tag
Time Features
Rise Time [s]
RT
Fall Time [s]
FT
Rising Inflection Time [s]
RIT
Falling Inflection Time (Systolic Time) [s]
ST
Diastolic Phase Time [s]
DT

0.197 ± 0.069
0.493 ± 0.118
0.110 ± 0.066
0.360 ± 0.091
0.330 ± 0.126

Large arterial stiffness index [s]

0.163 ± 0.056

LASI

Feature Description

DN5 to Offset
𝑡𝐷𝑁 − 𝑡𝑝𝑒𝑎𝑘

Amplitude Features

Peak to Peak Amplitude
Rising Inflection Point Height
DN Height
Ascending Slope
Descending Slope
Slope Peak to DN
Augmentation Index
Complementary Augmentation Index

PIR
RIPH
DNH
AS
DS
S_P2DN
AI
CAI

2.767 ± 0.327
0.459 ± 0.040
0.471 ± 0.076
0.020 ± 0.006
-0.008 ± 0.002
-0.013 ± 0.003
0.172 ± 0.034
0.828 ± 0.034

Ratio AC to DC

AC_DC

0.944 ± 0.120

Ascending Area

Area-based Features
AA
5.233 ± 1.503

Descending Area

DA

10.215 ± 2.549

Area Peak to DN
Area DN to Offset
Area Onset to Rising Inflection
Area Rising Inflection to Peak
Ratio Systolic to Diastolic Area

A_P_DN
A_DN_O
A_O_RI
A_RI_P
AA_DA

6.574 ± 1.860
3.854 ± 2.107
0.841 ± 0.688
4.395 ± 1.381
5.533 ± 9.062

Area onset to mean
Area Mean to Peak
Area Peak to DN
Area DN to Offset

S1
S2
S3
S4
Others
HR
WT

2.885 ± 0.976
6.182 ± 1.856
5.700 ± 1.869
4.688 ± 2.260

Heart Rate
Window Width [s]

Peak to peak amplitude

Slope onset to peak
Slope peak to offset
𝐴𝐷𝑁/𝑃𝐼𝑅
𝑃𝐼𝑅 − 𝐴𝐷𝑁
𝑃𝐼𝑅
Ratio of PPG
AC to PPG RMS
AUC6 onset
to peak
AUC peak
to offset

(𝐴𝐴 + 𝐴_𝑃_𝐷𝑁)
𝐴_𝐷𝑁_𝑂

88.421 ± 16.419
0.690 ± 0.128

Table 4.7: Common PPG Features and the Spearman correlation with the SBP and DBP

𝑦𝑖 =

4.6.

̿)
𝑥𝑖 − min(𝒙
̿) − min(𝒙
̿)
max(𝒙

(4.1)

Data Analysis – Heuristic and Time-Series Features
Twenty-eight commonly investigated [120], [122], [169] features were selected from the PPG

signals to study their relationship with SBP, DBP and MBP. These features are divided into three
categories – time-based, amplitude-based, and area-based, and are listed in Table 4.7.

5
6

Dicrotic notch
Area under curve
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Figure 4.11: Correlation matrix plot for the PPG features and labels.

The PPG and ABP signals from all (N = 11,442) patients were divided into chunks of 4 seconds
(500 samples). The features and the SBP/DBP values were calculated as the average of 3-4 cardiac
cycles in each signal chunk. Here two linear correlation techniques are discussed for the feature
selection – Pearson and Spearman Correlation.
4.6.1. Pearson Correlation Matrix Plot
The Pearson correlation was calculated between each feature column against another and
against SBP and DBP. The matrix plot shown in Figure 4.11 was obtained from 333,000 features-output
sets. A very low correlation between the SBP and DBP and the features was observed with 𝑟 values
ranging from -0.2 to 0.2. Three reasons which might be causing such low correlation are:
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-

There might be a linearly positive or negative correlation for the individual subject over the time
as shown in Figure 4.12 for one patient as an example. However, the magnitude of this correlation
may vary from subject to subject.

-

There might be a correlation for a group of individuals belonging to the same cohort, such as age.
To support this claim, matrix plots were developed for the mean values of each PPG feature in
each age group (20 – 30, 30 – 40 years) and pressure ranges at increments of 10 mmHg for both
SBP and DBP in Appendix B section B.1. However, the discussion on age as a feature has been
avoided due to the limited amount of data in the MIMIC to be used in building a machine learning
model.

-

Further, tiny artefacts in the signal may cause one or more features to be mis-estimated, adding
to the noise. This noise may decrease the correlation value. One such artefact is underdamped
signals with multiple notch points in the falling phase of PPG caused due to cardiac dysfunction.
However, there might exist a higher dimensional relationship between multiple features and

blood pressure which cannot be visualised with linear analysis. Altogether, from the Pearson Analysis
matrix plot (Figure 4.11), due to low correlation between each feature versus the SBP and DBP across
all subjects, it is inconclusive which feature might have a profound impact on the blood pressure and
which may not.
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Feature

r

RT [s]
FT [s]
RIT [s]
ST [s]
WT [s]
DT [s]
LASI [s]
PIR [no units]
RIPH [norm]
DNH [norm]
AS [norm / s]
DS [norm / s]
SLOPE_A [norm / s]
ACDC [no units]
AI
AI1
AA [norm2]
DA [norm2]
A_P_DN [norm2]
A_DN_OFF [norm2]
A_O_RI [norm2]
A_RI_P [norm2]
AA_DA [no units]
S1 [norm2]
S2 [norm2]
S3 [norm2]
S4 [[norm2]
HR [beats per minute]

0.95
-0.90
0.98
0.95
-0.80
-0.96
0.61
0.34
0.07
-0.92
-0.99
-0.90
-0.97
0.32
-0.92
0.92
0.24
-0.99
-0.03
-0.90
0.94
-0.04
0.97
0.12
0.30
0.33
-0.79
-0.17

Feature

r

RT [s]
FT [s]
RIT [s]
ST [s]
WT [s]
DT [s]
LASI [s]
PIR [no units]
RIPH [norm]
DNH [norm]
AS [norm / s]
DS [norm / s]
SLOPE_A [norm / s]
ACDC [no units]
AI
AI1
AA [norm2]
DA [norm2]
A_P_DN [norm2]
A_DN_OFF [norm2]
A_O_RI [norm2]
A_RI_P [norm2]
AA_DA [no units]
S1 [norm2]
S2 [norm2]
S3 [norm2]
S4 [[norm2]
HR [beats per minute]

0.95
-0.91
0.98
0.95
-0.80
-0.96
0.61
0.34
0.07
-0.92
-0.99
-0.90
-0.97
0.32
-0.92
0.92
0.24
-0.99
-0.03
-0.90
0.94
-0.04
0.96
0.12
0.30
0.34
-0.79
-0.17

Subplot 1: PPG features versus SBP

Subplot 2: PPG features versus DBP
Figure 4.12: For a single patient. The r value is the Pearson correlation coefficient between the feature and
pressure.
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Figure 4.13: Averaged PPG features versus DBP and SBP at increments of +2 mmHg across 11,442 patients
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4.6.2. Spearman Correlation – Linear Analysis
The average values of all the features across all patients were calculated at an increment of 2
mmHg of SBP and DBP. The relationships are plotted in Figure 4.13 for each feature with SBP and DBP,
respectively. The Spearman Correlation coefficient [206] was then calculated to evaluate the
monotonicity of these features. It was found that:
For DBP,
-

RT, FT, RIT, ST, WT, LASI, PIR, SLOPE_A, ACDC, AI1, A_O_RI, A_P_DN, and S3 decrease (𝑟 < −0.5).

-

RIPH, DNH, AI and HR increase (𝑟 > 0.5)

-

DT, AS, DS, AA, DA, A_DN_OFF, A_RI_P, AA_DA, S1, S2 and S4 did not correlate well with DBP
(−0.5 < 𝑟 < 0.5).

For SBP,
-

RT, RIT, ST, RIPH, A_O_RI, AA_DA, S1, S2 and HR decrease (𝑟 < −0.5).

-

FT, WT, DT, PIR, DNH, AS, DS, ACDC, DA, A_P_DN, A_DN_PFF, A_RI_P and S4 increase (𝑟 > 0.5).

-

LASI, SLOPE_A, AI, AI1, AA and S3 did not correlate well with SBP (−0.5 < 𝑟 < 0.5).
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4.6.3. Selecting Features
There are many different methods for selecting features. One is to train multiple models with
many features and obtain the best set of features. Another is to train a model with all the features
and then add errors to features (Monte Carlo simulation) and evaluate which features have the biggest
effect on the pressure readings. However, one of the objectives following the literature discussion is
to create a model with whole-signal features (discussed in the following section) while taking some
advantage of hand-picked features. To do so, the decision was to use those features that showed a
Spearman correlation 𝑟 < −0.5 or 𝑟 > 0.5, as shown in Table 4.8. In total, 17 features for DBP and 22
for SBP were obtained.

DBP Features (r value)
Features
r-value
AI1
-0.885
WT
-0.866
RIT
-0.795
ACDC
-0.731
PIR
-0.713
A_O_RI
-0.701
ST
-0.684
RT
-0.665
SLOPE_A
-0.635
LASI
-0.619
FT
-0.614
S3
-0.566
A_P_DN
-0.508
DT
-0.461
S2
-0.386
AA
-0.375
DA
-0.367
A_RI_P
-0.216
S1
-0.206
A_DN_OFF
-0.128
DS
-0.080
AA_DA
-0.075
S4
0.140
AS
0.460
DNH
0.633
HRV
0.816
AI
0.885
RIPH
0.950

SBP Features (r value)
Features
r-value
A_O_RI
-0.963
RT
-0.937
RIT
-0.933
ST
-0.923
RIPH
-0.913
AA_DA
-0.878
HRV
-0.841
S2
-0.556
S1
-0.522
S3
-0.43
AI
-0.352
AA
-0.012
LASI
0.017
AI1
0.352
SLOPE_A
0.487
ACDC
0.625
WT
0.71
DNH
0.783
DT
0.819
A_DN_OFF
0.826
FT
0.833
A_RI_P
0.84
PIR
0.853
DA
0.902
A_P_DN
0.921
DS
0.928
S4
0.936
AS
0.96

Ignored Features
Selected Features
-ve r-value
+ve r-value

Table 4.8: Selecting the appropriate feature for learning

4.7.

PPG-ABP Signal – Time Series Analysis

4.7.1. Out-of-Phase Analysis of ABP-PPG Signals
ABP and PPG signals lag each other due to different sensor locations with the arterial line
catheter present on the radial artery while the PPG placed on the finger. The direction of the causality
is from ABP to PPG. The pressure signal causes the dilation and contraction of the arterial walls,
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changing the PPG signal. This causes the ABP signal to lead to the PPG signal. This lag can be considered
as PAT measured between the ABP-PPG signal.
This phase lag was calculated using the cross-correlation function between each 4 seconds
chunk of ABP and PPG signal using equation (4.2). The maximum lag was then estimated at the location
where 𝑟(𝑡) is maximum given by 𝜀 = 𝑡 [𝑟(𝑡)|max(𝑟(𝑡)) ].

∞

𝑟(𝑡) = 𝐴𝐵𝑃(𝑡) ⊗ 𝑃𝑃𝐺(𝑡) = ∫ 𝐴𝐵𝑃(𝜏)𝑃𝑃𝐺(𝜏 + 𝑡)𝑑𝜏

(4.2)

−∞

The mean value of the lag, 𝜀 was calculated at every pressure range for SBP, DBP and MBP at
increments of 10 mmHg. Important point to be noted is each point in the Figure 4.14 is an aggregate
mean of the lag for all the subjects in the pressure range. All the points could have been plotted for
all the lag each cardiac cycle against the instantaneous SBP, DBP or MBP. However, tiny artefacts or
other points discussed in section 4.6.1 would have made the plot noisy.
It was found that the lag increases with an increase in SBP and decreases with an increase in
DBP and MBP as depicted in Figure 4.14. Similarly, with an increase in HR, the lag decreases. The
correlations were not strong with an 𝑟 value between SBP and lag of 0.640, while for DBP and lag the
correlation was higher calculated at 0.878.
While this lag can be an important feature, however, using a single PPG sensor does not
provide any means to calculate such lag. Hence, this lag was further used to align the ABP and PPG
signals in the time-domain.
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Figure 4.14: Lag between ABP-PPG signal vs pressure

4.7.2. In-Phase Analysis of ABP-PPG Signals
The phase lag 𝜀 for each ABP and PPG signal was used to align the signals in time. The Pearson
correlation coefficient between the aligned PPG and ABP was calculated using equation (4.3).
𝑟=

𝑛∑𝐴𝐵𝑃 × 𝑃𝑃𝐺 − ∑𝐴𝐵𝑃∑𝑃𝑃𝐺
√𝑛∑𝐴𝐵𝑃2 − (∑𝐴𝐵𝑃)2 − √𝑛∑𝑃𝑃𝐺 2 − (∑𝑃𝑃𝐺)2

(4.3)

The average correlation was calculated to be 0.71 across all the datasets (Figure 4.15a),
showing a strong coupling between the two signals.
The average correlation was also calculated among different age groups as shown in Figure
4.15b. We see a gradual decrease of r = 0.82 from 30 years to r = 0.74 above 80 years. With advanced
age, the arteries become stiffer, and patients may not have dicrotic notches or different signal shapes.
This changes the harmonics present in the two signals. Further, the impedance of the skin will change
due to an increase or decrease in the levels of fat and muscle over age, leading to a change in the
shape of the signal.
While there is a strong correlation generally between the ABP and PPG signals, higher
frequency harmonics cannot be easily identified in the time-domain signal. There will be different
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(a) Average Pearson correlation across all the PPG(b) Decrease in the Pearson correlation with the
ABP signals in MIMIC dataset
progressive age between the two signals
Figure 4.15: Pearson correlation across the signals

relationships between the higher frequency harmonics of the signal. For this, frequency domain
analysis involving wavelets is used discussed next.

4.7.3. Time-Frequency Analysis
The time-domain ABP and PPG have broadband frequency components from DC to a
frequency of approximate value 20-30 Hz. When cross correlating the entire broadband frequency
components of both the signals which was done in the previous section 4.7.3, a frequency component
present in one may not be present in the other such as the dicrotic notch. This may result in moderate
levels of correlation. However, if narrowband frequency (between a small range such as 0 – 1 Hz)
components of the two signals are compared, then there might be higher correlation and patterns
present. For such narrowband analysis, the concept of MODWT (as described in section 3.2.4.2) is
used.
MODWT iteratively passes the signal through a set of high-pass and low-pass filters and
decomposes them into narrow-band frequencies (section 3.2.4). In low frequency signals such as PPG
and ABP, MODWT provides a good frequency resolution. The narrow-band output from the high-pass
filter (called the detailed coefficients, represented by 𝜓𝑖 where 𝑖= iteration number) after each
MODWT iteration will be limited within a specific frequency bandwidth for both ABP and PPG signals.
The output in each narrowband frequency has a high correlation between the detailed coefficients of
ABP and PPG signals.
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𝝍𝑨𝑩𝑷
𝝍𝑷𝑷𝑮
𝒓̅
Frequency
Average % of Cumulative % Average % of Cumulative %
𝝍
Range
Energy 𝝍𝑨𝑩𝑷
Energy 𝝍𝑨𝑩𝑷 Energy 𝝍𝑷𝑷𝑮 Energy 𝝍𝑷𝑷𝑮
𝑨𝑩𝑷
− 𝝍𝑷𝑷𝑮
Per 𝝍 level
𝝍𝟏
31.2 – 62.5
0.097
0.0907
0.110
0.110
0.92
𝝍𝟐
15.6 – 31.2
0.205
0.301
0.163
0.274
0.71
𝝍𝟑
7.8 – 15.6
1.545
1.847
0.639
0.912
0.70
𝝍𝟒
3.9 – 7.8
9.720
11.567
5.784
6.697
0.76
𝝍𝟓
2.0 – 3.9
31.119
42.685
28.056
34.749
0.85
𝝍𝟔
1.0 – 2.0
47.741
90.430
54.895
89.644
0.94
𝝍𝟕
0.5 – 1.0
9.575
100
10.356
100
0.91
Table 4.9: Frequency ranges present in ABP-PPG wavelet decomposition of length 450 samples along with
the average energy distribution per level, cumulative energy and average correlation in each level
Level

(a) Detailed coefficients of an ABP signal

(b) Detailed coefficients of a PPG signal

Figure 4.16: Detailed coefficients of ABP and PPG signals after the MODWT transform using a 'db4' filter.

An example is shown in Figure 4.16 for different levels of ABP and PPG signal MODWT output
sampled at 125 Hz. The number of decompositions based on equation (3.6) was 7 for a signal length
of 4 seconds (500 samples). Each level of decomposition consisted of specific frequency bands (3dB
cut-off edges) tabulated in Table 4.9. The average energy per level of detailed coefficients was
calculated based on equation (3.12) for both PPG and ABP signal segments for the entire database. It
was found that 99% of the energy is concentrated in the frequency ranges 0.5 – 8 Hz for both signals.
Further, a significantly high correlation greater than 0.85 between the wavelets in levels 0.5 –
2 Hz was observed. This is higher than the direct correlation between ABP and PPG signals which was
0.71. However, the correlation falls in the higher frequency ranges. Comparing the narrow-band
outputs provides a benefit where features such as dicrotic notches or any other physiological
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characteristic may be prominent in some specific levels for the two signals that the machine can then
learn.

Approximation Coefficients - 𝝓𝑨𝑩𝑷 and 𝝓𝑷𝑷𝑮
The approximation coefficients carry the DC response of the PPG and the Mean Pressure for
the ABP as shown in the example in Figure 4.17a. The mean value of the approximation coefficient of
each PPG and ABP segments (termed as ̅̅̅̅̅̅̅
𝜙𝑃𝑃𝐺 and ̅̅̅̅̅̅̅
𝜙𝐴𝐵𝑃 respectively) across all the samples from
the patients was calculated. A 2D histogram scatter plot of these ̅̅̅̅̅̅̅
𝜙𝐴𝐵𝑃 versus ̅̅̅̅̅̅̅
𝜙𝑃𝑃𝐺 mean coefficients
is shown in Figure 4.17b. The 𝑟 2 value is calculated to be 0.176. This showed that there is no
correlation unlike the detailed coefficients carrying the higher frequency coefficients.
Like the discussion in the heuristic features in section 4.6 different patients might have
different relationships between the mean of PPG and mean of ABP (= Mean Arterial Pressure). One
might show a positive relationship while the other might show a negative or no relationship. Six such

(a) 𝜙𝐴𝐵𝑃 and 𝜙𝑃𝑃𝐺 of an example signal

(b) Scatter plot of ̅̅̅̅̅̅̅
𝜙𝐴𝐵𝑃 and ̅̅̅̅̅̅̅
𝜙𝑃𝑃𝐺 for
the entire dataset showing very low
correlation of 𝑟 = 0.176

(c) Variation in ̅̅̅̅̅̅̅
𝜙𝐴𝐵𝑃 and ̅̅̅̅̅̅̅
𝜙𝑃𝑃𝐺 over time for individual patients
over time showing an average correlation of 𝑟 = 0.87

Figure 4.17: Approximation coefficients of ABP and PPG Signal
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examples are shown for the 𝜙𝐴𝐵𝑃 and 𝜙𝑃𝑃𝐺 in Figure 4.17c. Patients 1 to 4 show a monotonous
increase and decrease in the low frequency approximation coefficients between ABP and PPG, while
this is not the case for patient 5 showing a moderate level of negative correlation of -0.42 and patient
6 shows no correlation of 0.20.

Patterns in Wavelets at Different Pressure Ranges
Table 4.9 shows that across all the PPG and ABP signal samples across all patients, the detailed
coefficients 𝜓 of both have high levels of correlation mainly distributed in the frequency range
between 0.5 – 8 Hz. However, there is no such relationship between the approximation coefficients
of both the signals. In such case, it was required to investigate whether the detailed coefficients have
any relationship with the increasing SBP or DBP. Heatmaps were developed to visualise the
distribution of each level of detailed coefficients for ABP and PPG for increasing SBP and DBP ranges
across all subjects, as shown in Figure 4.18.
In Figure 4.18a for 𝜓𝐴𝐵𝑃 -SBP it is observed that there is an increase in the energy levels in the
ABP signals as the pressure increases. For 𝜓𝑃𝑃𝐺 -SBP energy distribution there is a similar pattern
however it is not quite distinct as that of 𝜓𝐴𝐵𝑃 -SBP.
For 𝜓𝐴𝐵𝑃 -DBP Figure 4.18b, the energy is concentrated mainly in the 60-80 mmHg in 𝜓4 to 𝜓6
levels, while 𝜓7 shows a decrease in energy from DBP of 40 mmHg to 80 mmHg and then an increase
to 105 mmHg. A similar pattern is also observed for the 𝜓𝑃𝑃𝐺 -DBP, but the energy is lower than that
of 𝜓𝐴𝐵𝑃 -DBP in each level.
From this visualisation, it is learnt that the energy in the different levels of detailed coefficients
especially 𝜓4 to 𝜓7 (representing 0.5 – 8 Hz) follow a pattern with increasing SBP. This pattern is less
consistent with DBP. With a high correlation between each detailed coefficients levels between PPG
and ABP and a distinct pattern between detailed coefficients of ABP and SBP-DBP, at this stage a
conjecture can be made that PPG detailed coefficients have potential to be used to estimate SBP and
DBP values.
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(a) Energy distribution in different SBP ranges

(b) Energy distribution in different DBP ranges
Figure 4.18: Distribution of energy in different detailed coefficients levels based on increasing DBP and SBP
levels.

How do past-future values of PPG affect the present value of ABP?
The PPG and the detailed coefficients of PPG have a high correlation with the ABP and
corresponding detailed coefficients of ABP. A mathematical model can be developed where each value
of PPG or their wavelets can be mapped to a value of ABP or their wavelets. However, this may not
perform too well. For instance, at rest, a mapping equation is developed which is given by 𝐴𝐵𝑃[𝑡] =
𝑎 × 𝑃𝑃𝐺[𝑡] + 𝑏, where the coefficients 𝑎 and 𝑏 are calibrated like the discussion in the literature for
116

Data Acquisition and Analysis
different PAT models. At the present time-step, the PPG is used to calculate the ABP. Such equation
does not hold any information or knowledge about the recent past. Sudden changes in the shape of
the signal (due to noise or motion) will strongly affect the output causing it to fail.
In many time-series analyses such as ARIMA [207] or Distributed Lagged Regression [208], the
effect of the recent past is taken into consideration to estimate the present. The past values of PPG
can be used in estimating the present value of ABP, which might have a better response than just using
a one-to-one mapping. Further, if PPG data is accumulated in the memory, some of the future timesteps of PPG can be used to estimate present time-step ABP or their wavelets.
It will be beneficial to analyse first whether the past or future PPG values can be used to
estimate the present timestep ABP. If so, how far in the past or future are the PPG samples able to
accurately estimate the present value of ABP. One preferred method to do this is to create a simple
distributed lagged model shown in equation (4.4). Distributed lagged models are linear models that
use past and future timesteps of sensor value 𝒙 and create a mapping with an output variable 𝑦.
𝑦[𝑡] = ⋯ + 𝑎−2 𝑥[𝑡 − 2] + 𝑎−1 [𝑡 − 1] + 𝑎0 [𝑡] + 𝑎+1 [𝑡 + 1] + 𝑎+2 [𝑡 + 2] + ⋯

(4.4)

where,
= 𝐴𝐵𝑃[𝑡] or wavelet coefficients of ABP at time instant 𝑡
𝑦[𝑡]
𝑎()
= PPG or wavelet coefficients of PPG at different time instants

For each patient, linear models were created on 80% of their signal length and performance
was tested on the remaining 20% of the signal with different lags for (a) just past PPG and wavelet
coefficients values, (b) just future PPG and wavelet coefficients and (c) equal numbers of past and
future components. For comparison, the Pearson correlation coefficient (equation (4.3)) between the
estimated ABP/wavelet of ABP and actual ABP/wavelet of ABP for each lag was calculated. This was
than averaged across all the patients (20% test-data). This is summarised in Table 4.10. A few points
can be observed:
1. Having a one-to-one model with no information about the past or future gives a very low level of
performance, as shown in column 𝑡 = 𝑡𝑜 of Table 4.10.
2. Increasing the number of past or future time-steps increases the performance. A superior
performance is observed for 𝜓5 [𝑡], 𝜓6 [𝑡], 𝜓7 [𝑡] and 𝐴𝐵𝑃[𝑡] estimation, moderate performance
for 𝜓4[𝑡] while worse for the rest (𝜓1−3 ). This is because in higher frequency bandwidths, a
significant number of variations is present between the PPG and the ABP coefficients. These
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𝑡𝑜 − 20 < 𝑡 < 𝑡𝑜

𝑡𝑜 − 10 < 𝑡 < 𝑡𝑜

𝑡 = 𝑡0

𝑡𝑜 < 𝑡 < 𝑡𝑜 + 10

𝑡𝑜 < 𝑡 < 𝑡𝑜 + 20

𝑡𝑜 < 𝑡 < 𝑡𝑜 + 40

𝑡𝑜 − 5 < 𝑡 < 𝑡𝑜 + 5

𝑡𝑜 − 10 < 𝑡 < 𝑡𝑜 + 10

𝑡𝑜 − 20 < 𝑡 < 𝑡𝑜 + 20

𝑡0 − 40 < 𝑡 < 𝑡0 + 40

Bi-Directional Correlation

𝑡𝑜 − 40 < 𝑡 < 𝑡𝑜

Uni-Directional Correlation

𝑨𝑩𝑷[𝒕]

0.904

0.810

0.741

0.435

0.746

0.826

0.959

0.762

0.805

0.899

0.965

𝝍𝟏 [𝒕]

0.0874

0.0504

0.0435

-0.002

0.0080

0.0161

0.0863

0.0042

0.0581

0.0708

0.1641

𝝍𝟐 [𝒕]

0.293

0.148

0.0703

0.0252

0.0990

0.161

0.391

0.0985

0.148

0.225

0.432

𝝍𝟑 [𝒕]

0.563

0.355

0.300

0.177

0.294

0.420

0.676

0.314

0.337

0.499

0.692

𝝍𝟒 [𝒕]

0.720

0.615

0.526

0.346

0.528

0.728

0.862

0.512

0.616

0.815

0.874

𝝍𝟓 [𝒕]

0.938

0.909

0.874

0.274

0.898

0.958

0.966

0.898

0.924

0.962

0.969

𝝍𝟔 [𝒕]

0.984

0.976

0.971

0.623

0.978

0.984

0.985

0.974

0.981

0.985

0.986

𝝍𝟕 [𝒕]

0.830

0.816

0.807

0.353

0.831

0.862

0.873

0.819

0.843

0.869

0.878

𝝓[𝒕]

2.763

2.772

2.774

2.858

2.765

2.733

2.771

2.773

𝒚

Absolute Error

Absolute Error

2.784

2.767

2.713

Table 4.10: Results for estimating the present value of ABP or wavelet coefficients at time instant 𝒕 using
past and future values of PPG and corresponding wavelet coefficients.

Figure 4.19: Performance levels calculated as the Pearson Correlation 𝒓 for different time-steps of lagged
variables of PPG and wavelets to calculate the ABP.

variations cannot be learnt very well with such linear model. However, the performance is much
better than one-to-one mapping.
3. Future time-steps show better performance than the past time-steps in the unidirectional time
lags evident from Figure 4.19.
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Figure 4.20: Effect of reconstructed ABP using different past and future number of lags for one of
the patients using a Distributed Lagged Model.

4. Bi-directional time information performs better than unidirectional. In 𝜓4 [𝑡], 𝜓5 [𝑡], 𝜓6 [𝑡] and
𝜓7 [𝑡] with 20 past and 20 future time-steps (highlighted in green), the performance is like using
40 future time-steps and superior to just using past time-steps of any number of lags.
5. For the approximation coefficients, instead of calculating the correlation between the low-pass
component, the absolute error between the estimated and actual approximation coefficients
were calculated. However, the performance was at the same level for all the lags showing not
significant information can be learnt from the DC of PPG to map DC of ABP.
From here, the inference is that ABP, 𝜓4 [𝑡], 𝜓5 [𝑡], 𝜓6 [𝑡] and 𝜓7 [𝑡] using > 20 past and future
time-steps learns the shape of the signal better. Observing one such example from Figure 4.20, such
models might be considered to perform well. However, these linear models have been developed on
each patient to analyse the effect of lags and are not generalised across all patients. It would require
a much more complex model with many variables to understand the shape of the signals across many
subjects. Nevertheless, this provided with an understanding of using different time-steps of the signals
as features. The knowledge from this simple linear model will be used to further build on a complex
time-series neural network model in Chapter 5.

4.8.

Discussion and Conclusion
From the analysis of the ABP-PPG some of the key insights were obtained for further

development of any machine learning models:
1. 22 features obtained for SBP and 17 features for DBP were shown to have a relationship with
increasing and decreasing pressure values. Most of these features have been derived from the
suggestions made in the literature [115], [122], [146].
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However, not all the heuristic features have positive or negative relationships in every patient. As
discussed in section 4.6 and Figure 4.12 some patients might have a positive relationship with one
variable while others might have a negative or no relationship. These relationships will depend on
several factors such as age, physical fitness, underlying diseases, or other conditions affect the
vascular physiology.
Comparing the findings to different studies, few of the results in this chapter were in contrast
to the suggestions made by various studies such as Nakae [151], who mentioned that a positive
correlation exists between augmentation index and SBP. But the current analysis showed that
augmentation index has a positive relationship with DBP (spearman r = 0.885) rather than SBP
(spearman r = -0.352). Arterial stiffness index (ASI) has been reported to have an inverse
relationship with both SBP and DBP [114][120], while this chapter found this to be true for DBP
only with 𝑟 = −0.619. Chengyu [149] mentioned that rise time has no effect on the increasing or
decreasing SBP, the Spearman relationship showed that rise time has a strong inverse relationship
with both SBP and DBP. Ding [20] claimed that the height of the PPG is a key indicator in estimating
the DBP, which was found to be true as the PIR decreased with increasing DBP, but here it was
also found that increasing SBP increases the PIR. Some of the claims hold true while others depend
on the sample size and the type of subjects the analysis were conducted.
All these findings are similar to the PAT studies discussed in the literature (section 2.3.1.2.b),
where quite a few studies claimed that PAT has a linear relationship [36][58][63], while others
claimed that it was more of an inverse [22] or logarithmic [19] [72]. Re-iterating the point again, a
single variable may not define a universal equation which would hold true across all the human
body.
2. The phase difference between the ABP and PPG signal increases with SBP and decreases with DBP.
This was supported by Martinez [147]. This in fact is explained in terms of the pulse wave velocity.
Higher SBP will have a higher PWV as discussed in section 2.3.1.1. This would cause the time
duration for the wave to travel between the two points (location of ABP catheter and PPG sensor)
to be shorter. While there is significant literature supporting the SBP-PWV relationship, the DBPPWV relationship has been derived using the SBP-PWV relationship. One of the primary reasons
is that DBP tends to remain stable, and to capture any changes, a large amount of data over a
longer duration must be collected. This could have been further investigated in this chapter;
however, the goal was to find patterns in the signal from a single PPG sensor. Such analysis has
been discussed in the literature extensively and was not the objective of the current study; hence
it has not been studied in the current work.
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3. There is a good Pearson correlation of more than 0.71 across all the subjects in the MIMIC
database comparing the PPG and the ABP waveform. Such high correlation between PPG and ABP
was supported by Martinez [147]. However, it was found that the correlation decreases with
increasing age. This was also reported by Nyhan [159] and shown in Figure 2.14, where increasing
age causes the shape of the pressure waveform to change due to stiffer arteries. These may not
be well reflected in the PPG sensor as studied by Ahn [209], who showed that the markers such
as ASI have no relationship with increasing age. While age itself can be used as a feature, MIMIC
only has 2,828 (25%) patients who had age-related records, while the remaining 8,614 (75%) did
not. This is one of the reasons why it was decided to ignore age as a feature.
4. The time-frequency analysis in Table 4.9 showed that the correlation between 𝜓𝑃𝑃𝐺 and 𝜓𝐴𝐵𝑃 is
high for frequency ranges 0.5 – 8 Hz. Further 99% of the energy of the signals is present in these
frequency ranges. The findings have been similar to the ones mentioned in Webster [6], where
the sum of the first few harmonics (5 harmonics of <10 Hz) carry important physiological
information. However, the important point here is that not only the shape of the signal in their
respective frequency bands of the PPG and ABP are important, but the information they carry.
Energy distribution of the 𝜓𝐴𝐵𝑃 increased with increasing SBP. It showed some staggered patterns
in the case of DBP. Further energy distribution of 𝜓𝑃𝑃𝐺 versus SBP and DBP followed a similar
pattern as that of 𝜓𝐴𝐵𝑃 however it was not very distinct. In fact, such analyses have not been
found in the literature. The very few studies, such as those by Schlesinger [156] and Gao [141],
used time-frequency analysis of spectrogram and wavelets, respectively. They did not undertake
any analysis of the effect of changing pressure and assumed that their machine learning model
would find a relationship. Unfortunately, such assumptions failed as they did not achieve high
accuracies.
5. 𝜙𝐴𝐵𝑃 (Approximation coefficients between 0 – 0.5 Hz) contains the mean pressure and it was
found that there is no direct correlation (Pearson correlation as carried out for 𝜓 components)
with the 𝜙𝑃𝑃𝐺 across all the subjects showing the frequency bands near DC region of PPG is not
representative of the frequency bands near mean pressure region of ABP. However, like the
heuristic features, individual subjects did show some degree of relationship, as shown in Figure
4.17c. A few studies have used this as one of the features, such as Gaurav [115] and Kurylyak [121].
6. From point 4 above, 𝜓 components of ABP showed a good correlation with 𝜓 components of PPG.
Using distributed lagged models for individual subjects showed that, on average, 20 past and 20
future time-steps samples for PPG or 𝜓𝑃𝑃𝐺 accurately estimate the present ABP or 𝜓𝐴𝐵𝑃 .
However, the importance of point 5 can be realised here as it was found that no matter how much
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past or future approximation coefficients were provided to the lagged model, no performance
variation was observed (Table 4.10).
Nevertheless, these are linear models and cannot be used to generalise across all subjects. The
performance of these linear models is on par with the claims made by various studies [142], [169],
[171] using PPG sensors and some form of linear regression models on individual patients.
7. As discussed in the literature section 2.3.2.2.b, a gap in fact exists in the research with focus on
studying waveform relationship between the PPG and ABP. Most analyses have been heuristic
based. Studies using time-series models such as Ibtehaz [129] heuristically selected the entire
duration of the PPG signal and assumed a relationship between the two signals can be formed by
the complex network structure. In order to overcome the gap, an attempt was made to consider
an in-depth analysis of the relationship between the ABP and PPG waveform so a heuristic
approach can be avoided.
This chapter focussed on some of the heuristic features and the time-frequency features
obtained from the PPG signals. Importantly, the focus was to observe the effect on the features with
varying pressure levels. Using these features and the wavelet analysis from this chapter, machine
learning models will be developed in the next chapter to learn the continuous ABP signal from the
continuous PPG signal and its features. The objective is to develop a universal model, unlike the linear
time-series analysis, where the model will estimate the pressure across a group of subjects rather than
for a single subject.
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Deep Learning-Based Pulse Pressure Detection Model
5.1.

Objective

A primary focus in the literature has been training machine learning models to estimate instantaneous
SBP and DBP values rather than the continuous waveform of blood pressure. This is because there are
several challenges involved in estimating a continuous time series of data such as:
1. The model must have the ability to recursively retain past predictions and utilise them as features
for estimating the present value. It requires significant knowledge in developing these recursive
models.
2. The model needs to be trained on extensively large datasets for avoiding overfitting. In some cases
where custom data is collected, there is not much data available.
3. The model must be complex and deep enough to extract abstract features in higher-dimensional
space to create a relationship with the input signal with that of the output estimates. Further
these requires large computational power.
Due to these challenges, a lot of studies have chosen the easier pathway to use simpler MLPs.
Even the studies using time-series models such as those discussed in section 2.3.2.3.b also opted to
estimate instantaneous values of SBP and DBP rather than estimating the continuous waveform.
However, in this chapter the focus has been to develop a model which can estimate the
continuous waveform of pulse pressure. To estimate the continuous pulse pressure techniques such
as Maximally Overlap Discrete Wavelet Transform (MODWT) and a Long Short-Term Memory (LSTM)
memory-based machine learning algorithm are used. The technique of using LSTM along with MODWT
enables a time-frequency based reconstruction of the signal. The MODWT decomposes the signal into
different frequency bands. A relationship is developed between the PPG MODWT and ABP MODWT
coefficients in the respective frequency bands using LSTM. The prediction by the LSTM provides
estimated ABP MODWT coefficients. The inverse of MODWT is then used to reconstruct a Pulse
Pressure representation of a signal. The overall design of the outcome of the constructed network is
shown in Figure 5.1.
The framework has three essential components:
1. Pre-processing and structuring of the signal obtained from the sensor into feature matrices using
MODWT.
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Figure 5.1: A time series sequence-to-sequence correlation between the PPG wavelet coefficients and ABP
wavelet coefficients. The estimated wavelet coefficients from the LSTM Network, when fed back to the
Inverse MODWT, result in a pulse pressure waveform.

2. Using LSTM algorithm in the estimation of time-series vectors.
3. Combining the estimated time-series vectors to reconstruct the pulse pressure waveform.
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5.2.

Methodology

5.2.1. Data Generation
The signals from the MIMIC Database containing 11,442 subjects were processed and cleaned in
accordance with section 4.4. The PPG and ABP signals were divided into chunks of 𝓛 samples (𝒔
seconds) for each subject. Here 𝓛 is a hyperparameter whose value is evaluated in the later section
5.2.2. The cross-correlation lag obtained in equation (4.2) between the ABP, and PPG was used to align
the two signals.
Each of the ABP and PPG signals was passed through Daubachies ‘db4’ wavelet filter. The
choice of Daubachies filter is based on studies in the literature having used this in blood pressure signal
cleaning or analysis [114], [210]. The signal was iteratively passed through the high-pass and low-pass
filters for 7 iterations, generating 7 vectors of 𝜓 𝐴𝐵𝑃 and 𝜓 𝑃𝑃𝐺 detailed coefficients and one vector of
𝜙 𝐴𝐵𝑃 and 𝜙 𝑃𝑃𝐺 approximation coefficients containing the DC response. Note following equation (3.6),
with sample length of 𝓛, the decomposition can extend beyond 7 iterations. However, the choice was
kept at 𝑛 = 7 because further iterations lead to frequencies lower than 0.5 Hz. From the previous
discussion in section 4.7.3 Approximation Coefficients, lower frequency bands coefficients of ABP and
PPG were found to have a very low relationship, hence were ignored.
Here the detailed coefficients have been shown as a 2D matrix of shape ℝ𝒏×𝓛 where 𝑛 = 7 is
the number of decomposed levels and 𝓛 is the length of each vector.
𝜓1𝑋 [𝑘]
𝑋
𝝍𝑿 [𝒌] = 𝜓2 [𝑘]
⋮
[𝜓𝑛𝑋 [𝑘]]

(5.1)

where,
𝑋

= ABP or PPG signal

Based on the discussion on the energy distribution in Section 4.7.3, approximately 99% of the
energy for both ABP and PPG is localised in the frequency range of 0.5 – 8 Hz of the detailed
coefficients, represented by 𝜓4 to 𝜓7 coefficients. Hence, the decision was to use only these wavelet
coefficients and ignore the high-frequency coefficients. Thus, the resultant 2D matrix from equation
(5.1) for ABP and PPG signals became,
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0
0
0
𝑋
𝜓
𝝍𝑿 [𝒌] = 4 [𝑘]
𝜓5𝑋 [𝑘]
𝜓6𝑋 [𝑘]
[𝜓7𝑋 [𝑘]]

(5.2)

𝝍𝑿 [𝒌] was obtained for all the ABP and PPG signals, generating the data pool for training,
testing and validation of the network.
5.2.2. Data Structuring
From Figure 5.1, the shape of the wavelet coefficients of 𝜓𝑗𝐴𝐵𝑃 from 𝜓𝑗𝑃𝑃𝐺 was to be learnt
where 𝑗 is the level of decomposition. From the discussion on distributed lagged model in Section
4.7.3, it can be seen that past and future time-step values of PPG have a significant impact on
estimating present ABP values. Each MODWT PPG 𝜓𝑗 vector was organised into 2D matrix Ψ𝑗𝑃𝑃𝐺
shown in equation (5.3). The dimension of the 2D matrix is (𝐹 + 1) × 𝐿, where 𝐹 + 𝐿 + 1 = 𝓛. Here
𝐹 ∈ 𝑍 + represents the number of past and future time-steps and one present time-step sample. Each
row of the matrix represents a 𝜓𝑗𝑃𝑃𝐺 shifted by one sample.

𝚿𝒋𝑷𝑷𝑮

𝐹
𝜓𝑗𝑃𝑃𝐺 ([𝑘 − ])
2
𝐹
𝜓𝑗𝑃𝑃𝐺 ([𝑡 − + 1])
2
⋮
𝜓𝑗 ([𝑘])
=
⋮
𝐹
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + − 2])
2
𝐹
𝑃𝑃𝐺
𝜓
([𝑘
+
− 1])
[ 𝑗
2

𝐹
+ 1])
2
𝐹
𝜓𝑗𝑃𝑃𝐺 ([𝑘 − + 2])
2
⋮
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 1])
⋮
𝐹
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + − 1])
2
𝐹
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + ])
2
𝜓𝑗𝑃𝑃𝐺 ([𝑘 −

…
…
⋱
…
⋱
…
…

𝐹
+ 1])
2
𝑓
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿 − ])
2
⋮
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿 − 1])
⋮
𝑓
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿 + − 3])
2
𝑓
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿 + − 2])
2

𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿 −

𝐹
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿 − ])
2
𝑓
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿 − + 1])
2
⋮
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿])
⋮
𝑓
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿 + − 2])
2
𝑓
𝜓𝑗𝑃𝑃𝐺 ([𝑘 + 𝐿 + − 1])]
2

(5.3)

For instance, if 𝓛 = 261 𝑠𝑎𝑚𝑝𝑙𝑒𝑠, and 𝐹 = 10 samples, 𝐿 = 250 samples, 𝑗 ∈ 4,5,6,7, then
5 past samples, 5 future samples and one present sample are considered in obtaining the 2-D matrix,

𝚿𝒋𝐏𝐏𝐆 |𝐿=250,𝐹=10

=

𝜓𝑗𝑃𝑃𝐺 ([−5])

𝜓𝑗𝑃𝑃𝐺 ([4])

…

𝜓𝑗𝑃𝑃𝐺 ([245])

𝜓𝑗𝑃𝑃𝐺 ([−4])

𝜓𝑗𝑃𝑃𝐺 ([3])

⋮
𝜓𝑗𝑃𝑃𝐺 ([0])

⋮
𝜓𝑗𝑃𝑃𝐺 ([1])

…
⋱
…

𝜓𝑗𝑃𝑃𝐺 ([246])
⋮
𝜓𝑗𝑃𝑃𝐺 ([250])

⋮
𝜓𝑗𝑃𝑃𝐺 ([3])

⋮
𝜓𝑗𝑃𝑃𝐺 ([4])

⋱
…

⋮
𝜓𝑗𝑃𝑃𝐺 ([253])

𝑃𝑃𝐺
[ 𝜓𝑗 ([4])

𝜓𝑗𝑃𝑃𝐺 ([5])

…

𝜓𝑗𝑃𝑃𝐺 ([254])]

𝑗

𝑗
𝑗

The output label is the 𝜓𝑗𝐴𝐵𝑃 arranged in vectorised form giving,
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Figure 5.2: Input-Output relationship between the PPG 2D matrix at a single wavelet level with that of the
ABP wavelet vector at that level.

𝚿𝐣𝑨𝑩𝑷 = [𝜓𝑗𝐴𝐵𝑃 [𝑘] 𝜓𝑗𝐴𝐵𝑃 [𝑘 + 1] … 𝜓𝑗𝐴𝐵𝑃 [𝐿]]
(5.5)
𝚿𝐣𝑨𝑩𝑷 |𝐿=250 = [𝜓𝑗𝐴𝐵𝑃 [0] 𝜓𝑗𝐴𝐵𝑃 [1] … 𝜓𝑗𝐴𝐵𝑃 [250]]

Essentially the objective here is to create a mapping between each column of the matrix in
equation (5.3) with that of each value in the vector in equation (5.5). Diagrammatically this is
illustrated in Figure 5.2.

5.2.3. Neural Network Architecture
The overall design of the neural network is shown in Figure 2.15. This is a representation of
the deep LSTM, which is used for the estimation of an ABP wavelet coefficient vector at level 𝑗 from
the structured matrix of the PPG wavelet at that level. A multi-layer LSTM is preferred to estimate the
non-linear patterns in the dynamic nature of the body.
The number of cells of the LSTM network is based on the length of the signal 𝐿. The LSTM
spans over a depth of 𝑖, consisting of deeper layers. The depth of the network is a hyperparameter
that is optimised experimentally during the training-evaluation process.
The input to a single cell is the column vector at time-step 𝑘 of equation (5.3) at level 𝑗. The
𝐹
2

𝐹
2

dimension of input is ℝ1×(𝐹+1) . The column vector contains past samples and future samples from
present time state 𝑘 and the present time-step sample. The output at each time-step 𝑘 is a wavelet
detail coefficient of pressure wavelet 𝜓𝑗𝐴𝐵𝑃 [𝑘] at level 𝑗. The subsequent time-step ABP detail
coefficient estimates at level 𝑗 are a complex combination of the past time-step estimates (including

127

Thesis

Figure 5.3: Detailed training phase diagram of the wavelet-based LSTM Neural Network Model.

the outputs from the four different gates), giving a final output of a vector representation consisting
of 𝚿𝐣𝑨𝑩𝑷 of dimension ℝ1×𝐿 .
The overall training process is shown in Figure 5.3. Four different LSTM models are trained
corresponding to each dominant wavelet. A standard back-propagation technique is used to establish
the gate parameters of every layer of LSTM shown in equation (3.17). The detailed results and the
discussion on the performance of each network in estimating the 𝑗 𝑡ℎ level detailed coefficients are
carried out in results and discussion sections.

5.2.4. Reconstruction of Pulse Pressure Waveform
The outputs from all the LSTM models are estimated detailed coefficients for each level of
interest. The output vector contains,
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Figure 5.4: Pulse Pressure waveform reconstructed from the MODWT LSTM network.

𝝍𝑨𝑩𝑷
𝐣

𝜓4𝐴𝐵𝑃 [𝑘]
𝜓 𝐴𝐵𝑃 [𝑘]
= 5𝐴𝐵𝑃
𝜓6 [𝑘]
[𝜓7𝐴𝐵𝑃 [𝑘]]

(5.6)

Following from equation (5.2), the levels which were not included in the LSTM estimation,
especially the coefficients lying in higher frequency bandwidth (> 8 Hz), were zeroed. These coefficient
levels were concatenated as 0 vectors in equation (5.6), forming a 2D vector of dimension ℝ𝒏×𝑳 ,
𝟎
𝟎
𝟎
𝐴𝐵𝑃
𝝍𝑨𝑩𝑷 [𝒌] = 𝜓4 [𝑘]
𝜓5𝐴𝐵𝑃 [𝑘]
𝜓6𝐴𝐵𝑃 [𝑘]
[𝜓7𝐴𝐵𝑃 [𝑘]]

(5.7)

Following equation (3.13) for the inverse MODWT transform the reconstruction was carried
using the synthesis filter shown in equation (5.8).
𝑁−1 𝐿−1

𝐿−1

̃𝑗,𝑙 𝜓𝑗𝐴𝐵𝑃 [𝑘] + ∑ 𝑔𝑟
𝑋[𝑘] = ∑ ∑ ℎ𝑟
̃𝑙 𝜙𝑁𝐴𝐵𝑃 [𝑘]
𝑗=0 𝑙=0

(5.8)

𝑙=0

However, in this learning process, the latter part of the equation involving the low-pass
frequency components between DC and 0.5 Hz has not been considered; hence it is removed, leading
to:
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𝑁−1 𝐿−1

̃𝑗,𝑙 𝜓𝑗𝐴𝐵𝑃 [𝑘]
𝑋[𝑘] = ∑ ∑ ℎ𝑟

(5.9)

𝑗=0 𝑙=0

where,
𝐴𝐵𝑃
𝜓𝑗=(1,2,3)

= are 0 vectors as shown in equation (5.7).

Removal of the approximation coefficients 𝜙𝑁 leads to the mean value of the reconstructed
signal being 0. This results in a generation of pulse pressure Δ𝑃[𝑘] instead of the absolute pressure
waveform shown in Figure 5.4. The pulse pressure output enables:
1. Continuous monitoring of the waveform
2. Characteristics and anomalies of the pressure waveform (e.g. presence of dicrotic notches)
3. Use of the features generated by the pulse pressure in the estimation of the absolute pressure
waveform.

5.3.

Training, Validation and Testing

5.3.1. Machine Learning Tool and Hardware
Apart from the same data processing and structuring libraries discussed in section 4.2, the
MODWT library was created using the SciPy Fast-Fourier Transform method [175], [178] the machine
learning models have been developed using Google’s Python (version 3.7) package TensorFlow version
2.0 in which Keras-based Bi-Directional LSTM was used.
The training and validation discussed in the subsequent section were performed on Flinders
University High Performance Computing (HPC). The resource used involved:
-

1 NVIDIA V100 TESLA GPU with 32GB VRAM

-

4 CPU Cores AMD EPYC 7551 @ 2.55 GHz

-

20 GB (request) RAM DDR4 @ 2666 MHz

5.3.2. Data
Following from the previous chapter, in total there are 11,442 patients with 2,828 (24.7%)
patients in the matched database and 8,614 in the unmatched database. It was decided to use the
8,614 ABP-PPG signals for training and validation and the matched database for testing. The trainingvalidation dataset was divided further with 80% (N = 6,891) data for training and 20% (N = 1,723) for
validation.
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Network Type
Number of Layers
Number of cell/layers
Optimizer
Activation
Batch Size
Epoch
Loss
Kernel Initializer
Initial Learning Rate
Learning rate factor
Learning rate scheduler
Dropout

= Bi-LSTM
=3
= 50
= ADAM
= Leaky RELU
= 32
= 40 (unless Early Stopped)
= Mean Squared Error
= Uniform
= 1e-3
= 0.5
= 10 epochs
= 0.5

Table 5.1: Constant hyperparameters evaluating the different sequence length L and feature length F

5.3.3. Training and Validation for Hyperparameter Selection
LSTM networks have several hyperparameters which were required to be analysed and tuned
to obtain optimum performance. A few of the important hyper-parameters considered were:
1. The total length of the sequence 𝓛 giving the shape of the feature matrix ℝ(𝐹+1)×𝐿 and output
vector ℝ1×𝐿 as discussed under 5.2.2.
2. The number of units or cells of LSTM per layer and the number of layers (depth).
3. Optimiser and activation functions.
4. Type of network: LSTM versus Bi-LSTM
5. Batch sizes, regularisation (dropouts) and learning rate.
There are several methods of hyper-parameter tuning such as random search, grid search,
Bayesian optimisation and genetic algorithm. All have their pros and cons, but for the current case, a
grid search was chosen for evaluating different models trained on different hyperparameters and then
choosing the best.
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5.3.3.1. Evaluating Different Sequence Lengths and Feature Lengths
Here the optimum sequence length 𝐿 and feature-length 𝐹 were evaluated which would give
the optimum feature matrix ℝ𝐹×𝐿 and output vector ℝ1×𝐿 as shown in Figure 5.2. Further, based on
the discussion from distributed lagged model in section 4.7.3, 𝐹/2 = 0, 5, 10, 20 and 40 were chosen.
Each value of 𝐹/2 signifies the number of past samples and number of future samples of 𝜓 𝑃𝑃𝐺
considered. A total of 𝐹 + 1 features are present. Further the sequence length 𝐿 ranging from 2
seconds to 16 seconds was also evaluated. A few of the hyperparameters were kept constant (Table
5.1) while evaluating the different 𝐿 and 𝐹.
The validation losses for the models are shown in Figure 5.5. It was observed that a similar
performance having different sequence and feature lengths. Further, the mean squared error losses
of the validation and test dataset for different models have been tabulated in the Appendix C Table
C.1. The choice for the sequence length and feature-length came from evaluating those models which
provided small validation as well as test MSE (Appendix C Table C.1). From this,
-

𝜓4 → 𝐿 = 500 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 (4 𝑠𝑒𝑐𝑜𝑛𝑑𝑠) and 𝐹/2 = 40

-

𝜓5 → 𝐿 = 1000 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 (8 𝑠𝑒𝑐𝑜𝑛𝑑𝑠) and 𝐹/2 = 20

-

𝜓6 → 𝐿 = 250 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 (2 𝑠𝑒𝑐𝑜𝑛𝑑) and 𝐹/2 = 5

-

𝜓7 → 𝐿 = 500 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 (4 𝑠𝑒𝑐𝑜𝑛𝑑𝑠) and 𝐹/2 = 40
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Figure 5.5: Validation learning curve for 𝜓𝑛 with different sequence length S and feature length F used in the
evaluation of the best hyperparameter. For 𝜓4 and 𝜓5 it was found that the minimum validation MSE also
gave the minimum test MSE (green). However, for 𝜓6 and 𝜓7 minimum validation MSE (red) did not give
minimum test MSE which resulted in selecting the model which gave optimum result in both dataset (green).

5.3.3.2. Evaluating Network Structure, Optimisers and Activation Functions
After choosing the optimal sequence length and feature-length for each 𝜓 level, the network
type was further evaluated such as LSTM vs Bi-LSTM, network depth at three layers and six layers,
network units between 50, 100 and 200 calls per layer, activation function for the hidden layers
choosing between TANH, RELU, and Leaky RELU and optimisers choosing between ADAM and
RMSPROP based on the discussion from section 3.3.4.4 and section 3.3.4.6. The MSE validation and
test results for different models for each wavelet level are shown in validation learning curves in Figure
5.6 and Appendix C Table C.2.
The overall results showed that Bi-LSTM networks perform better than LSTM networks. To
evaluate and find the best model, only those models were chosen which had both the validation and
test MSE to be the lowest. Here the best models are discussed with a comparison between the BiLSTM and LSTM as tabulated in Appendix C Table C.2.
-

𝜓4 showed to have a mean squared error of 𝑀𝑆𝐸𝑣𝑎𝑙 = 0.00016 and 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 =
0.000253 using six-layer Bi-LSTM with RMSPROP optimiser and RELU. Comparing this to an
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Figure 5.6: Validation learning curve for 𝜓𝑛 with different hyperparameters.

-

LSTM network, a three-layer LSTM with RMSPROP and RELU provided the best of 𝑀𝑆𝐸𝑣𝑎𝑙 =
0.00019 (18.7% worse than best Bi-LSTM) and 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 = 0.00027 (6.7% worse than best
Bi-LSTM). For this specific wavelet estimator, increasing the LSTM layers degraded the
performance with six-layer LSTM with RMSPROP and RELU providing 𝑀𝑆𝐸𝑣𝑎𝑙 = 0.00024 (50%
worse than best Bi-LSTM) and 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 = 0.000284 (12.2% worse than best Bi-LSTM).

-

𝜓5 showed a best mean squared error of 𝑀𝑆𝐸𝑣𝑎𝑙 = 0.00049 and 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 = 0.000686
again with a six-layer Bi-LSTM with RMSPROP and RELU. A six-layer LSTM with RMSPROP and
RELU gave 𝑀𝑆𝐸𝑣𝑎𝑙 = 0.000511 (4.28% worse than best Bi-LSTM) and 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 = 0.000747
(8.89% worse than best Bi-LSTM). Smaller Bi-LSTM networks such as a three-layer Bi-LSTM
showed better test losses between 0.00069-0.00072 compared to any small or large LSTM
with test losses between 0.00073 – 0.00083.
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-

𝜓6 showed a best mean squared error of 𝑀𝑆𝐸𝑣𝑎𝑙 = 0.00069 and 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 = 0.000744 but
with a three-layer Bi-LSTM network with RMSPROP and RELU. The performance did not
improve significantly with six-layer Bi-LSTM with a best of 𝑀𝑆𝐸𝑣𝑎𝑙 = 0.00076 (10.1% worse
than the best Bi-LSTM) and 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 = 0.000847 (13.8% worse than best Bi-LSTM). A threelayer LSTM with RMSPROP and RELU had a better validation loss 𝑀𝑆𝐸𝑣𝑎𝑙 = 0.000654 (5.5%
better than best Bi-LSTM), however the test loss was at 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 = 0.000835 (12.2% worse
than best Bi-LSTM). Similarly, no three-layer or six-layer LSTM provided both good validation
and low test losses.

-

Finally, 𝜓7 had the best mean squared error of 𝑀𝑆𝐸𝑣𝑎𝑙 = 0.000128 and 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 =
0.000146 with a three-layer Bi-LSTM but with RMSPROP and TANH. RELU optimiser did not
show to perform very well. However, in this level it was found that a three-layer LSTM with
RMSPROP and TANH provided the best validation MSE at 𝑀𝑆𝐸𝑣𝑎𝑙 = 0.000111 (15% better
than the best Bi-LSTM) but had a test MSE of 𝑀𝑆𝐸𝑡𝑒𝑠𝑡 = 0.0.000172 (18% worse than the
best Bi-LSTM). Again, the decision to choose the best model was that which provided both the
validation and test loss to be the minimum.

Furthermore,
-

Increasing the number of layers from 3 to 6 showed a lower validation-test MSE for 𝜓4 , 𝜓5
and 𝜓7 but not for 𝜓6

-

RMSPROP optimiser showed to have a lower MSE than ADAM in all cases

-

RELU showed to be the choice of activation function for all the levels outperforming TANH
and Leaky RELU. Moreover, Leaky RELU showed the worst results, which may be because of
the choice of the constant 𝛼 = 0.01 used in this case. This choice was primarily based up on
the results and suggestion made by Maas et al [203] who proposed Leaky RELU as an
activation function.

Based on the validation learning curve and the performance on the test-data set (Appendix C Table
C.2), the Bi-LSTM structure for all the levels with specific hyperparameters was chosen, as shown in
Table 5.2.

135

Thesis
Parameter
Sequence length (L)
Feature Length (F)
No. of Layers
No. of Units/Layer
Batch Size
Kernel Initialiser
Initial Learning Rate
Learning rate decay factor
Learning rate scheduler
Dropout per layer
Loss Function
Optimiser
Activation Function Hidden Layers
Number of MLP in Output
Activation Function Output Layers
Learning Patience

𝝍𝟒
500 (4 s)
40
6
100
32
Uniform
1e-3
0.5
10 epochs
0.5
MSE
RMSPROP
RELU
100
Linear
10

𝝍𝟓
1000 (8s)
20
6
100
32
Uniform
1e-3
0.5
10 epochs
0.5
MSE
RMSPROP
RELU
100
Linear
10

𝝍𝟔
250 (2s)
5
3
50
32
Uniform
1e-3
0.5
10 epochs
0.5
MSE
RMSPROP
RELU
50
Linear
10

𝝍𝟕
500 (4s)
40
3
200
32
Uniform
1e-3
0.5
10 epochs
0.5
MSE
RMSPROP
RELU
200
Linear
10

Table 5.2: Bi-LSTM structures and hyperparameters used in the training of different wavelet levels
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Figure 5.7: Learning curves of training and validation of the 4 Bi-LSTM models.

Epochs run
200
200
200
200

Epoch
Final Training Loss Final Validation Loss
Validation Stopped
81
1.291E-04
1.541E-04
79
3.356E-04
3.962E-04
90
4.402E-04
4.553E-04
86
5.921E-05
7.129E-05

Table 5.3: Final Training and Validation Loss of the LSTM Models

Level
𝜓4
𝜓5
𝜓6
𝜓7

Actual 𝜓 Statistics
Coefficient Range
(Max, Min)
75.97(38.89, -37.08)
93.22(47.00, -46.22)
100.21(49.90, -50.31)
101.39(49.72, -51.67)

Actual vs Predicted
Average
RMSE
MAE
Pearson, 𝑟
0.814
3.176
1.896
0.843
5.393
3.418
0.865
6.970
4.281
0.897
2.296
1.312

Table 5.4: Evaluation metrics on the test-dataset

5.3.4. Training and Cross-Validation
Four Bi-LSTM models were trained, one for each wavelet level for 200 epochs each. The
validation was carried out by having a train-validation split of 80%-20% where in every epoch a
randomly selected 20% subset of training data is used as validation data. To avoid overfitting, a
patience (as discussed in section 3.3.4.2) of 10 was used on each model. The learning curves and the
final training-validation losses are shown in Table 5.3 and Figure 5.7.
In all cases as observed from the learning curves Figure 5.7, the validation loss stopped at
approximately 80-90 epochs for all levels. Having a patience set to 10 epochs, the training was halted
since the validation loss did not improve.
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5.3.5. Testing Phase
In the testing phase, the output of each Bi-LSTM Wavelet models as well as the reconstructed
pulse pressure signal were evaluated. However, the four different models of wavelet estimation
predicted vectors which were of different sequence lengths following Table 5.2. To reconstruct the
pulse pressure, the requirement was the sequence lengths to be normalised across all the levels. To
make the sequences of the same length, 𝜓4 − 𝜓7 were estimated with their respective sequence
length of 500, 1000, 250 and 500 respectively, and then all the vectors were truncated to the shortest
length of 250 samples.
The output of each 𝜓4−7 for four different subjects is shown in Figure 5.8. The models predict
the waveform quite well for each level. Further, Monte Carlo Dropout (as discussed in section 3.3.4.3)
was used. The stochastic nature of the dropout selection led to different outputs every iteration. This
is shown by the magenta shaded curves in Figure 5.8. This provided a confidence of the estimation.
Table 5.5 shows the actual range of the 𝜓4−7 for 10 individual patients, mean predicted range,
the standard deviation of range calculated over 100 iterations of Monte-Carlo’s dropout and 95%
confidence interval of the range. In all the cases, the predicted range of the wavelets has a small error,
all within one standard deviation from the mean captured by the MC dropouts.
It is also observed that a low value of RMSE and MAE in Table 5.4 relative to the range of the
coefficients for each 𝜓. Further the Pearson correlation was obtained to be greater than 0.8. 𝜓7 has
the lowest correlation of 0.81 because of the non-periodic nature of the wavelet in a short period of
training length of 500 samples (4 seconds), as observed in Figure 5.8 (𝜓7 Ground Truth vs Predicted).

138

Deep Learning-Based Pulse Pressure Detection Model

Figure 5.8: Outputs from the four different models estimating the wavelet coefficients on four different examples
each. The purple shaded regions show the Monte-Carlo dropout undertaken during the testing phase.
#Pat

Monte-Carlo Response
𝜓5
𝜓6
[unit-less]
[unit-less]

𝜓4
[unit-less]7
Actual Predicted
Range Range
𝜇±𝜎
P1
28.52
P2
17.21
P3
14.17
P4
24.96
P5
39.35
P6
30.62
P7
13.21
P8
28.44
P9
18.02
P10
18.95

Actual
Range

Predicted
Range
𝜇±𝜎

Actual
Range

Predicted
Range
𝜇±𝜎

𝜓7
[unit-less]
Actual
Range

Predicted
Range
𝜇±𝜎

[ 𝜇 − 𝜎, 𝜇 + 𝜎]

[ 𝜇 − 𝜎, 𝜇 + 𝜎]

[ 𝜇 − 𝜎, 𝜇 + 𝜎]

[ 𝜇 − 𝜎, 𝜇 + 𝜎]

26.68±2.64
[29.32,24.04]
22.71±2.25
[24.96,20.46]
15.09±1.49
[16.59,13.60]
20.85±2.06
[22.92,18.79]
36.98±3.66
[40.65,33.32]
26.43±2.62
[29.05,23.81]
17.64±1.75
[19.39,15.89]
27.98±2.77
[30.74,25.21]
17.07±1.69
[18.76,15.38]
17.41±1.72
[19.13,15.69]

48.73±4.83
[53.56,43.91]
27.97±2.77
[30.74,25.20]
23.03±2.28
[25.31,20.75]
41.49±4.11
[45.60,37.38]
57.85±5.73
[63.58,52.13]
27.75±2.75
[30.50,25.00]
30.17±2.99
[33.16,27.19]
46.42±4.60
[51.02,41.83]
30.30±3.00
[33.30,27.30]
25.66±2.54
[28.20,23.12]

50.34±4.98
[55.32,45.35]
31.34±3.10
[34.45,28.24]
12.20±1.21
[13.41,10.99]
30.62±3.03
[33.66,27.59]
62.71±6.21
[68.91,56.50]
25.99±2.57
[28.56,23.41]
38.73±3.83
[42.57,34.90]
39.92±3.95
[43.87,35.97]
35.37±3.50
[38.87,31.86]
30.20±2.99
[33.19,27.21]

14.55±1.44
[15.99,13.11]
9.96±0.99
[10.94,8.97]
4.53±0.45
[4.98,4.08]
11.22±1.11
[12.33,10.11]
34.64±3.43
[38.07,31.21]
8.86±0.88
[9.73,7.98]
18.12±1.79
[19.91,16.32]
12.31±1.22
[13.53,11.09]
10.64±1.05
[11.70,9.59]
13.53±1.34
[14.87,12.19]

51.08
26.89
21.07
41.23
70.33
30.65
26.43
45.66
34.34
27.45

51.08
26.52
17.61
29.89
75.15
23.43
38.09
44.35
35.43
31.82

16.69
11.21
4.93
12.33
44.12
6.25
12.82
17.07
10.86
10.31

Reconstructed Pulse
Pressure Range [mmHg]
Actual
Range

Predicted
Range
𝜇±𝜎
[ 𝜇 − 𝜎, 𝜇 + 𝜎]

79.07
43.53
28.78
60.66
117.16
46.30
55.52
71.58
54.25
56.59

75.12±7.44
[82.56,67.68]
42.51±4.21
[46.72,38.30]
23.62±2.34
[25.96,21.28]
56.16±5.56
[61.72,50.60]
111.52±11.04
[122.56,100.48]
42.63±4.22
[46.85,38.41]
57.43±5.69
[63.12,51.75]
61.52±6.09
[67.61,55.43]
51.02±5.05
[56.07,45.97]
51.99±5.15
[57.14,46.85]

Table 5.5: Mean Absolute Error per patient per wavelet and reconstructed pulse pressure with Monte-Carlo
Dropout running 100 times.
7

Wavelet coefficients are unit-less
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Figure 5.9: Reconstructed pulse pressure signal versus the ground truth pulse pressure signal along with the
Monte-Carlo response for each signal over 50 iterations.

Continuous Pulse Pressure Waveform
The pulse pressure waveform was reconstructed from the wavelet coefficients 𝜓4−7 following
the data-structuring in equation (5.7) and inverse MODWT in equation (5.9). Example outputs are
shown in Figure 5.9, along with the MC Dropout. For the entire test dataset, an average Pearson
Correlation of 0.877, RMSE of 5.03 mmHg and MAE of 3.92 mmHg was obtained. Observing the output
of the ten patients for the reconstructed pulse pressure range in Table 5.5, the actual and predicted
height of the pulse pressure is within one standard deviation as estimated by the MC Dropout.
Next, it was evaluated that the performance of the algorithm over a longer time duration. To
reconstruct a continuous signal segment, the signals were divided into chunks of 250 samples (2
seconds) with an overlap of 1 cardiac cycle every subsequent chunk for the patients. The wavelets
were estimated, continuous pulse pressure waveform reconstructed, and then the overlapping
segments were averaged. Three examples are shown in Figure 5.10. The error was calculated as the
RMSE [mmHg] at every 2 seconds, giving the residual error shown in subplot 2 of each image. The
mean and standard deviation of error remains low. Any presence of motion artefact such as at the 40
seconds mark for patient 1, 50-60 seconds for patient 2 or around 55 seconds for patient 3 in Figure
5.10 deteriorates the performance and increases the instantaneous error.
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PATIENT 1

PATIENT 2

PATIENT 3

Figure 5.10: Estimation for a patient over a longer duration of time.

Evaluating the Signal Features
Signal features as proposed in section 4.6 were calculated for the actual pulse pressure
waveform and estimated pulse pressure waveform. The percent error between each feature from
each signal of 250 samples were calculated and averaged across all the patients’ signals in the test
data. This is shown in Table 5.6 . In the time domain features such as FT, ST, WT, DT and LASI, it is
observed that very low errors of less than 3% are present, except RT and RIT having more than 5%
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Feature
Tag

Actual Distribution

Predicted Distribution

% Average

𝝁±𝝈

𝝁±𝝈

Error

RT (s)
FT (s)
RIT (s)
ST (s)
WT (s)
DT (s)
LASI

0.16 ± 0.04
0.52 ± 0.13
0.09 ± 0.04
0.34 ± 0.09
0.67 ± 0.13
0.34 ± 0.13
0.18 ± 0.07

Time Features

PIR
RIPH
DNH
ACDC
AI
AI1
AA
DA
S3
S4
S1
S2
AA_DA
A_O_RI
A_RI_P
A_P_DN
A_DN_O
HR [BPM]

Amplitude Features
7.25 ± 1.87
38.81 ± 8.95
34.91 ± 10.49
1.51 ± 0.26
4.91 ± 1.20
-3.91 ± 1.20
795.62 ± 255.16
2222.16 ± 952.60
Area Features
1139.63 ± 522.26
1113.75 ± 746.96
190.34 ± 100.15
605.99 ± 228.88
3.13 ± 7.42
467.44 ± 221.39
1029.76 ± 365.71
1008.60 ± 598.67
1248.08 ± 519.11
90.46 ± 16.01

0.17 ± 0.07
0.50 ± 0.14
0.10 ± 0.06
0.36 ± 0.11
0.67 ± 0.14
0.32 ± 0.15
0.19 ± 0.08

5.88
1.48
7.69
2.38
0.00
2.02
0.00

6.39 ± 1.73
35.60 ± 8.61
30.58 ± 10.31
1.43 ± 0.26
4.84 ± 1.20
-3.84 ± 1.20
770.86 ± 266.33
1972.69 ± 836.78

9.98
7.21
10.21
4.06
0.45
0.56
3.49
9.96

1051.65 ± 441.24
948.74 ± 664.34
211.49 ± 162.41
559.55 ± 186.84
5.51 ± 13.20
450.57 ± 230.66
1008.56 ± 398.41
908.33 ± 474.55
1095.82 ± 490.75

9.63
13.53
3.17
6.13
5.85
4.76
3.22
7.65
11.15

90.68 ± 19.39

0

Table 5.6: Actual and Estimated Features from the Pulse Pressure Signal to evaluate the performance.

errors. The mean and standard deviation of the time-based features of the estimated pulse pressure
are approximately equivalent to the actual pulse pressure features, showing that the time events are
learnt quite well.
Interestingly, while the model learns the location of the dicrotic notch DT (Diastolic time) within a
slight error of 2.02%, it shows a larger error in estimating the amplitude of the waveform with 10.22%
in DNH, 9.9% error in DA, 13.53% in S4 and 11.15% in A_DN_O. In the cases of the amplitude and area
features, it is observed that a more significant errors are present. However, seven features have an
error of less than 5% and seven features have errors between 5% and 10%. These features are
dependent on the exact amplitude of the notch. This is also evident in patient 1 Figure 5.10.
Nevertheless, overall errors in most of the features are well within a small error.
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(a) Error distribution of the actual versus the
estimated pulse pressure of 250 samples (2
seconds) worth of signal across all the subjects
in test dataset

(b) Linear plot between the pulse pressure

(c) Estimation across different pressure ranges
Figure 5.11: Pulse pressure output and error distribution

Pulse Pressure - 𝚫𝑷
The average peak-to-peak height of the waveform was calculated for the actual and the
estimated pressure waveform for one minute of signals at randomly selected intervals for all 2,828
patients. The error and the standard deviation were −2.01 ± 7.84 𝑚𝑚𝐻𝑔 (Figure 5.11a), and the
linear-linear plot (Figure 5.11b) showed a good performance. However, this distribution does not
represent the performance across different pressure ranges. It was not known if the model has any
caveats in the low-pressure ranges or high-pressure ranges.
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Figure 5.12: Correlation Tabulation showing the actual pulse pressure and predicted pulse pressure
in intervals of 5 mmHg.

To investigate this, the mean and the standard deviation of error of the estimation was
measured across different pulse pressure ranges, producing the results shown in Figure 5.11c. The
performance was within the acceptable range for all the pressure ranges which according to AAMI
must be within 5 ± 8 mmHg.

Edge Cases – High Pulse Pressure
Figure 5.12 shows a correlation tabulation of the actual versus the predicted pulse pressure.
It is observed that patients with pulse pressure greater than 80 mmHg are estimated to be in the
adjacent +5 mmHg or -5 mmHg range. For instance, out of a total of 370 patients having Δ𝑃 averaging
between 80 – 85 mmHg, 176 (47%) were estimated within ±5 mmHg error, 302 (81%) were estimated
to be within ±10 mmHg error.
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Higher accuracy is obtained in estimating the pulse pressure in patients with lower pulse
pressure. For example, between 20 – 25 mmHg, out of 141 patients, 92 (66%) were estimated to be
within ±5 mmHg and 81% within ±10 mmHg.
Overall, 80% of the estimation in edge cases is within the ±10 mmHg range. The prediction is
within adjacent pressure groups rather than estimating randomly far from the actual pressure value.

5.4.

Discussion
A machine learning model was developed for estimating the continuous pulse pressure

waveform using wavelets coefficients. Further, MODWT detailed coefficients between 4 – 8 Hz (𝜓4 ),
2 – 4 Hz (𝜓5 ), 1 – 2 Hz (𝜓6 ) and 0.5 – 1 Hz (𝜓7 ) were learnt using four different Bi-LSTM models. Each
Bi-LSTM model for each frequency range was trained with different sequence lengths, for instance,
500 samples (4 seconds) for 𝜓4 , 1000 samples (8 seconds) for 𝜓5 . Data were structured in a manner
where each input cell of Bi-LSTM took a vector of features, for instance, for 𝜓4 they were 40 past and
40 future samples following Figure 5.2. The different sequence and feature lengths were optimised by
training many different models, as shown in Figure 5.5, Figure 5.6, and Appendix C Table C.1.
The estimated ABP MODWT coefficients showed to have a low error compared to the actual
coefficients. However, observing the MAE or RMSE results for individual levels is not very intuitive.
The performance of each level could only be well evaluated by combining and transforming these
wavelet coefficient vectors to continuous pulse pressure waveform using inverse MODWT. The overall
RMSE of the estimated pulse pressure waveform compared to the actual pulse pressure waveform on
the test dataset was 5.029 mmHg. The model also showed to perform well over a longer duration.
Obtaining the error between the peak-to-peak height (Δ𝑃) of the actual and estimated pulse
pressure waveform (over 2 seconds per sample) showed to be within ±8 mmHg at −2.02 ± 7.84
mmHg, which is acceptable within the AAMI standard. The performance was consistent from very low
to high pulse pressure, but performance deteriorated over 85 mmHg. Such pressure ranges are
observed in older patients (> 60 years) or with clinical events such as trauma or cardiac abnormalities.
However, the sample size of such cases is too small at about 5% of available data from the MIMIC
database for any significant learning to occur.
This kind of machine learning model has not been developed in any of the literature studies
mentioned [114], [115], [120], [121], [146]. Even most of the time series studies such as [123], [124],
[128], [165] as discussed in section 3.3.3.3 had used LSTM or Bi-LSTM models. However, they did not
estimate the entire pressure waveform, but rather just the SBP and DBP. The only two studies which
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had attempted to estimate the entirety of waveform using time-series models were Eom [116] and
Ibtehaz [129]. While both studies created a generalised model for estimating the continuous pressure
waveform, only Ibtehaz used a large dataset of 942 subjects compared to Eom who had 15 subjects.
Ibtehaz showed that the minimum of the pressure (=DBP) can be estimated with an error of 1.62±6.86
mmHg while the maximum of the pressure waveform (=SBP) had an error of -1.58±10.69 mmHg. They
also did not provide the RMSE of their estimated waveform to the actual waveform that could be used
in comparing the performance of the current study.
Limitations in the models
The overall performance is good; however, analysing Figure 5.11b, it can be seen that there
are signals with an error of up to ±20 mmHg. Such events primarily occur in the presence of motion
artefacts such as those observed in Figure 5.10. These motions can be a part of the source PPG signal
or the ground truth ABP signal. Investigation into how to deal with cases of severe motion will be
addressed in future work.
Further, the reconstruction gives some errors in estimating the notches. These can arise due
to:
-

Principally PPG and ABP signals are obtained from different sources, one using a pressure
transducer (ABP) and the other using LED-photodiode (PPG). Further, ABP is a measure of the
flow pressure exerted by the blood on the arterial walls while the pulsatile component of the
PPG is an indirect measure of the relative amount of blood present in a small segment where
the measurement is taken. The non-pulsatile components such as the fat, tissue and muscle
may absorb a significant amount of reflected/transmitted light causing attenuation of minute
oscillations in the reflected waves of the PPG. While in the case of ABP, since there is a direct
interaction of the sensor with the flowing blood, any periodic oscillation due to the pumping
of the heart will be captured well. For instance, the wavelet decomposition level in the 2 – 4
Hz (𝜓6 coefficients) range is within the frequency bandwidth where the dicrotic notch occurs.
However, if the notch is attenuated in the PPG signal, they will be missing in the 𝜓6 resulting
in inaccurate estimation of 𝜓6𝐴𝐵𝑃 further leading to inaccurate reconstruction of pulse
pressure signal. So, it cannot be assumed always that the shape of the two signals will always
have same or approximately similar shapes. The degree of similarity may vary from person to
person.

-

Many ABP signals are either over-damped or under-damped. In overdamping, it is observed
that the signal is a low amplitude convex shaped saw-tooth looking wave. This is caused by
improper catheter placement restricting blood from hitting the sensor diaphragm [211]. The
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dicrotic notch is missing as the sensor does not detect the reflected wave. The notch may be
present in the PPG while it will be absent in the ground truth ABP signal increasing the feature
error. On the other hand, in underdamped signals, there are multiple notch points. These are
associated with physiological dysfunction [211] such as arrhythmia. In such cases, this creates
problems in differentiating dicrotic notch and other notch points. This will add to the error.
The first limitation is inherent to the PPG sensor due to different thickness of non-pulsatile
tissues in different people. An ideal PPG can be considered having a prominent dicrotic notch while
considering other PPG signals without any notch as anomalous in line with Slapničar [128]. However,
this reduces the sample size considerably. It cannot be said with certainty that these are anomalies;
rather that these are reflective of the physiology of the patient. Hence, in the present study, any such
removal has been avoided apart from noisy and saturated signals.
The second limitation can also be addressed by filtering the overdamped ABP signals. But
again, without having much information from the database about the patient’s condition at a
particular timestamp, it cannot be said again with certainty if it is a sensor fault or not.

5.5.

Conclusion
This study has been one of its kind where the continuous pulse pressure waveform is

estimated using wavelets and Bi-Directional LSTM. The performance has been within the required
standards of 5 ± 8 mmHg tested on large test-dataset. However, this still does not estimate the
absolute blood pressure. In the next chapter, the output from these models will be used as a feature
into another model to estimate the SBP and DBP. Stacking the output as features from these models
will train the next set of models in a manner where errors (from the limitations) present in the current
model can be compensated.
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Convolutional LSTM and Deep Neural Network Based
Absolute Pressure Detection Model
6.1.

Objective
In Chapter 5, a framework was developed for pulse-pressure waveform estimation. However,

this pulse pressure does not provide absolute pressure readings. It would require estimating a
reference value such as the systolic, diastolic, or mean pressure to be able to give the absolute
waveform.
Several studies focussed on heuristic feature selection (Chapter 2) to determine absolute
pressure values. Only a few [116], [123] used whole-signal based features with time-series signals and
were able to show good accuracy. However, their sample size was small, raising concerns about the
biased models. This gives scope in exploring development of a model with a larger sample size and
considering whole-signal based features.
CNN and LSTM are powerful in extracting spatial and temporal features. Based on these
models, a Conv-LSTM algorithm has been developed, which considers the spatio-temporal features
together. However, this technique has not previously been used in blood pressure estimation studies.
This is because a 2D representation of the blood pressure signal is non-trivial. It requires considerable
knowledge about different signal processing techniques, their importance and information they
provide such as scalograms.
This chapter extends the idea of the MODWT output from the LSTM-MODWT framework and
presents an algorithm where the SBP and DBP are estimated from Conv-LSTM and DNN. The three
important questions to be answered are:
1.

2D image-like features can be used for Conv-LSTM in blood pressure?

2.

How should these feature, and outputs be structured?

3.

What is the architecture of the network?
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6.2.

Methodology and Framework
The current section has been structured as per Figure 6.1. First the method explains the

structuring of the 2D matrices that each cell of the Conv-LSTM network as discussed in section 3.3.3.4
will receive as the input. Second, the method explains the intended output which is the sequence of
SBP and DBP over short duration. Third the method explains the PPG features and the reconstructed
Pulse Pressure (from the estimated wavelet coefficients) features selected based on the discussion
from section 4.6 and Table 5.6 as the intended inputs for the MLP network branch. Finally, the ConvLSTM network and MLP networks are combined with the inputs from the three different branches to
estimate the output. The evaluation of the network hyperparameters and performance is discussed
under the results sections 6.3.2-6.3.4.

Figure 6.1: Structuring of the current section.

6.2.1. Data Structuring and Features – Conv-LSTM Model
ConvLSTM cells accept a 2D matrix as input at each time step, as discussed in section 3.3.3.4.
The output can be a structured 2D matrix, a 1D vector, or a single regression or classification value at
each time step. In the current case, the objective is to estimate a vector of absolute pressure value –
SBP and DBP over a short time frame.
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Network Inputs
The input sequence, in this case, is the estimated non-zero MODWT coefficients of ABP, as
shown in equation (5.6). The estimated detailed wavelet coefficients following equation (5.6) of the
signal of length 𝐿 are of dimension ℝ4×𝐿 as shown in equation (6.1).
[𝒌]
𝝍𝑨𝑩𝑷
𝜓4𝐴𝐵𝑃 [0]
𝟒
𝑨𝑩𝑷 [𝒌]
𝝍𝟓
𝜓 𝐴𝐵𝑃 [0]
= 5𝐴𝐵𝑃
𝑨𝑩𝑷 [𝒌]
𝜓6 [0]
𝝍𝟔
𝑨𝑩𝑷
[𝝍𝟕 [𝒌]] [𝜓7𝐴𝐵𝑃 [0]

𝜓4𝐴𝐵𝑃 [1]
𝜓5𝐴𝐵𝑃 [1]
𝜓6𝐴𝐵𝑃 [1]
𝜓7𝐴𝐵𝑃 [1]

…
…
…
…

𝜓4𝐴𝐵𝑃 [𝐿]
𝜓5𝐴𝐵𝑃 [𝐿]
𝜓6𝐴𝐵𝑃 [𝐿]
𝜓7𝐴𝐵𝑃 [𝐿]]

(6.1)

This 2D matrix was structured into 4 × 𝑀 dimensional small 2D spatio-temporal feature
matrices 𝑓𝑘 . Each of the smaller matrices become the input at every time-step 𝑘. Here 𝑀 < 𝐿 and 𝑀 ∈
ℕ. The value of 𝑀 is a fraction of signal length 𝐿. Further, 𝑀 describes the number of past and future
time-steps 𝜏 to consider from a present time-step 𝑘. The 3D tensor of the Conv-LSTM input is shown
in Figure 6.2. Mathematically one of the feature matrices can be presented as,
𝜓4𝐴𝐵𝑃 [𝑘 − 𝜏]
𝜓 𝐴𝐵𝑃 [𝑘 − 𝜏]
𝑓𝑘 = 5𝐴𝐵𝑃
𝜓6 [𝑘 − 𝜏]
[𝜓7𝐴𝐵𝑃 [𝑘 − 𝜏]

…
…
…
…

𝜓4𝐴𝐵𝑃 [𝑘]
𝜓5𝐴𝐵𝑃 [𝑘]
𝜓6𝐴𝐵𝑃 [𝑘]
𝜓7𝐴𝐵𝑃 [𝑘]

…
…
…
…

𝜓4𝐴𝐵𝑃 [𝑘 + 𝜏]
𝜓5𝐴𝐵𝑃 [𝑘 + 𝜏]
𝜓6𝐴𝐵𝑃 [𝑘 + 𝜏]
𝜓7𝐴𝐵𝑃 [𝑘 + 𝜏]]

(6.2)

The number of feature matrices 𝑓𝑘 for a given 𝝍𝑨𝑩𝑷 of length, 𝐿 is dependent on the amount
of overlap present between the frames of subsequent time-step. This number is given by,
𝐿−𝑀
, 𝑜𝑣𝑒𝑟𝑙𝑎𝑝
𝑠𝑜
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑟𝑎𝑚𝑒𝑠, 𝑁𝐹 =
𝐿−𝑀
, 𝑛𝑜 𝑜𝑣𝑒𝑟𝑙𝑎𝑝
{𝑀 + 𝑠𝑛

(6.3)

where,
𝑠𝑜

= overlapping stride

𝑠𝑛

= non-overlapping

The stride types are shown in Figure 6.3. Defining the two strides first,
-

Overlapping Stride occurs when the adjacent matrix has an overlap with the present matrix,
where 𝑠𝑜 ∈ {1,2, … 𝑀 − 1}. A value of 1 signifies a shift in the frame by 1 sample and a value
150

Convolutional LSTM and Deep Neural Network Based Absolute Pressure Detection Model
of 𝑀 − 1 signifies only the last column of the previous frame overlaps with the first column of
the next frame.
-

Non-overlapping Stride is when the subsequent frames do not overlap, having a few samples
gap in between.
An overlapping stride will result in a more significant number of input temporal time steps to

consider. This will eventually increase the number of inputs to the network thus making it a wider
network and increasing the training period. On the other hand, in non-overlapping strides, the number
of inputs will be lower decreasing the training period. However, there might be a loss in the number
of features. Thus, selecting the optimum stride is a hyperparameter which has been evaluated in
section 6.3.3.

Network Output
At every frame time-step 𝑘, the network is expected to learn a single value of SBP and DBP.
This value is taken to be the SBP and DBP value at the median location of the feature window of length
𝑀. For an entire sequence of frames at 𝑁𝐹 number of time-steps presented to the network as input,
the network estimates a vector of SBP and DBP. This vector has a dimension of ℝ1×𝑁𝐹 . One thing to
note is to reduce the complexity in training, the vector 𝑦[𝑘] has integer pressure values (𝑆𝐵𝑃 =
100 𝑚𝑚𝐻𝑔, 101 𝑚𝑚𝐻𝑔 …) at every time-step.
𝑦[𝑘] = 𝑆𝐵𝑃[𝑘] 𝑜𝑟 𝐷𝐵𝑃[𝑘]

(6.4)

Proposed Input-Output Relationship
Here the proposal is that the inputs be a 2D representation of the detailed coefficients vectors
estimated from the MODWT-LSTM algorithm as 𝑓𝑘 and the output to be a 1D vector of SBP and DBP.
The wavelets structured in this form provide a representation of the changes occurring in different
frequency bands. They also represent any inter-dependent relationship between the different
frequency bandwidths, such as different levels of 𝜓 𝐴𝐵𝑃 and the effect it will have on the output
pressure vector. This is observed in Figure 4.18.
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Figure 6.2: The image shows feature matrix a Conv-LSTM cell takes at a particular time-step 𝑘. The
𝐿
total dimension of the 3D feature tensor is given by 4 × 𝑀 × . Here four represents the number of the
𝑀

𝐿

detailed wavelet coefficients, 𝑀 is the length of the spatial feature window and is the number of time-steps
𝑀
considered based on the overlap.

Figure 6.3: Diagrams showing the overlapping and non-overlapping strides. Each stride represent where the
next frame (input matrix) must begin which is provided as the 2D input to the Conv-LSTM network.

Further, the presence of memory in Conv-LSTM helps in remembering the past changes in
spatial features, 𝑓𝑘 and their effect on 𝑦[𝑘] and propagation of the effect into the subsequent 𝑦[𝑘 +
1].
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Diagrammatically an example of this relationship is shown in Figure 6.4. With a non-overlap
in the subsequent frames, 𝑠𝑛 = 0 and window size, 𝑀 = 10, the window moves across the 4segments of the 𝜓 𝐴𝐵𝑃 forming a relationship with the output vector. In the example, the final output
vector calculated from equation (6.3) comes out to be, 𝑁𝐹 = 25 steps.
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(a) Time-step 𝑘 = 5

(b) Time-step 𝑘 = 15

(c) Time-step 𝑘 = 20

(d) Time-step 𝑘 = 245

Figure 6.4: Input vectors 𝜓4 , 𝜓5 , 𝜓6 and 𝜓7 are used as the input matrix estimating the output at time-step
𝑘 to be SBP or DBP. The window of size 𝑀 = 10 moves across with non-overlapping stride 𝑠𝑛 = 0 giving a
250
total time-step unit for the Conv-LSTM to consider to be 𝑁𝐹 =
= 25 𝑠𝑡𝑒𝑝𝑠.
10
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6.2.2. Data Structuring and Features – Deep Neural Network
As presented in section 4.6, a few of the PPG features showed a positive or negative
correlation with increasing SBP and DBP. This allowed selection of features with the highest scores for
SBP and DBP (Section 4.6.3 and detailed again below):
•

9 SBP Features showing positive correlation: Area onset to rising inflection (A_O_RI), rising time
(RT), rising inflection time (RIT), systolic time (ST), rising inflection height (RIPH), ascending to
descending area ratio (AA_DA), heart rate (HR), S2, and S1
13 SBP Features showing negative correlation: Ascending slope (AS), S4, descending slope (DS),
area peak to dicrotic notch (A_P_DN), descending area (DA), pulse plethysmogram intensity ratio
(PIR), area rising inflection to peak (A_RI_P), falling time (FT), area dicrotic notch to offset
(A_DN_O), diastolic time (DT), window time (WT), dicrotic notch height (DNH), and signal AC to
DC ratio (AC_DC).

•

13 DBP Features showing positive correlation: Complementary augmentation index (AI1), WT,
RIT, ACDC, PIR, A_O_RI, ST, RT, slope peak to dicrotic notch (SLOPE_A), large artery stiffness index
(LASI), FT, S3, and A_P_DN

•

4 DBP Features showing a negative correlation: DNH, HR, augmentation index (AI), and RIPH.
As discussed in Table 5.6, from the eight features listed in the amplitude section, not considering

the ratio-based features such as AI, AI1, PIR and ACDC, the rest of the four absolute amplitude features
were chosen which included:
1. Ascending area (AA)
2. Descending area (DA)
3. Rising inflection height (RIPH)
4. Falling inflection height (DNH)
The reason for choosing these features compared to the other area-based features such as A_I_RI,
A_P_DN and others was because:
-

The other area-based features showed to have low 𝑟 values (Table 4.8) at around
approximately between −0.5 to 0.5 for DBP.

-

RIPH and DNH has shown to have high 𝑟 values (Table 4.8) with both SBP (𝑟𝑅𝐼𝑃𝐻 =
−0.913, 𝑟𝐷𝑁𝐻 = 0.783) and DBP (𝑟𝑅𝐼𝑃𝐻 = 0.950, 𝑟𝐷𝑁𝐻 = 0.633).

-

AA had shown to have relatively the lowest error (3.486%) among other features (Table 5.6)
when pulse pressure was reconstructed from the estimated wavelets.
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-

DA showed to have a high error of 9.961%, but as discussed it is affected by how accurately
the dicrotic notch is reconstructed. This is also evident from the high error shown by S3
(9.62%), S4 (13.53%), A_P_DN (7.65%) and A_DN_O (11.15%) which includes dicrotic notch as
a part of the area calculation. While S3 or A_P_DN could have been chosen as features, they
represent a part of the falling phase of the pulse pressure. Hence, DA was the choice as
feature.
Further, three absolute amplitude features from the reconstructed pulse pressure waveform

were also selected:
1. Maximum pulse pressure
2. Minimum pulse pressure
3. Peak-to-peak amplitude of pulse pressure
These were added to the list of features for SBP and DBP, giving a total of 29 SBP features (22
PPG + 7 Δ𝑃) and 24 DBP features (17 PPG + 7 Δ𝑃) to be used. From a 2 second signal, the average
value of these features was calculated over 2 – 4 cycles of heart rate along with the Conv-LSTM
feature.

6.2.3. Neural Network Architectures
Three different network architectures were tested (Figure 6.5) –convolutional LSTM
architecture with wavelet matrix features (section 6.2), DNN architecture with PPG and Δ𝑃 features
(section 6.2.2), and a combined architecture to output SBP and DBP separately.
The Conv-LSTM model took 2D inputs for each cell (Figure 3.18), having dimension ℝ4×𝑀 with
several time-steps equivalent to 𝑁𝐹 as discussed in section 6.2.1. The dimension of the output SBP or
DBP vector is equivalent to ℝ1×𝑁𝐹 . The value of 𝑀 is a hyperparameter that was tested for different
values and is discussed in the results.
The DNN model is an MLP having an input dimension ℝ1×29 for the SBP model and ℝ1×24 for
the DBP model based on the different number of features. However, the output for these models was
average SBP and DBP over 2 seconds (250 samples) of ABP signal giving an output dimension of ℝ1×1 .
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Figure 6.5: Three different network architectures for estimating the SBP and DBP.
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Figure 6.6: Distribution of SBP and DBP in the training, validation, and testing dataset.

6.3.

Training, Validation and Testing

6.3.1. Hardware, Software and Machine Learning Tools
The hardware used for the optimisation process which involved hyperparameter searching
(further discussed in section 6.3.3) is the same as discussed in the section 5.3.1. However, once the
right combinations of hyperparameters were selected the training for the SBP and DBP models were
carried out on a Dell Precision 7750 workstation with 10th generation Intel i9-10885H processor at
2.40 GHz (8 cores), NVIDIA Quadro 3000 GPU (6 GB GDDR6) and 64 GB DDR4 RAM.
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Data analysis, feature selection and data structuring were performed in Python using the same
libraries as discussed in section 5.3.1. For the neural network model, TensorFlow 2.0 library’s ConvLSTM and Dense Models were used.

6.3.2. Data
The distribution of training, validation, and testing data was the same as used in section 5.3.2.
The ABP and PPG were chunked into the signal length of this 2 seconds (250 samples). The mean SBP
and DBP were calculated in the 2 second period. Figure 6.6 shows the sample-wise distribution in the
training, validation, and testing dataset for SBP which is normally distributed around a mean value
since the skewness score < 0.5. However, since it is greater than 0.5 for DBP in all the categories, the
DBP data is skewed.

6.3.3. Hyperparameter Selection
The hyperparameter selection involves two important sections:
1. Selecting the best stride – either overlapping or non-overlapping (section 6.2.1).
2. Selecting the extensive number of hyperparameters involved for each of the networks
(convolutional, LSTMs and MLPs).

Overlapping and Non-Overlapping Stride Selection
The effect of having overlapping strides (𝑠𝑜 ) was evaluated according to the model shown in
Figure 6.7 for both SBP and DBP estimation. To evaluate the effect of this hyper-parameter, some of
the hyperparameters were kept constant as tabulated in Table 6.1. Different feature lengths 𝑀 =

Hyperparameters
Value
Hyperparameters
Value
Pool
=3
Conv-LSTM First Layer Neurons = 64
Kernel
=2
Conv-LSTM No. Layers
=8
Activation Conv-LSTM
= RELU
Conv-LSTM Neurons shrink rate = 25%
Activation Dense Layers
= Leaky RELU Conv-LSTM Dropout
= 0.5
Activation Dense PPG/ABP = Leaky RELU Dense First Layer Neurons
= 25
Initial Learning Rate
= 0.001
Dense Layers
=2
Learning Rate Decay Factor = 0.1
PPG/PP Features First Layer
= 192
Decay Rate
= 10 epochs PPG/PP Features No. Layers
=2
Patience
=5
Dense Layers Dropout
= 0.5
Table 6.1: Performance of SBP and DBP estimation with different overlapping strides
159

Thesis
5,10,20,40 and 100 of the 2D wavelet matrix were selected. The training of the models took place
indefinitely with a patience of 5 epochs (ensuring training stops for the model in case validation or
training loss increases).
Changing overlaps from 99% overlap equivalent to following feature matrix to be shifted by 1
sample to only 1% overlap with only one common column between two subsequent frames, the
performances were calculated for the estimation of SBP and DBP in terms of the standard deviation
of error (±𝜎 𝑚𝑚𝐻𝑔) between the actual and predicted. Large overlaps led to worse performance with
errors of ±14 to ±18 mmHg. Optimum performance for SBP occurred at 𝑀 = 20 and overlap of 1%
(error of ±13.176 mmHg) and DBP at 𝑀 = 100 and overlap of 1% (error of ±12.582 mmHg).
Further the effect of no overlap was evaluated and the optimum gap 𝑠𝑛 between the two
frames were found. With results shown in Table 6.3, the performance was even better compared to
overlapping strides for SBP at 𝑀 = 10 and 𝑠𝑛 = 10 (10 sample gaps of wavelet between subsequent
2D matrix) having an error of ±12.350 mmHg. However, for DBP, the best performance was obtained
at 13.15 mmHg error at 𝑀 = 40 and 𝑠𝑛 = 1 which was still worse than the overlapping stride where
an error of 12.58 mmHg was obtained.
Hence, the final selection was to choose the best performance for SBP and DBP from the
overlapping and non-overlapping strides. For SBP, the best performance was using non-overlapping
stride with 𝑀 = 10, 𝑠𝑛 = 10. This gives 12 frames of input per example for SBP based on equation
(6.3) non-overlap. While for DBP, the best performance was for overlapping stride with 𝑀 = 100, 𝑠𝑜 =
99 respectively. This gives 2 frames of input per example for DBP based on equation (6.3) overlap.
Further, the output vector shape of SBP is ℝ1×12 and for DBP, is ℝ1×2 .
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Systolic Performance
Overlapping Stride, 𝒔𝒐

𝑀

𝑠𝑜 = 1
(≈ 99% overlap)

𝑀−1
⌋
4
(≈ 75% overlap)
⌊

5
10
20
40
100

Error
[±𝜎 mmHg]
14.797
18.413
14.037
MEMORY LIMIT
MEMORY LIMIT

1
2
4
9
24

Error
[±𝜎 mmHg]
14.797
14.841
15.307
15.073
14.982

5
10
20
40
100

14.229
18.057
14.304
MEMORY LIMIT
MEMORY LIMIT

1
2
4
9
24

14.229
17.445
17.327
15.191
16.283

𝑠𝑜

𝑀−1
⌋
2
(≈ 50% overlap)
⌊

Error
[±𝜎 mmHg]
2
14.542
4
15.332
9
13.448
19
14.641
49
15.114
Diastolic Performance
Overlapping Stride, 𝒔𝒐
2
15.323
4
15.003
9
13.490
19
15.296
49
14.429
𝑠𝑜

3(𝑀 − 1)
⌋
4
(≈ 25% overlap)
⌊

𝑀−1
(≈ 1% overlap)

3
7
15
30
75

Error
[±𝜎 mmHg]
15.106
15.045
13.300
13.491
15.911

4
9
19
39
99

Error
[±𝜎 mmHg]
14.827
15.191
13.176
13.235
14.692

3
7
15
30
75

13.479
14.746
14.218
15.198
13.229

4
9
19
39
99

13.091
15.653
14.462
14.193
12.582

𝑠𝑜

𝑠𝑜

Table 6.2: Performance of SBP and DBP estimation with different overlapping strides

Systolic Performance
Non-Overlapping Stride, 𝒔𝒏

𝑀
1

5

10

25

50

13.295
14.480
13.220
17.190
15.090

13.545
13.395
15.083
15.477
14.202

15.097
16.844
15.299
14.370
14.002

16.900
14.829
14.748
15.410
14.430

Error
[±𝜎 mmHg]
5
10
20
40
100

16.004
15.920
13.988
15.546
12.883

15.006
14.846
14.596
13.398
14.898

5
10
20
40
100

15.300
13.784
13.723
13.158
13.322

13.791
13.595
16.997
14.654
13.857

14.833
12.350
17.069
14.362
16.293
Diastolic Performance
Non-Overlapping Stride, 𝒔𝒏
14.292
15.481
17.439
14.978
15.064

Table 6.3: Performance of SBP and DBP estimation
with different non-overlapping strides

Bayesian Hyperparameter Selection
For the previous analysis to find the optimum overlapping and non-overlapping stride effect,
a default set of structures and hyperparameters were used. These hyperparameters can be further
tuned using random search [212], grid search [213], evolutionary algorithm [214] or Bayesian
optimisation [215]. Random and grid search can be used in simpler networks as was used in the LSTM
model for Pulse Pressure Detection. In complex models such as the one proposed here, it gets
cumbersome. Evolutionary algorithms are more robust but require significant knowledge in setting
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the gene pools. They are also slow in the training process. Bayesian optimisation uses Gaussian
Processes which are much more robust.
A set of major hyper-parameters (Table 6.4) was selected. One important point here is the
problem faced in selecting the number of layers and neurons per layer, especially for the MLP
branches. To solve this problem, two variables in each branch were used called Neuron Percent and
Shrink Rate. These variables vary between 0.1 – 1.0. An initial pre-defined number of neurons were
assigned, which were set to 256. A Neuron Percent of 0.5 would refer to the first layer of any branch
at the maximum of 0.5 × 256 = 128 neurons (cells in the case of Conv-LSTM).
On the other hand, Neuron Shrink defines the number of neurons in the subsequent layers. A
hard threshold of a minimum of 8 neurons in a layer wzere set. Neuron percent of 0.5 and shrink of
0.5 would mean the first layer will start with 128 neurons and then shrink to 64 then 32 then 16 and
finally 8 neurons (cells) in the subsequent layers. An example pseudo-code is shown in Listing C.1.
A group of other hyperparameters such as pool size, convolutional filter kernel size (section
3.3.3.2), activations function (section 3.3.4.4), learning rates (section 3.3.4.6) and batch size were also
selected to be optimised. A range of values for these hyperparameters shown in Table 6.4 was passed
through the Bayesian Optimisation algorithm (bayes_opt in Python). The objective of this algorithm is

Parameters

Range/Value

Kernel Size
Pool
Activation
Convolutional
Activation Dense

2,3
2,3
TANH, RELU,
SIGMOID, LEAKY RELU
TANH, RELU,
SIGMOID, LEAKY RELU
10% - 100% (of 256
neurons)
10% - 100%

Convolutional
Percent
Convolutional
Shrink

Neuron
Neuron

Time
Distributed
Neuron Percent
Time
Distributed
Neuron Units Shrink
Dropout – Conv-LSTM
Dropout
–
Time
Distributed Layer
Neuron percent
Neuron units shrink
Activation Dense Layer
Dropout
Initial learning Rate
Batch Size

Description
Hyperparameters – Conv-LSTM
The height and width of the filters to be convolved with the 2D wavelet matrix
The width and height of the Max Pooling layer
Activation function for the convolutional LSTM layer
Activation function for the Time Distributed layer

10% - 100%

The total number of convolutional units in a single Conv-LSTM neuron as a
percent of 256 neurons
total shrink factor for the Conv-LSTM units in subsequent layer after previous
layer. A shrink factor of 𝑛% will reduce the ConvLSTM units to 𝑛% of the
previous layer
Same as Convolutional Neuron Percent expect for the Time Distributed layers

10% - 100%

Same as Convolutional Units Shrink expect for the Time Distributed layer

0.1 – 0.5
0.1 – 0.5

The dropout percent after the Max Pooling layers in Conv-LSTM
The dropout percent after the Time Distributed layers in Conv-LSTM

Hyperparameters – Deep Neuron Branch (ABP and PPG)
10% - 100%
The total number of neurons in the hidden layers as a percent of 256.
10% - 100%
Same as Conv-LSTM Units Shrink
TANH, RELU,
Activation functions for the PPG and ABP
SIGMOID, LEAKY RELU
0.1 – 0.5
Learning Hyperparameters
0.0001 – 0.1
The initial learning rate for the training process
16, 32
The batch size was kept in a power of 2 between 16 and 32

Table 6.4: Hyperparameters selected to be tuned, their range of values to choose from and their
description
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to select a group of random hyperparameters, train a small model and evaluate. The evaluated results
select the next set of optimum hyperparameters using Bayesian theory [215]. Optimisation was
carried out for both SBP and DBP, with results shown in the parallel plots in Figure 6.8.
The parallel plots for SBP and DBP are divided into three sections: general hyperparameters
involving the activations, learning rate and batch size; Conv-LSTM Structural hyperparameters; MLP
branch of PPG and PP features hyperparameters.
The optimisation ran for 100 iterations for SBP and DBP, taking about 14 days each to run on
the Flinders University HPC with specifications listed in section 5.3.1. The black line plots in Figure 6.8
shows the final hyperparameters, which gave the optimum validation results (minimum validation
loss). The final evaluated hyperparameters are tabulated in Table 6.5.
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Figure 6.7: Structure of functional neural network for SBP and DBP estimation. The diagram shows the major
hyper-parameters which are to be tuned for the optimisation of the network.

164

Convolutional LSTM and Deep Neural Network Based Absolute Pressure Detection Model

(a) Hyperparameter optimisation DBP
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(b) Hyperparameter optimisation SBP
Figure 6.8: Parallel plots showing the different hyperparameters evaluated for SBP and DBP Conv-LSTM DNN
model. The dotted circle shows the minimum validation loss obtained with the set of hyperparameters.
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Hyperparameter
Pool
Kernel
Activation Conv-LSTM
Activation Dense Layers
Activation Dense PPG
Activation Dense ABP
Conv-LSTM First Layer Neurons
Conv-LSTM No. Layers
Conv-LSTM Neurons shrink rate
Conv-LSTM Dropout
Dense First Layer Neurons
Dense No. Layers
Dense Shrink Rate
Dense Layer Dropout
PPG Features First Layer
PPG Features No. Layers
PPG Shrink Rate
PPG Layers Dropout
Δ𝑃 Features First Layer
Δ𝑃 Features No. Layers
Δ𝑃 Shrink Rate
Δ𝑃 Layers Dropout
Batch Size
Initial Learning Rate

SBP Model
3
3
TANH
RELU
RELU
RELU
114
4
56%
0.12
218
10
21%
0.31
66
10
13%
0.18
138
2
90%
0.03
32
0.001

DBP Model
3
2
TANH
SIGMOID
RELU
SIGMOID
42
1
85%
0.3
118
8
30%
0.3
198
2
87%
0.1
162
3
66%
0.2
32
0.001

Conv-LSTM Feature Matrix Size (M)
Frames overlap
Output SBP/DBP vector length
to be learnt (Number of samples)

10
𝑠𝑛 = 10
12

100
𝑠𝑜 = 99
2

Table 6.5: Evaluated hyperparameters for the SBP and DBP Conv-LSTM model

6.3.4. Training and Validation
Using the selected hyper-parameters in Table 6.5, two models for SBP and DBP estimation
were trained. Both the models were set to have no upper limit of the number of epochs they can run
while training. However, a patience of 5 epochs was set to ensure no overfitting occurs. Each model’s
epoch took about 4 minutes on the system as discussed in section 6.3.1. The total training time for
each model was approximately 6 and half hours. The learning curves of the two models are shown in
Figure 6.9. For SBP, the validation loss stopped decreasing after 45 epochs, while for DBP, it had
fluctuations which caused the patience to terminate the model training after 50 epochs.
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Figure 6.9: Learning curves for the SBP and DBP Conv-LSTM MLP Model

6.3.5. Testing Results – AAMI and BHS Performance
The performance of the DBP and SBP models involving the error distribution curve, ground
truth versus predicted pressure is shown in Figure 6.10 and the Bland-Altman plots are shown in Figure
6.11. For SBP and DBP, the error distribution came out to be 0±6.15 mmHg and 0±6.46 mmHg
respectively, which is within the AAMI standards of 5 ± 8 mmHg. The performance was highly linear.
However, some over-estimations occurred in the DBP model with pressure greater than 100 mmHg.
Looking at the Bland-Altman plot for DBP (Figure 6.11a), it can be seen that there are very few
instances of DBP greater than 100 mmHg. Evaluating the percentage of data in training, validation,
and testing dataset, it was found that about 0.519% (473 samples), 0.635% (157 samples) and 0.642%
(505 samples), respectively existed in these pressure ranges which has resulted in non-significant
learnings in such instances. The diagonal line appearing in the Bland-Altman plots is a consequence of
the estimated output and the ground being integers giving integer errors at ±1, ±2 mmHg [216].
Overall, the BHS (blood pressure measurement standard discussed in section 1.4 International
Standards) matrix shown in Table 6.6 shows the performance of SBP to exceed Grade A at 5, 10 and
15 mmHg with estimation errors at 60.25%, 90.50% and 98.32% for the entirety of the test dataset. In
the case of DBP, it is again observed that the performance is in Grade A at 10 and 15 mmHg levels at
88.23% and 97.98% of the data are estimated within the error. However, the performance falls into
Grade B, with only 56.08% of the data estimated with an error of less than 5 mmHg.
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(a) DBP Error Histogram

(b) SBP Error Histogram

(c) Linear-linear plot DBP

(d) Linear-linear plot SBP

Figure 6.10: Performance of the Conv-LSTM and DNN model for estimating SBP and DBP on test dataset.
Level
A
B
C
D
SBP
DBP

Absolute Difference between devices (%)
≤5
≤ 10
≤ 15
60
85
95
50
75
90
40
65
85
<C
60.25
90.50
98.32
56.08
88.23
97.98
Table 6.6: BHS performance matrix
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± 2 SD

(a) Bland-Altman DBP

± 2 SD

(b) Bland-Altman SBP
Figure 6.11: Bland Altman Plots for DBP and SBP
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6.3.6. Performance in different cohorts
The results in section 6.3.5 were produced using the entire test dataset with 2,828 unique
patients of different age groups and different sexes. However, it is important to evaluate the
performance of the models in different groups such as younger people versus older people or males
versus females. This will be important in revealing two important aspects:
1. Any anomalies present in the model which mean that pressure is only accurately estimated in
certain groups.
2. The performance of the models in those cohorts such as young (20 – 30 years) or very old (> 80
years) where the sample size is much smaller.

TOST Hypothesis Testing
TOST (two one-sided test) Hypothesis with unequal variances is like an unequal variances ttest or Welch’s t-test. It tests for the equivalence between the means of the two groups which in this
case is the ground truth SBP/DBP and the predicted SBP/DBP for different sexes and age groups.
However, the Welch’s t-test requires the means of the two groups to be equal to reject the null
hypothesis (𝐻𝑜 ). In large sample sizes this test may fail even with a small difference between the
means of the two groups. A TOST test allows the means of the two groups to have an acceptable
difference within a pre-defined amount Δ. The null and the alternate hypotheses are defined by
equation (6.5). Here it has been assumed the variances of the predicted and the actual SBP and DBP
are unequal. This is more evident from the results provided in Table 6.7 where the standard deviation
of the predicted DBP/SBP varies from the actual DBP/SBP.
Further, DBP is slightly skewed as shown in Figure 6.6. A normal distribution assumption is
however made because of the large sample size. This is explained by the central limit theorem where
the sample mean approximates a normal distribution even when the population is not normally
distributed as the sample size gets large [217], [218].
𝑁𝑢𝑙𝑙 𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 𝐻𝑂 : |𝜇𝐺𝑇 − 𝜇𝑃𝑅 | > Δ
𝐴𝑙𝑡𝑒𝑟𝑛𝑎𝑡𝑒 𝐻𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 𝐻𝛼 : |𝜇𝐺𝑇 − 𝜇𝑃𝑅 | ≤ Δ
Where,
𝜇𝐺𝑇

= mean of ground truth DBP/SBP of the cohort

𝜇𝑃𝑅

= mean of predicted DBP/SBP of the cohort
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= a value > 0 to test the acceptable difference between the means of the actual and

Δ

predicted groups
𝐻𝑜 is accepted when the calculated 𝑝 value is less than the significance level of 𝛼 which for

this section has been set to 0.05 (5%) showing that the means of the two groups are greater than the
expected threshold.

Choosing 𝚫
The choice of Δ is based completely on the requirements of the study. Clinically significant
blood pressure changes are defined when SBP changes by 10 mmHg and DBP changes by 5 mmHg
[219]. Based on this AAMI/ISO have approved a mean error of 5 mmHg (𝜇 ± 𝜎 = 5 ± 8 𝑚𝑚𝐻𝑔)
between the reference and proposed device. However, AAMI also states that a device is considered
moderately accurate if it has a mean error of 4 mmHg when tested on greater than 80 subjects [14].
Based on this, Δ was chosen to be less than 4 mmHg at 2.5 mmHg.
The overall results have been tabulated in Table 6.7 which shows the number of patients in a
group, the number of samples (1 sample = 250 signal length [2 seconds]) per group, the ground truth
DBP/SBP distribution and predicted SBP/DBP distribution, and the overall TOST test comparing the
DBP/SBP ground truth with the predicted.
Figure 6.12a-e shows the males, females, and different age group results with number of
samples per pressure range (SBP: 70 – 200 mmHg and DBP: 30 – 120 mmHg with 10 mmHg
increments), the mean and standard deviation of error in each pressure range in the form of error
bars and the 2D histograms.
Table 6.7 shows the TOST test for the entire pressure distribution for each group. Table 6.8 to
Table 6.11 tests for the equivalence for each individual groups’ DBP and SBP means at increments of
10 mmHg.

Evaluating Males versus Females
The results of analysing males versus females are given in Table 6.7 (sex analysis), Figure 6.12a,
Table 6.8 and Table 6.9. In total there were 1,616 males and 1,212 females. Cumulating the recording
hours, the males were recorded for 76.871 hours and females for 77.479 hours. For males, ground
truth DBP distribution is 56.4 ± 11.8 mmHg and predicted DBP distribution is 56.0 ± 14.0 mmHg; the
172

Convolutional LSTM and Deep Neural Network Based Absolute Pressure Detection Model
ground truth SBP is 118.8 ± 23.0 mmHg and predicted SBP distribution is 119.3 ± 24.0 mmHg. For
females, ground truth DBP distribution is 56.5 ± 13.7 mmHg and predicted DBP distribution is
56.6 ± 15.8; the ground truth SBP distribution is 120.9 ± 23.3 and predicted SBP distribution is
121.6 ± 23.8 mmHg.
-

First conducting a TOST test between the ground truth SBP and predicted SBP, with 𝛼 = 0.05,
the null hypothesis, 𝐻𝑜 was rejected for both males and females with 𝑝 value of 0.713 and
0.999 respectively. This meant that the mean value of ground truth and predicted for both
males and females were within the specified range ±2.5 mmHg.

-

Further evaluating the error in different SBP ranges starting from 70 – 80 mmHg and going to
190 – 200 mmHg for males (Figure 6.12a – Males: subplots 4-6) the mean error ranges from 1.3 mmHg (occurring in SBP between 140-150 mmHg) to +0.53 mmHg (occurring in SBP
between 180 – 190 mmHg) and the standard deviation stays below ±5.5 mmHg in all the
pressure groups. This was also supported in Table 6.8: Males, 70 < SBP < 200 mmHg 𝑝 value =
1.00.

-

For females, a similar trend is observed with a mean error between -0.974 mmHg (occurring
in SBP between 130 – 140 mmHg) and +3.253 mmHg (occurring in SBP between 190 – 200
mmHg). The increase in mean value towards the higher-pressure region is due to one patient
not falling on the line of identity (Table 6.8: Females, 190 < SBP < 200 mmHg 𝑝 value = 0.08).

-

Conducting the TOST test between the ground truth DBP and predicted DBP, the null
hypothesis was rejected for both males and females with 𝑝 value of 0.994 and 1.000 for the
overall dataset as shown in Table 6.7 (sex analysis). However, observing the Figure 6.12a –
Males: subplots 1-3 and Figure 6.12a – Females subplots 1-3, the mean error becomes large
between 110-120 mmHg DBP for males at about -5.8 mmHg with a total of 27 observed
samples from one patient (Table 6.9: Males, 110 < DBP < 120 mmHg 𝑝 value = 0.02) while for
females with DBP > 110 mmHg, mean error is -9.728 mmHg from 310 samples obtained from
three patients (Table 6.9: Females, DBP > 110 mmHg 𝑝 value = 0.00).

Evaluating Different Age Groups
The results of analysing different age groups are given in Table 6.7 (age analysis), Figure 6.12be, Table 6.10 and Table 6.11. The 2,828 patients were divided into age groups of 20-30, 30-40, 40-50
years and so on up to greater than 90 years.
-

In the case of SBP, from Table 6.7 the error between ground truth mean and predicted mean
range from within +0.429 mmHg (40-50 years) and -2.544 mmHg (> 90 years). The TOST test
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rejects the null hypothesis with 𝑝 value greater than the significance for all age groups 20 –
90 years. However, 𝑝 value was 0.00 for people greater than 90 years old.
-

Evident from Figure 6.12b-d there are errors especially in higher pressure groups such in
pressure range 170 < SBP < 200 mmHg for 20 – 30 years with mean error of 3.0 - 8.3 mmHg
(Table 6.10: 20-30 years, 170 < SBP < 200 mmHg 𝑝 value = 0.04) and pressure range 170 < SBP
< 190 for 30 – 40 years with mean error of 5.2 – 6.5 mmHg (Table 6.10: 30-40 years, 170 < SBP
< 190 mmHg 𝑝 value = 0.00). These mean errors fall beyond the AAMI specified 5 mmHg error.
For other age groups between 40 – 80 years, the mean error in higher pressure ranges is within
AAMI mean error (Table 6.10: 40-90 years, 70 < SBP < 200 mmHg 𝑝 value > 0.05). Further, in
people > 80 years, a larger mean error is present as shown in Figure 6.12e where the SBP is
overestimated by -1 to -2.2 mmHg from 80 – 170 mmHg for age groups between 80 – 90 years.
But the overestimation is within the AAMI specified mean and the TOST test margin of ±2.5
mmHg. Finally, for people greater than 90 years old (2.5% of total test samples), SBP was
overestimated by -1.6 to -3.6 mmHg across all SBP with null hypothesis accepted in few of the
pressure ranges 90 – 110 mmHg and 130 – 160 mmHg shown in Table 6.10.

-

In the case of DBP, the overall mean difference is within -0.5 to +0.5 mmHg rejecting the null
hypothesis (𝑝 value > 0.9) from Table 6.7.

-

However, observing Figure 6.12b-e, there is an observable trend. At DBP < 90 mmHg the mean
error is between -2.5 to +1.5 mmHg. With an increased pressure > 90 mmHg, there is a large
overestimation in DBP: for 20 – 30 years, overestimation is by 3 mmHg for 90 – 100 mmHg
and increases to about 16 mmHg for > 120 mmHg shown in Figure 6.12b subplot 1 – 3 (Table
6.11: 20-30 years, DBP > 90 mmHg 𝑝 value = 0.00), for 30 – 40 years overestimation is by 5.7
mmHg Figure 6.12b subplot 4 – 6 (Table 6.11: 20-30 years, DBP > 100 mmHg 𝑝 value = 0.00),
for 40 – 50 years the overestimation is by approximately 5 mmHg for 90 – 100 mmHg and
increases slightly to 7 mmHg for 110 – 120 mmHg and jumps to 20 mmHg for > 120 mmHg
shown in Figure 6.12c subplot 1 – 3 (Table 6.11: 20-30 years, DBP > 90 mmHg 𝑝 value = 0.00)
and so on.

-

The reasons for these errors are evident from the distribution of the samples seen the test
dataset which is also representative of the distribution of DBP in the train and validation
dataset shown in Figure 6.6. Only a small proportion of data is present in these high DBP
groups. Discussing about these frequency of outliers, for instance, an overestimation of 15
mmHg (DBP > 110 mmHg) occurs on one patient between 20-30 years, overestimation of 20
mmHg (DBP > 120 mmHg) occurs on one patient between 40-50 years, overestimation of 11
mmHg (110-120 mmHg DBP) occurs on one patient between 50-60 years, overestimation of
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10-15 mmHg (DBP > 110 mmHg) occurs on two patients between 70-80 years,
underestimation of 10 mmHg (DBP > 110 mmHg) occurs on one patient between 80-90 years.
-

Interestingly, for people greater than 90 years of age, the TOST test rejects the null hypothesis
for all DBP ranges as shown in Table 6.11.
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Sex Analysis
Sex

Patients

Time (Hrs)

DBP GT (μ±σ)
mmHg

DBP PR (μ±σ)
mmHg

Difference
mmHg

95% CI
mmHg

P-Value

SBP GT (μ±σ)
mmHg

SBP PR (μ±σ)
mmHg

Difference
mmHg

95% CI
mmHg

P-Value

2359

Samples
Per
Patient
138368

Male

76.871

56.4 ± 11.8

56.0 ± 14.0

0.376

(0.279,0.472)

0.994

118.8 ± 23.0

119.3 ± 24.0

-0.4497

(-0.878, -0.022)

0.713

Female

1872

139463

77.479

56.5 ± 13.7

56.6 ± 15.8

-0.085

(-0.195,0.025)

1.000

120.9 ± 23.3

121.6 ± 23.8

-0.699

(-0.874, -0.524)

0.999

Males and Females TOST test comparing the respective actual and predicted SBP and DBP
Null Hypothesis: H0: |μ1 - μ2| ≤ 2.5 mmHg
Alternate Hypothesis: H1: |μ1 - μ2| > 2.5 mmHg
Age Analysis
Age

Patients

Sample

Time (Hrs)

DBP PR (μ±σ)
mmHg
60.5 ± 18.2

Difference
mmHg
-0.437

95% CI
mmHg
(-0.881,0.006)

P-Value

6.248

DBP GT (μ±σ)
mmHg
60.1 ± 15.6

SBP PR (μ±σ)
mmHg
117.2 ± 22.1

Difference
mmHg
-0.43

95% CI
mmHg
(-1.003, 0.143)

P-Value

0.993

SBP GT (μ±σ)
mmHg
116.8 ± 21.7

20 - 30

169

11247

30 - 40

218

13357

7.421

63.2 ± 13.1

63.0 ± 15.1

0.183

(-0.156,0.523)

1.000

118.5 ± 23.3

118.2 ± 23.6

0.343

(-0.219, 0.905)

0.989

40 - 50

464

29704

16.502

61.3 ± 14.3

61.0 ± 17.0

0.307

(0.054, 0.559)

0.999

117.2 ± 25.3

116.8 ± 26.0

0.429

(0.017, 0.842)

0.999

50 - 60

863

59043

32.802

58.3 ± 11.6

60 - 70

1067

73753

40.974

56.7 ± 12.0

58.2 ± 13.7

0.0543

(-0.0904,0.199)

0.999

119.5 ± 23.2

119.8 ± 24.2

-0.286

(-0.557, -0.016)

0.999

56.4 ± 14.2

0.3711

(0.236,0.506)

0.999

119.9 ± 22.8

120.3 ± 23.6

-0.4

(-0.637, -0.163)

0.999

70 - 80

793

53162

29.534

53.3 ± 12.3

52.9.4 ± 14.1

0.342

(0.183,0.502)

0.999

121.0 ± 23.2

122.1 ± 23.5

-1.082

(-1.363, -0.802)

0.282

80 - 90

539

30694

17.052

50.9 ± 10.5

51.1 ± 12.3

-0.2246

(-0.406, -0.045)

0.999

122.10 ± 22.5

123.7 ± 23.1

-1.569

(-1.930, -1.208)

0.999

> 90

111

6760

3.756

47 ± 11.6

47.6 ± 13.4

-0.514

(-0.937, -0.092)

0.987

122.1 ± 21.4

124.7 ± 21.96

-2.544

(-3.274, -1.813)

0

Age groups TOST test comparing the respective actual and predicted SBP and DBP
Null Hypothesis: H0: |μ1 - μ2| ≤ 2.5 mmHg
Alternate Hypothesis: H1: |μ1 - μ2| > 2.5 mmHg

Table 6.7: Statistical results of the model performance for different males/females and different age groups.
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Figure 6.12a: Performance for males and females at different pressure ranges
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20 – 30 years

30 – 40 years

Figure 6.12b: Performance between 20-30 and 30-40 years at different pressure ranges
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40 – 50 years

50 – 60 years

Figure 6.12c: Performance between 40-50 and 50-60 years at different pressure ranges
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60 – 70 years

70 – 80 years

Figure 6.12d: Performance between 60-70 and 70-80 years at different pressure ranges
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80 – 90 years

Greater than 90 years

Figure 6.12e: Performance between 80-90 and greater than 90 years at different pressure ranges
Figure 6.12: Model performance in different cohorts
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SBP

DBP
Males

Females

Pressure

Sex

Males

Females

70-80

1.00

1.00

30-40

1.00

1.00

80-90

1.00

1.00

40-50

1.00

1.00

90-100

1.00

1.00

50-60

1.00

1.00

100-110

1.00

1.00

60-70

1.00

1.00

110-120

1.00

1.00

70-80

1.00

1.00

120-130

1.00

1.00

80-90

1.00

0.75

130-140

1.00

1.00

90-100

0.92

0.82

140-150

1.00

1.00

100-110

0.08

0.96

150-160

1.00

1.00

110-120

0.02

0.00

160-170

1.00

1.00

170-180

1.00

1.00

180-190

1.00

1.00

[mmHg]

[mmHg]

Pressure

Sex

>120
0.48
0.00
Table 6.9: p-values DBP ranges and different sex

190-200
1.00
0.08
Table 6.8: p-values SBP ranges and different sex

[mmHg]

Age

20-30

30-40

40-50

50-60

60-70

70-80

80-90

>90

70-80

0.19

0.43

1.00

1.00

1.00

0.06

1.00

1.00

80-90

0.01

1.00

1.00

1.00

1.00

0.70

0.97

1.00

90-100

1.00

1.00

1.00

1.00

1.00

1.00

1.00

0.00

100-110

1.00

1.00

1.00

1.00

1.00

1.00

1.00

0.01

110-120

1.00

1.00

1.00

1.00

1.00

1.00

1.00

1.00

120-130

1.00

1.00

1.00

1.00

1.00

1.00

1.00

1.00

130-140

1.00

1.00

1.00

1.00

1.00

1.00

1.00

0.08

140-150

1.00

1.00

1.00

1.00

1.00

1.00

1.00

0.02

150-160

1.00

1.00

1.00

1.00

1.00

1.00

0.99

0.00

160-170

1.00

1.00

0.07

1.00

1.00

1.00

1.00

1.00

170-180

0.28

0.00

1.00

1.00

1.00

1.00

1.00

0.98

180-190

0.04

0.00

0.00

1.00

1.00

1.00

0.94

-

0.04
0.99
0.04
1.00
0.23
0.55
0.30
Table 6.10: p-values SBP ranges and different age groups

-

Pressure

190-200

[mmHg]

Age

20-30

30-40

40-50

50-60

60-70

70-80

80-90

>90

30-40

1.00

1.00

0.30

1.00

1.00

1.00

1.00

1.00

40-50

1.00

1.00

1.00

1.00

1.00

1.00

1.00

1.00

50-60

0.81

1.00

1.00

1.00

1.00

1.00

1.00

1.00

60-70

1.00

1.00

1.00

1.00

1.00

1.00

1.00

1.00

70-80

0.40

1.00

1.00

1.00

1.00

1.00

1.00

0.05

80-90

0.32

1.00

1.00

0.96

0.06

1.00

1.00

0.69

90-100

0.00

1.00

0.00

0.81

0.00

0.02

0.75

0.12

100-110

0.00

0.00

0.00

0.83

0.47

0.00

0.08

-

110-120

0.00

0.00

0.17

0.00

0.13

0.00

0.02

-

0.00
0.00
0.17
0.00
0.17
Table 6.11: p-values DBP ranges and different age groups

-

Pressure

>120
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Figure 6.13: Patient recorded for approximately 7000 seconds (1.94 hours) showing variability in SBP and DBP
at different points of time

6.3.7. Testing over Longer Duration
For the testing dataset with the results and discussion until now, 51.5 hours (≈
92000 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 × 2 𝑠𝑒𝑐𝑜𝑛𝑑𝑠) of signal were used. Approximately 65 samples of data or 130 seconds
of data were selected from each patient randomly sampled at different points of their ICU admission
when the PPG and ABP sensors were connected. However, the test dataset with 2,828 patients had
hundreds of hours’ worth of signal (comparably thousands in the train/validation dataset). These
hundreds of hours were ignored initially to test the performance of the model among all the patients.
The objective of this section was to test how the algorithm performs in a patient over a longer duration
where there is likely to be variability in blood pressure perhaps due to drugs or changes in the state
of the patient. For this, 10 patients were selected who were recorded for their PPG and ABP for longest
durations in the database as shown in Table 6.12. The ground truth DBP/SBP distribution and
estimated DBP/SBP distribution were calculated for 20 seconds at 10 minutes, 1 hour, half time and
end of recording time for the patients (Table 6.12a-b). The error was calculated between the ground
truth and estimated SBP and DBP at these times. Taking the instance of patient 1 recorded for 20.76
hours, SBP error (Table 6.12a) was 5.20 ± 2.60 mmHg at 10 minutes with actual mean SBP of 110.20
mmHg, 4.1 ± 1.40 mmHg at 1 hour with actual mean SBP of 101.2 mmHg, -2.3 ±1.0 mmHg at half-time
(10.38 hour) with actual mean SBP of 89.8 mmHg and 1.6 ± 2.4 mmHg towards the end of recording
with actual mean SBP of 103.8 mmHg. Similarly, for DBP (Table 6.12b) the error was 2.6 ± 3.8 mmHg
at 10 minutes with mean DBP of 58.3 mmHg, 4.7 ± 1.9 mmHg at 1 hour with mean DBP of 57.7 mmHg,
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-2.8 ± 1.2 mmHg at half-time with mean DBP of 46.6 mmHg and 3.0 ± 2.9 mmHg towards the end with
mean DBP of 52.8 mmHg. There is a variability of SBP over time with mean variation of approximately
20 mmHg from 110 mmHg to 89 mmHg. The error always stays low. This was seen in most records
with the TOST test with the same hypothesis and significance level as discussed in 6.3.6 and shown in
Table 6.12a-b for each time instance for each patient comparing the predicted and the ground truth
SBP and DBP.
However, in some cases such as at 10 minutes mark for SBP of patient 1, the mean error is
about 5.2 mmHg causing the TOST test to fail. The test fails at different times at different patients,
and the point of failure appears to occur at any time. No pattern is observed hence no postulation can
be formed that the model will fail over long durations.
In another instance shown in Figure 6.13 shows how the algorithm can track the major
variations occurring in the blood pressure. This is a visual example for the statistics shown in Table
6.12a-b. The time-axis shows the recording was taken for 7000 seconds, the recordings occurred at
different points of the day and are not contiguous. Initially, the SBPGT (SBP ground truth) reading is
about 120 mmHg for first the first section for about 1400 seconds. In the second part of the recording,
the pressure has increased to about 145 mmHg. This is very well tracked by the model SBPPRED (SBP
predicted), keeping an error at approximately -1±2 mmHg. In the case of DBPGT, it is observed that
DBP increases and decreases at different points, where it is around 50 mmHg for the first 1400
seconds, falling to about 40 mmHg and then rising and falling so on. The model also closely predicts
DBP with a mean error between 0 to -4 mmHg at different points.
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#

SBP 10
SBP 1h
SBP mid
SBP end
mins [mmHg]
[mmHg]
[mmHg]
[mmHg]
AC: 110.2±1.4
AC: 101.2±0.2
AC: 89.8±0.2
AC: 103.8±0.8
PR: 105.0±1.7
PR: 97.1±1.3
PR: 92.2±1.1
PR: 102.2±2.1
ER: 5.2±2.6
ER: 4.1±1.4
ER: -2.3±1.0
ER: 1.6±2.4
20.76
p-Value: 0.00
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
AC: 116.5±2.3
AC: 123.4±0.7
AC: 122.9±1.3
AC: 110.4±1.4
PR: 112.1±1.8
PR: 122.8±2.2
PR: 125.7±1.8
PR: 116.0±1.8
ER: 4.4±3.6
ER: 0.6±2.4
ER: -2.8±2.7
ER: -5.7±2.4
15.63
p-Value: 0.90
p-Value: 1.00
p-Value: 1.00
p-Value: 0.00
AC: 123.0±2.8
AC: 111.6±1.1
AC: 94.5±1.2
AC: 90.5±0.1
PR: 121.1±3.1
PR: 112.7±1.7
PR: 94.2±2.1
PR: 99.8±4.8
ER: 1.9±3.8
ER: -1.0±1.4
ER: 0.3±1.5
ER: -9.4±4.9
14.94
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 0.00
AC: 105.1±4.1
AC: 104.3±1.1
AC: 107.4±2.8
AC: 91.9±3.1
PR: 109.2±2.4
PR: 103.7±1.9
PR: 112.4±1.6
PR: 95.5±2.9
ER: -4.1±2.5
ER: 0.6±2.3
ER: -5.0±1.8
ER: -3.6±1.3
13.83
p-Value: 1.00
p-Value: 1.00
p-Value: 0.00
p-Value: 1.00
AC: 144.7±1.1
AC: 127.3±2.1
AC: 113.6±1.8
AC: 84.9±0.9
PR: 150.3±1.9
PR: 128.1±1.1
PR: 117.4±2.2
PR: 80.7±2.2
ER: -5.5±2.4
ER: -0.9±2.2
ER: -3.8±1.8
ER: 4.2±1.9
14.46
p-Value: 0.00
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
AC: 129.1±1.1
AC: 120.7±1.1
AC: 146.0±0.9
AC: 142.1±1.2
PR: 131.2±2.2
PR: 123.1±2.7
PR: 145.3±2.7
PR: 146.4±1.8
ER: -2.2±1.8
ER: -2.4±2.5
ER: 0.7±2.5
ER: -4.3±2.5
13.3
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
AC: 109.7±0.9
AC: 90.8±0.3
AC: 103.7±0.6
AC: 122.4±1.8
PR: 118.0±1.3
PR: 101.1±0.8
PR: 105.8±1.4
PR: 125.8±1.8
ER: -8.3±1.3
ER: -10.2±0.8
ER: -2.1±1.4
ER: -3.5±1.9
13.57
p-Value: 0.00
p-Value: 0.00
p-Value: 1.00
p-Value: 1.00
AC: 141.1±1.2
AC: 124.0±0.3
AC: 104.0±0.7
AC: 106.2±0.5
PR: 143.1±2.0
PR: 130.2±0.5
PR: 108.7±0.4
PR: 107.4±0.2
ER: -2.0±0.8
ER: -6.2±0.2
ER: -4.7±1.0
ER: -1.2±0.5
13.33
p-Value: 1.00
p-Value: 0.00
p-Value: 1.00
p-Value: 1.00
AC: 114.8±1.8
AC: 120.4±1.0
AC: 126.0±1.1
AC: 95.6±1.3
PR: 117.8±1.8
PR: 123.1±2.2
PR: 127.4±2.0
PR: 104.0±2.4
ER: -3.0±1.7
ER: -2.8±2.1
ER: -1.4±1.9
ER: -8.3±1.9
13.4
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 0.00
AC: 104.7±2.4
AC: 112.9±5.8
AC: 121.5±3.0
AC: 115.3±0.8
PR: 102.0±2.6
PR: 109.5±4.1
PR: 125.7±2.7
PR: 112.1±2.4
ER: 2.7±2.4
ER: 3.4±3.4
ER: -4.2±2.1
ER: 3.2±2.6
12.53
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
(a) SBP Evaluation of 10 selected patients recorded over longer duration during their stay in the
ICU
Time

1

2

3

4

5

6

7

8

9

10
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#

DBP 10
DBP 1h
DBP mid
DBP end
mins [mmHg]
[mmHg]
[mmHg]
[mmHg]
AC: 58.3±0.9
AC: 57.7±0.1
AC: 46.6±0.3
AC: 52.8±0.6
PR: 55.7±3.5
PR: 53.0±1.9
PR: 49.4±1.2
PR: 49.8±2.7
ER: 2.6±3.8
ER: 4.7±1.9
ER: -2.8±1.2
ER: 3.0±2.9
20.76
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
AC: 63.7±1.3
AC: 63.5±0.6
AC: 52.6±0.9
AC: 49.5±0.9
PR: 59.3±2.5
PR: 61.6±2.9
PR: 51.3±3.0
PR: 50.1±3.0
ER: 4.4±2.8
ER: 1.8±3.2
ER: 1.4±3.6
ER: -0.6±3.2
15.63
p-Value: 0.90
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
AC: 58.9±0.3
AC: 47.0±0.5
AC: 45.7±0.7
AC: 47.0±0.1
PR: 63.8±1.4
PR: 46.5±1.9
PR: 42.7±2.5
PR: 47.3±2.8
ER: -4.9±1.5
ER: 0.4±2.1
ER: 3.0±2.3
ER: -0.3±2.8
14.94
p-Value: 0.00
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
AC: 43.4±0.7
AC: 41.8±0.8
AC: 33.5±1.4
AC: 37.4±0.7
PR: 40.8±1.9
PR: 38.1±1.8
PR: 33.8±2.1
PR: 32.4±2.2
ER: 2.6±2.2
ER: 3.7±1.9
ER: -0.3±2.4
ER: 5.1±2.6
13.83
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 0.00
AC: 45.2±0.3
AC: 56.3±1.0
AC: 52.1±0.8
AC: 64.3±1.0
PR: 47.2±3.0
PR: 55.1±2.0
PR: 53.2±2.1
PR: 67.0±3.1
ER: -2.0±3.2
ER: 1.2±2.8
ER: -1.2±2.3
ER: -2.7±2.7
14.46
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
AC: 52.4±0.8
AC: 49.5±0.5
AC: 50.2±0.9
AC: 45.8±0.9
PR: 52.3±2.3
PR: 47.0±2.4
PR: 55.2±2.4
PR: 45.8±1.6
ER: 0.1±2.1
ER: 2.5±2.4
ER: -5.0±2.3
ER: 0.0±2.2
13.3
p-Value: 1.00
p-Value: 1.00
p-Value: 0.00
p-Value: 1.00
AC: 38.3±0.2
AC: 43.4±0.2
AC: 51.7±0.2
AC: 49.0±0.3
PR: 37.7±1.7
PR: 42.5±1.4
PR: 53.7±2.1
PR: 53.3±2.3
ER: 0.6±1.7
ER: 0.9±1.5
ER: -2.0±2.1
ER: -4.3±2.4
13.57
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
AC: 41.0±0.1
AC: 37.0±0.1
AC: 29.7±0.5
AC: 36.7±0.1
PR: 41.6±1.2
PR: 41.7±0.1
PR: 29.2±0.6
PR: 37.5±0.5
ER: -0.6±1.1
ER: -4.8±0.1
ER: 0.5±1.1
ER: -0.8±0.4
13.33
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
AC: 48.5±0.6
AC: 51.6±0.5
AC: 55.0±0.4
AC: 48.9±0.5
PR: 46.7±1.9
PR: 49.3±2.6
PR: 52.7±2.6
PR: 56.1±2.1
ER: 1.8±2.2
ER: 2.3±2.6
ER: 2.3±2.5
ER: -7.2±2.1
13.4
p-Value: 1.00
p-Value: 1.00
p-Value: 1.00
p-Value: 0.00
AC: 60.5±1.2
AC: 60.3±2.6
AC: 57.2±1.3
AC: 55.7±0.4
PR: 57.5±2.5
PR: 53.3±1.9
PR: 59.7±2.1
PR: 55.2±2.9
ER: 3.1±3.1
ER: 6.9±2.5
ER: -2.5±2.4
ER: 0.5±3.1
12.53
p-Value: 1.00
p-Value: 0.00
p-Value: 1.00
p-Value: 1.00
(b) DBP Evaluation of 10 selected patients recorded over longer duration during their stay in the
ICU
Time

1

2

3

4

5

6

7

8

9

10

Table 6.12: 10 patients from the testing dataset who were recorded for the longest duration of time. The
error was calculated at different points of their admission.
Acronyms: AC = Actual, PR = Predicted, ER = Error
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6.3.8. Comparing Different Models
A model using Conv-LSTM and MLP has been proposed, but it is important to compare this
model with other models such as an MLP with PPG features or just Δ𝑃 features or just Conv-LSTM
wavelet features. This will help assess the benefit of such a complex model compared to the more
straightforward models proposed throughout the literature.
Two sets of MLP models (2 for SBP and 2 for DBP) were designed and trained with optimised
hyperparameters. One used PPG features for estimating SBP and DBP while the other used Δ𝑃
features. The training, validation and testing were performed on the same dataset as previously
undertaken for Conv-LSTM and DNN models. Results tabulated in Table 6.13 gave an RMSE of 9.568
mmHg (r2=0.85) and 7.98 mmHg (r2=0.71) for SBP and DBP models, respectively, on the model trained
on PPG features. However, the performance falls with the other model (trained on Δ𝑃 features) with
an RMSE of 11.88 mmHg (r2=0.74) and 11.570 mmHg (r2=0.19) for SBP and DBP, respectively. One
reason for this might be that only 7 Δ𝑃 features are being used. These smaller number of features
may not be providing enough information to the system to learn any relationship with the SBP or DBP.
Comparing a Conv-LSTM only model with wavelets being the features, an RMSE of 7.986
mmHg (r2=0.892) was obtained for SBP. However, the prediction for DBP was worse with an RMSE of
12.158 mmHg (r2=0.509).
Evaluating similar statistics for the proposed model, an RMSE of 6.309 mmHg (r2=0.93) and
6.482 mmHg (r2=0.792) was obtained for SBP and DBP, respectively. It is observed that a better
performance in estimating both the pressure values compared to other models.

6.3.9. Classification Accuracy – Different Pressure Ranges
In this section, it was evaluated if the simpler models perform better in classifying the patients
into the right categories of Hypotensive (LBP) (DBP < 60 mmHg, 40 mmHg < SBP < 90 mmHg),
Normotensive (NBP) (60 mmHg < DBP < 80 mmHg, 90 mmHg < SBP < 120 mmHg), Pre-Hypertensive
(PHBP) (80 mmHg < DBP < 100 mmHg, 120 mmHg < SBP < 140 mmHg) and Hypertensive (HBP) (DBP >

Model

Features

SBP Error
𝑟2

DNN

𝑅𝑀𝑆𝐸

𝑀𝐴𝐸

DBP Error
𝜎 [mmHg]

𝑟2

𝑅𝑀𝑆𝐸

𝑀𝐴𝐸

𝜎 [mmHg]

PPG

0.854

9.57

7.88

9.57

0.714

7.98

6.43

7.98

DNN

Δ𝑃

0.741

11.88

8.85

11.88

0.191

11.57

8.65

11.54

Conv-LSTM

𝜓

0.892

7.99

5.80

7.99

0.509

12.16

9.69

12.16

DNN + Conv-LSTM

𝜓 + PPG + Δ𝑃

0.931

6.31

4.94

6.15

0.792

6.48

5.16

6.46

Table 6.13: Performance evaluating different models

187

Thesis
100 mmHg, SBP > 140 mmHg). For this, models are analysed based on their precision, recall and F1
score with results shown in Figure 6.14. Here precision, recall and F1 score are defined as:
•

Precision: total number of patients correctly classified (positive class) as a fraction of the total
number of patients in that class.

•

Recall: total number of patients correctly classified (positive class) as a fraction of the total number
of patients.

•

F1 Score: weighted average of the precision and recall given by:
𝐹1 =

2 × 𝑅𝑒𝑐𝑎𝑙𝑙 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

(6.6)

SBP Model Evaluation
A higher F1 Score (Figure 6.14a) was observed in all categories (LBP = 0.71, NBP = 0.88, PHBP
= 0.76 and HBP = 0.88) for the proposed Conv-LSTM DNN model compared to other 3 evaluated
models. Just Conv-LSTM model provides a better F1 score (LBP = 0.69, NBP = 0.86, PHBP = 0.72 and
HBP = 0.85) when compared to just MLP based models signifying the addition of extra convoluted
time-based features improves the classification. Further, it is observed that superior recall and
precision scores for the Conv-LSTM MLP model compared to others.
One caveat to observe here is the recall of 0.77 (precision = 0.66) for the proposed model meaning
that 23% of the data are misclassified into this LBP (40 mmHg < SBP < 90 mmHg) category which is
significantly low pressure.

DBP Model Evaluation
Compared to SBP, DBP models very well estimate the LBP patients with a very high F1 score
for all the models (Conv-LSTM DNN = 0.88, PPG = 0.86, Delta P = 0.75 and Conv-LSTM = 0.82) shown
in Figure 6.14b. This is primarily because the data distribution of the DBP in ICU patients has a mean
of around 57.2 mmHg (Figure 4.9). Like SBP performance, DBP Conv-LSTM DNN outperforms the other
models having a high F1 score (LBP = 0.88, NBP = 0.7, PHBP = 0.53, HBP = 0.64) compared to all three
models in all categories. The PPG-based model also performs reasonably well (LBP = 0.86, NBP = 0.61,
PHBP = 0.41, HBP = 0.54), however the Delta P-based model fails badly in classifying DBP.
The F1 score of Conv-LSTM DNN is low at 0.53 for PHBP (80 mmHg < DBP < 100 mmHg)
patients, for which 2,029 out of 3,136 instances were classified correctly while 666 (21%) were
incorrectly placed into NBP and 438 (14%) into HBP.
Overall, this evaluation demonstrates that Conv-LSTM adds significant improvements to the
performance of the more straightforward models.
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(a) Classification scores – SBP
(b) Classification scores – DBP
Figure 6.14: Classification evaluation into Hypotensive, Normotensive, Pre-Hypertensive and Hypertensive
categories for different models. Here the precision, recall and F1 scores for each model against each class is
given. Conv-LSTM DNN model has shown to outperform others, further showing that the convoluted timebased information adds significant improvements to the model performance.

6.4.

Discussion and Conclusion
This chapter developed a time-series machine learning algorithm that estimates SBP and DBP

by taking a 2-D wavelet matrix, together with PPG and reconstructed pulse pressure signal features.
The model was trained and validated on 8,614 patients and tested on 2,828 patients from the matched
MIMIC database. Results showed that a performance within the AAMI standard of error of 5 ± 8
mmHg, with an error of 0.00 ± 6.46 mmHg and 0.00 ± 6.15 mmHg for DBP and SBP respectively. Further
assessing the performance against the BHS standards (Table 6.6), all estimations for SBP were within
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the Grade A performance while DBP estimation was Grade A for absolute error ≤ 10 mmHg and ≤ 15
mmHg and Grade B for error ≤ 5 mmHg.
While most of the studies in the literature tend to provide performance statistics, it
sometimes becomes unclear where exactly the error is arising – i.e., is the error higher within specific
cohorts of patients or in lower or higher-pressure ranges. For instance, Ibtehaz [129] used an encoderdecoder model to estimate DBP and SBP from PPG with good performance on a dataset of 942
patients. Even though they compared their results to other studies using time series models [116],
[123], Ibtehaz had a bigger dataset, their ground truth versus estimation DBP regression plot showed
that the error increases as the blood pressure increase, but their overall error was within the range of
1.169 ± 6.859 mmHg. If closely noted in their study, there is a large bias towards lower DBP values
concentrated around 50 – 60 mmHg. The system they developed has a higher probability of estimating
pressure in this region. One prime reason for this bias to arise is the dataset they use (collated by
Kachuee in the University of California Irvine (UCI) Database [114] from the MIMIC database) ignores
any ABP signals with DBP less than 50 mmHg, effectively truncating the Gaussian distribution shown
in Figure 6.6. As a result of this non-Gaussian, Gamma-like distribution, they obtain a good
performance in the 50 – 70 mmHg DBP range, while it falls badly once DBP exceeds 70 mmHg.
The Conv-LSTM model presented in this chapter was shown to perform well across all pressure
ranges for different groups of people based on their sex and age, and at different pressure bands
shown in Figure 6.12a-Figure 6.12e and Table 6.7. All results were well within the AAMI standards,
especially for SBP. However, for DBP, the kurtosis was higher, with error having a larger spread than
SBP. The estimation tends to become unreliable for patients with DBP greater than 100 mmHg, which
was overestimated by up to ±10 mmHg. The number of patients with such high DBP (about +4𝜎 away
from the mean of 55 mmHg) was extremely small. They could have been considered as outliers and
ignored, however in a real-world scenario, these pressure ranges do exist, and it is of utmost
importance to estimate them accurately.
Investigating the performance over longer duration of time for the variability of DBP and SBP
under the dynamic testing, it was found that the model can capture the changes occurring over time
and the error remained within AAMI standards (5±8 mmHg) measured at different points of the stay
of the patients as shown in Table 6.12. Further, as stated in the literature [31], [47], the SBP is more
sensitive to arterial compliance, age, activity, and other factors. The estimation of SBP with sudden
changes thus captured well implies that the model’s SBP predictions can respond to these kinds of
changes. Further comparing to the literature, Su [165] had trained their LSTM model per-subject basis
and showed that these models can estimate pressure accurately within AAMI standards for months.
Eom [116] also evaluated their SBP estimation performance over 350 seconds. They found that if SBP
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remains stable (<20 mmHg changes in >10-50 seconds) over a longer duration, then such models can
estimate accurately. However, they also found that if there is motion or sudden changes in SBP (>20
mmHg in < 10 seconds), then the performance deteriorates. The susceptibility of the models to motion
is something which should be investigated in future.
The evaluation conducted in the section 6.3.9 compared the different models and their
performance at different pressure ranges, namely in accuracy of estimating SBP and DBP in the LBP,
NBP, PHBP and HBP ranges. However, in the literature only the regression studies were considered as
the objective of this thesis was to estimate absolute values of pressure. But comparing these results
especially the Conv-LSTM + PPG + ΔP model results to the other studies it was found that Martinez
[147] using PPG sensor only on MIMIC database (n = 109 patients) obtained an accuracy of 87.5% in
classifying between NBP and HBP patients while the proposed model has a recall score of 87% and
90% for NBP and HBP respectively on thousands of subjects. Comparing to others for their average
performance on estimating LBP, NBP, PHBP, HBP Liang [139] (n = 121, PPG only, model: CNN
GoogleNet Transfer Learning) obtained 82.2%, Visvanathan [220] (n = 32, PPG only, model: SVM)
obtained 72.54% and Wang [157] (n = uncertain: UCI database, PPG only, model: LSTM and CNN)
obtained 91.33% accuracy. Wang [157] in their study also referenced different number of studies such
as by Dey [169], Somayyeh [221] and Wang [118] giving results in terms of classification percent
however, no such results were found in these studies. Further as discussed above, UCI repository is a
biased dataset containing only patients with DBP greater than 50 mmHg. Further it is uncertain if the
signals are from 3000 unique patients or contains waveform of the same patients recorded at different
times of their stay in the ICU. Compared to Visvanathan and Liang, the performance was superior for
the proposed model on a larger dataset.
The model’s performance was compared to other studies, especially the time-series models
shown in Table 2.3. Apart from those reported by Ibtehaz [129] and Slapničar [128] who used more
than 100 subjects in their training and validation, most groups trained their model on very few subjects
going as low as 15 in case of Eom [116]. This led to better performance due to cases of overfitting. In
comparison with Ibtehaz’s transfer learning Encoder-Decoder model U-Net with PPG features and
Slapničar’s transfer learning RESNET model, the proposed CONV-LSTM model produced a similar DBP
error of between ±6 to ±7 mmHg for all three models. However, the CONV-LSTM model had a lower
error for SBP prediction at ±6.15 mmHg, compared to Slapicar (±9.18 mmHg) and Ibtehaz (±10.69
mmHg). Further, comparing to other simpler studies using MLP where large datasets were claimed to
have been used, Maher [120] using 2000 patients showed a worse performance than the AAMI
standards (worse than 5±8 mmHg) while Kurylyak [121], [146] using 5000 patients showed to have a
better performance shown in Table 2.2. However, from their study it was unsure if the training and
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testing dataset splitting was done sample-wise or patient-wise. If it was sample-wise, similar to Gaurav
[115], then there is a high chance the model had seen the data while training on which it was running
the inference, thus giving biased performance.
Improvements can be made to make the system more accurate by having a calibration reading
to correct the network’s output per person. In this calibration method, an existing device can be used
to measure SBP and DBP separately, which can then be used to correct the model’s output per person
using a linear equation as has been tested in some studies [168], [222]. This may or may not improve
the performance based on the source of the calibration. When calibration is derived from a monitor
that already has a pre-existing error, it will add to the model’s output error and degrade the
performance further. Yan [168] used such a calibration technique with an error of 3.09 ± 2.76 mmHg
and 2.11 ± 2 𝑚𝑚𝐻𝑔 for SBP and DBP, respectively. This impressive performance was due to
calibration values being derived from invasive pressure readings with high accuracy. The second
calibration method that could be employed is by feeding the calibration values of SBP or DBP as a
feature to the model while training. This method would require having pressure measurements from
a calibration device such as an oscillometer or a sphygmomanometer. The neural network training can
learn from the PPG signals and learn from the error the calibration monitor provides and correct for
these errors. The MIMIC database [125] includes NIBP readings which could be included as a feature
during model development. However, it is unclear how often calibration values would need to be
updated to remain valid. How much benefit calibration would add is the scope of future research.
In this chapter, the CONV-LSTM was trained, validated, and tested using the MIMIC database.
In the next chapter, it will be evaluated if the model can perform on a completely different database
in order to address the question of scalability.
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7.1.

Introduction
The results from Chapter 5 and Chapter 6 show that the new models perform well on data

from the MIMIC database. However, it is unknown whether these models will perform equally well in
data not from MIMIC but collected using different PPG sensors on patients within different hospitals
and different regions. In other words, how well does the model scale? There are other databases
available such as Vital Signs Database, Queensland University, Australia [223], which contains signals
from 31 patients. However, it only contains five subjects who had ABP, and PPG signals recorded
simultaneously. Most of the other studies in the literature have collected their own custom data which
have not been made publicly available.
In this chapter, a two-part experiment was devised for custom data collection. In the first part,
data was collected using an off-the-shelf vital signs Philips monitoring system used in the Intensive
Care Unit (ICU) to obtain continuous ABP and PPG readings from patients. Like MIMIC, the objective
was to verify any model performance discrepancies on an entirely different database. In the second
part, a custom PPG module was designed and collected these signals along with the invasive blood
pressure from patients admitted to ICU. The objective of this second part of the experiment was to
assess if data from a simple finger/wrist-based device can give similar accuracy to a more sophisticated
device. The aim of this research will be to develop a wearable continuous blood pressure monitor
based on PPG measurements.

7.2.

Method

7.2.1. Experiment: Part 1
Location, Device and Sample Size
In the first part of the experiment, data were collected from patients in the Intensive Care
Unit (ICU) of Flinders Medical Centre, South Australia, Australia, between 1 April to 16 June 2021,
following a human research ethics approval based on South Australian Local Health Network (SAHLN),
South Australia, Australia. The letter of approval is shown in Appendix D.2.
The invasive ABP and PPG were recorded using Philips Intellivue MP70 operating at a sampling
frequency of 125Hz. The PPG signal was collected from NellcorTM SpO2 module integrated with MP70
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with M1191A 8-pin adult finger SpO2 re-usable probe. The pulse-rate range for the sensor was 30-300
beats per minute (BPM) with 1 BPM resolution. The transmission-mode infra-red LED integrated into
M1191A had an operating wavelength of 750 nm which was placed on the patient’s index finger to
collect the pulse plethysmography signal. The sensor was always applied by a Registered Nurse (RN)
or a doctor. The patients were restricted to either sitting or supine position. However, the exact
position of the patient at a given time of data collection be it in MIMIC or in this set of data is not
known.
The patient’s waveforms were collected into Philips Research Data Export (RDE) which
continuously acquired the data from multiple patients simultaneously. Along with the patient
waveforms, de-identified information such as date of birth, sex, start and finish timings of recordings
was collected.
Patients were excluded if they were:
-

Age < 18 years – this was done because the MIMIC data also did not have any patients
less than 18 years old.

-

Under mechanical cardiac support such as ECMO

Signal Storage and Extraction
Philips RDE Viewer (2011) stored the patients’ waveforms using a Restricted Focus Viewer
(.rfv) format, which was only accessible using Windows 7 or previous versions. Further, unlike MIMIC,
there were no summary information about the different sensors connected to the patient during their
time in the ICU. The information about the signals collected could only be obtained by scrolling
through the Philips RDE Viewer signal window. For instance, some patients (exact numbers have been
discussed in the subsequent text) had their ABP, and PPG recorded simultaneously, while some had
these recordings at different times of their admission, and some instead had other signals such as
different ECG leads (II, V, aVR), CO2, respiration, etc. (see Figure 7.1). Further, due to the legacy nature
of the software, it could only export a few minutes of data at a time writing to a Comma Separated
File (CSV) format. Any longer duration caused the system to crash. The software has been designed
for medical professionals to extract and investigate a small duration (from a few seconds to minutes)
where a certain event of interest occurs. However, for machine learning purposes, it was important
to collect a large databank of many hours-worth of signals.
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Scroll
button

Scroll duration set to 1
hour

Patient with signal

Scroll duration set to 1
hour

Scroll
button

Patient with no signal
Figure 7.1: Philips RDE with patients having ABP and PPG signals and not having any of the signals.
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Figure 7.2: Process flow diagram of automatically extracting the Patient’s waveform using
pyautogui, OpenCV and Tesseract from Philips RDE.

One method to solve this problem was to manually scroll through days of data to find the time
durations where the ABP and PPG signals were collected simultaneously. However, this approach was
a highly tedious and time-consuming solution. Further, due to the proprietary nature of the software,
interacting with the software's source code was restricted. Hence, a rudimentary solution was
developed using Python’s pyautogui library, OpenCV for vision and Tesseract optical recognition
system. Pyautogui library is used for interfacing with the Windows API to control peripherals including
the mouse pointer and keyboard. The process for automatically extracting the data follows:
-

In the Philips RDE software, patients were ordered by chronological increasing date of birth. In the
background, folders were created to store the signals for each patient.

-

Starting the Python Script, it opened the signals window for the selected first patient.

-

OpenCV library cropped the screenshot image to the location where Wave’s name (ABP, PPG, CO2
etc. shown as highlighted boxes in yellow in Figure 7.1) is present.

-

Pytesseract – a pre-trained text recognition model – was run on the cropped Wave’s name image
to check if ART and PLETH are present.
If the return was true, using pyautogui, controlling the mouse pointer, it clicked on the software’s
export button (Figure 7.1 green highlight) and saved it into a CSV file by navigating to the folder
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for the specific patient. However, if false, it moved to the next window by clicking on the scroll
button (Figure 7.1 blue highlight) and scrolling the frame by an hour (Figure 7.1 showing the scroll
duration set to 1 hour).
-

If the scroll reached the end of the data recording for the patient, pyautogui moved to the close
button (Figure 7.1 red highlight) and closed the window and moved to the next patient and
repeated the process.

The process flow diagram is shown in Figure 7.2.
In total, data were collected from 269 patients throughout the experiment. Of these, 19
patients had missing personal information such as age, sex or other information leading us to exclude
these data. Further from the remaining 250 patients, 47 were repeat patients with signals collected at
different locations (different beds) or at different times. The second data record for these patients
was excluded. From the remaining 203 patients, only 129 patients had ABP, and PPG recorded
simultaneously. Of these 129 patients (Figure 7.3), 75 were male and 54 females. The age distribution
was 61 ± 18 years, with about 40% of the population aged above 60 years.
The target was to collect approximately an hour of valid data from each patient to observe
any variability in the pressure. Since the data collection was automatic, for some patients, data
collection extended for more than 24 hours.

Data Processing and Signal Statistics
The signals from the patients were pre-processed according to section 4.4. For each patient,
the PPG and ABP signals were divided into chunks of 750 samples at a sampling rate of 125Hz (i.e., 6
seconds). The ABP and PPG chunks were cross-correlated to remove the out-of-phase lag. This
produced a resulting 500 (4 seconds) samples ABP signal and 581 samples PPG signal (based on the
discussion on the sequence length and feature-length from section 5.3.3.1). The SBP, DBP and Δ𝑃
were measured from each 4 seconds of ABP across all the patients giving the distribution shown in
Figure 7.5. The SBP has a mean distribution of 119.94 ± 19.64 mmHg compared to 123.85 ± 24.27
mmHg for MIMIC, while DBP here showed a distribution of 59.81 ± 9.89 mmHg compared to 57.18 ±
13.14 mmHg. A t-test was performed with a significance level of 0.05 to test if the means of the two
sets of data were equivalent. For both SBP and DBP a p-value < 0.001 were obtained showing that the
means of the two sets vary significantly as shown in Table 7.1.
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An example signal consisting of PPG and ABP of a patient is shown in Figure 7.4. The PPG data
ranged from 0 – 255. Scaling was carried out based on the minimum-maximum scaling in equation
(4.1).

MIMIC Database FMC Database
SBP Distribution [mmHg]
123.85 ± 24.27 119.94 ± 19.64
DBP Distribution [mmHg]
57.18 ± 13.14
59.81 ± 9.89
T – Test [α = 0.05]
<0.001
<0.001
𝐻𝑜 : 𝜇𝑀𝐼𝑀𝐶 − 𝜇𝐹𝑀𝐶 = 0
𝐻𝛼 : 𝜇𝑀𝐼𝑀𝐶 − 𝜇𝐹𝑀𝐶 ≠ 0
Table 7.1: T-Test comparing the distributions of the two dataset.
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Figure 7.3: Distribution of the patient statistics in the database.

Figure 7.4: 80 seconds duration of ABP and PPG signal from one of the patients.

Figure 7.5: Distribution of SBP, DBP and 𝚫𝑷 from the database
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7.2.2. Experiment: Part 2
Custom PPG Device
For this part of the experiment, a custom PPG device was designed by the author using Texas
Instruments Analog Front-End AFE4490 SpO2 sensor, controlled by an Esspressif Systems ESP32, 32bit micro-controller (Bluetooth: BLE 4.2, Wi-Fi: 802.11b/g/n 2.4 GHz) as shown in Figure 7.6a. A Bosch
BN055 9-axis inertial measurement unit (IMU) was included to track motion artefacts when the sensor
is connected to the patient. A Li-ion battery was used to power the system operating at 3.3V. The
system was designed into a small 40 mm diameter circular PCB.
The LED and the photodiode operating at the infra-red wavelength (750 nm) was placed on a
smaller daughterboard with a 1 cm stand-off from the mainboard. The entire PCB and battery were
placed into a 3D printed case with a clip system that can be attached around the patient's finger. The
system was programmed to collect the data at 125Hz, matching the sampling frequency of the MIMIC
database.
The circuit diagram, printed circuit board (PCB) layout and the final prototype is shown in
Appendix E.

Data Collection System
Raspberry Pi (RPi) Model 3B was used (shown in Figure 7.6a) with a touch-screen system as a
bedside unit powered using a 5V portable power bank. A graphical user interface was designed (shown
in Figure 7.6b) which allowed the user to add a new patient or select from the list of existing patients
(if required to re-collect data) and start and stop the acquisition process. The timestamp, PPG signal
and X-Y-Z acceleration signals from the IMU collected from each patient were stored in a CSV format.
The signal from the PPG device was sent into the RPi using Bluetooth Low Energy (BLE 4.2).

Data Collection Process
Location and Sample Size
Data were collected from patients in the Intensive Care Unit (ICU) of Flinders Medical Centre, South
Australia, Australia, between 24 June to 1 October 2021, based on an ethics approval from SAHLN
(ethics reference number: 2021/HRE00000, site specific application number: 2021/SSA00189). An
additional Waiver of Consent was deemed appropriate and was requested to avoid the need to seek
consent from the patients or their kin in stressful situations.
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(a) AFE4490-ESP32 based PPG PCB Board and Raspberry-pi Unit for Data Collection Process

(b) Raspberry-Pi based data acquisition unit GUI Interface
Figure 7.6: Data acquisition system setup with Raspberry Pi and Customised PPG Module

Patient exclusion criteria included:
-

Under mechanical cardiac support such as ECMO – same as first experiment

-

Age < 18 years – same as first experiment

-

Injuries to the location (fingers and wrist) where the sensors were expected to be attached.

-

Having a contact, infection, or droplet precaution to avoid spread of infection especially
coronavirus (COVID-19).

The sample size was calculated using the Confidence Interval for One Mean [224],
𝐷=

𝑧𝜎
√𝑁

where,
= margin of error
𝐷
z
= z-score
= largest standard deviation of pressure in population
𝝈
N
= sample size
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Males
Females

SBP [𝜇 ± 𝜎]
mmHg
126 ± 17
119 ± 19

DBP [𝜇 ± 𝜎]
mmHg
77 ± 9
76 ± 8.5

Table 7.2: ABS statistics for the distribution of SBP and DBP in Australian Population8.

AAMI states that for a highly accurate blood pressure device, the margin of error must be 4
mmHg [14]. Further, according to the Australian Bureau of Statistics (ABS), the distribution of SBP and
DBP for males and females is shown in Table 7.2. These distributions were produced by measuring the
blood pressure across thousands of patients from different hospitals and health-care practitioners
either during the visit made for general check-ups or when the patient was admitted. These statistics
may further include patients recorded for their pressure in various positions such as supine or sitting.
These statistics are used as a reference in developing a sample size for the current study. The standard
deviation is the highest at ±19 mmHg for SBP in females. Using these ‘worst-case’ values with a zscore of 1.96 in equation (7.1), the sample size was calculated as 77 patients.
The PPG device was connected to each patient for 30 minutes. The data were collected from
the index finger, with the patient in the supine position. Simultaneously the invasive blood pressure
readings were recorded from Philips Intellivue MP70 with the catheter connected to the patient’s
radial artery.
One problem was encountered during data collection: it was not possible to interface the PPG
device with the Philips monitor. Hence, while PPG signals were collected into the Raspberry Pi, SBP,
DBP and MBP data were collected manually every 10 seconds from the Philips system, giving 180
discrete pressure readings in 30 minutes (Figure 7.8).

Data Processing and Statistics
The raw PPG signals had a large DC offset varying per patient. These offsets are caused by the
non-pulsatile tissues such as skin and muscle absorbing a significant amount of light. This, however,
was not present in the Philips system in MIMIC or the first part of the ICU study; these signals are
normalised before being stored in the system.
Using the data cleaning process from section 4.4, clean segments of the PPG were obtained
without any motion artefact or noise. The DC offset was detected using a Butterworth low-pass filter
(order = 5, cut-off = 0.3 Hz), and the AC component was isolated using a Butterworth high-pass filter

8

Australian Bureau of Statistics – High Blood Pressure, Web Report, 2019
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(order = 5, cut-off = 0.5 Hz). Following [225], the signal was normalised using equation (7.2), with an
example shown in Figure 7.7.
𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑃𝑃𝐺 =

𝐴𝐶
𝐷𝐶

(7.2)

From 77 patients, there were a total of 54 male and 23 females having an age distribution of
60 ± 16 years as shown in Figure 7.9. The SBP, DBP and MAP pressure data distributions across all
patients are shown in Figure 7.10.
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Figure 7.7: Raw PPG with a large DC off-set
normalised by dividing the AC response by DC response.

Figure 7.8: SBP, DBP and MBP data
from the patient obtained manually every 10seconds for 30 minutes.

Figure 7.9: Demographic distribution of the patient data.

Figure 7.10: SBP, DBP and MAP distribution.
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7.3.

Results

7.3.1. Results – Experiment 1
Pulse Pressure Reconstruction Results
The PPG segments (4 seconds, 5 samples) were passed through MODWT, and the detailed
coefficients were obtained for levels 𝜓4 to 𝜓7 . Using equation (5.3), they were transformed into 2D
feature matrices and passed through respective LSTM networks obtaining the resulting ABP MODWT
coefficients. Using previous methods, the Pearson coefficient, MAE and RMSE were calculated as
shown in Table 7.3. Reconstructing the Δ𝑃 (instances shown in Figure 7.11) an overall Pearson 𝑟 of
0.855, RMSE of 7.45 mmHg and MAE of 5.846 mmHg were obtained between the estimated and actual
pulse pressure. These results were slightly worse than those obtained from the MIMIC database,
where results were 0.877 Pearson 𝑟, 5.03 mmHg RMSE and 3.92 mmHg MAE.
Further, the error between the average peak-to-peak Δ𝑃 of actual and estimated over 4
seconds of the signal for the 129 patients (89,000 instances) was −2.30 ± 5.41 mmHg (Figure 7.12a).
The ground truth versus predicted Δ𝑃 in Figure 7.12b shows that 80% of the estimations are within
±8 mmHg. Furthermore, this result was within the AAMI recommended limit of 5 ± 8 mmHg.

SBP and DBP Estimation – AAMI and BHS Standards
The estimated MODWT coefficients 𝜓4 to 𝜓7 were restructured into a feature matrix as shown
in equation (6.2) and used to obtain the Δ𝑃 features discussed in 6.2.2. Along with the PPG features,
these were passed through the Conv-LSTM MLP structure, obtaining the SBP and DBP vectors per
instance for all patients. This gave a DBP error of −0.17 ± 7.67 mmHg and an SBP error of 1.98 ±
7.47 mmHg (Figure 7.13a-b), well within the AAMI standards. It is observed that there is a slight
increase in the error standard deviation over the MIMIC test dataset where a standard deviation
±6.46 mmHg for DBP and ±6.15 mmHg for SBP were obtained (section 6.3.5). The 2D histogram plots
shown in Figure 7.13c for DBP show a higher spread of data with increased standard deviation
compared to the MIMIC test dataset, shown in
Figure 6.10c.
In examining the performance over different ranges of pressure, the Bland-Altman plots of
DBP in Figure 7.14a and SBP in Figure 7.14b show that the error (𝐺𝑟𝑜𝑢𝑛𝑑 𝑇𝑟𝑢𝑡ℎ − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑) is
relatively uniform across pressure ranges, rather than estimating with some bias with increasing or
decreasing pressure (for instance, overestimating in very low pressure and underestimating in very

205

Thesis
high pressure). Again, the diagonal lines appearing in the Bland-Altman is a consequence of the
estimated output and the ground truth being integers giving integer errors.
In comparison to the BHS standards, 51.26% of SBP estimates and 51.12% of DBP estimates
had an absolute error of ≤ 5 mmHg putting them in the Grade B category. Similarly, 83.86% of SBP
estimates and 80.87% of DBP estimates had an absolute error of ≤ 10 mmHg again putting them in
Grade B. However, performance remains in Grade A ≤ 15 mmHg absolute error for both SBP and DBP
as shown in Table 1.1. Here it is observed that the performance dropped compared to MIMIC where
results gave Grade A for SBP in all the pressure ranges.

Pressure over time for Individual Subjects
SBP and DBP were calculated for 1200 seconds (20 minutes) for 5 randomly chosen patients
from the dataset to check if the estimations remained within the required ranges over longer time
periods. The SBP and DBP errors and the signal comparison metrics between the actual and the
predicted pulse pressures for the five patients are shown in Figure 7.15. A high Pearson correlation of
greater than 0.85 was observed for all patients, with a low MAE of less than 7.522 (observed for
patient 3, ). The DBP error is within the required ranges for all five patients with a low mean and
standard deviation within the AAMI standards. However, it is observed that the mean SBP for patient
1 exceeds the AAMI standard with the mean error becoming 5.856 mmHg (). There are some
fluctuations in the estimated SBP which are likely to have resulted from noise in the PPG signal, which
would have been ignored during the pre-processing time emphasising the network's susceptibility to
the noise.
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Waveform
𝜓4
𝜓5
𝜓6
𝜓7
Δ𝑃

Pearson
0.787
0.871
0.824
0.782
0.855

MAE
2.542
3.668
4.429
1.811
5.846

RMSE
3.506
4.559
5.224
2.238
7.449

Table 7.3: Statistics for the estimation between the actual and the predicted waveform.

Figure 7.11: Reconstructed pulse pressure signal for different patients.

(a) Error distribution of the actual versus the
estimated peak to peak pulse pressure

(b) Ground truth versus Predicted peak to peak
pulse pressure for 89,000 instances (4
seconds segments each instance).
Figure 7.12: Pulse pressure error distribution
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(e) DBP Error Histogram

(f) SBP Error Histogram

(g) Linear-linear plot DBP

(h) Linear-linear plot SBP

Figure 7.13: Performance of the Conv-LSTM and DNN model for estimating SBP and DBP on test dataset.
Level
A
B
C
D
SBP
DBP

Absolute Difference between devices (%)
≤5
≤ 10
≤ 15
60
85
95
50
75
90
40
65
85
<C
51.26
83.86
95.87
51.12
80.87
95.08
Table 7.4: BHS performance matrix
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± 2 SD

(a) Bland-Altman DBP

± 2 SD

(b) Bland-Altman SBP
Figure 7.14: Bland Altman Plots for DBP and SBP
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Patient Age Sex

1
2
3
4
5

58
26
84
34
38

P

SBP

DBP

Pearson
RMSE MAE
Correlation
𝚫𝑷𝒆𝒔𝒕 𝒗𝒔 𝚫𝑷𝒈𝒕
F
-2.24 ± 3.53 5.86 ± 3.44 2.59 ± 4.38
0.936
3.38 4.38
M
-1.94 ± 3.12 1.24 ± 2.00 0.56 ± 2.85
0.953
4.13 3.12
F
-3.50 ± 5.79 1.80 ± 3.07 0.32 ± 1.48
0.858
9.47 7.52
F
2.27 ± 3.45 1.99 ± 2.32 1.04 ± 2.05
0.895
6.07 4.82
F
2.23 ± 2.59 7.06 ± 4.94 4.80 ± 4.44
0.885
5.39 4.15
Table 7.5: Results for over an hour for a few of the selected patients.

(a) Patient 1

(b) Patient 2

(c) Patient 3
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(d) Patient 4

(e) Patient 5

Figure 7.15: Actual and estimated continuous pressure signal for different patients.

7.3.2. Results – Experiment 2
SBP and DBP Estimation – AAMI and BHS Standards
Due to the manual collection process used for blood pressure data in this experiment where
data were collected every 10 seconds, there were no means to measure beat-to-beat blood pressure
as had been in the previous case. Six pairs (one pair of reading every 10 seconds) of SBP and DBP data
points were collected from the invasive monitoring system every minute, while the custom device
estimated the continuous pressure measurement readings over the duration of the recording.
Figure 7.16c and Figure 7.16d show the ground truth versus estimated DBP and SBP,
respectively. Different colour coding has been used for different subjects. It is observed that greater
than 85% of readings are within ±8 mmHg. This is further evident from the Bland-Altman plots Figure
7.17a-b with greater than 85% of points within ±8 mmHg. The error again is distributed across all the
pressure ranges for both DBP and SBP without showing a bias in performance – i.e., no better
performance in one pressure range compared to another.
DBP showed an error of −1.42 ± 5.86 mmHg (Figure 7.16a), while SBP had a higher standard
deviation in the error of −0.5 ± 7.39 mmHg (Figure 7.16b). Contrary to other studies (MIMIC and
experiment 1), the model showed to perform better in predicting DBP than SBP in terms of the
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standard deviation (±5.86 mmHg compared to ±6.46 mmHg in MIMIC test dataset and ±7.67 mmHg
in experiment 1). The mean error however is at -1.42 mmHg giving an overall over-estimation of the
estimated DBP compared to 0.00 for MIMIC test dataset and -0.17 mmHg for experiment 1. On the
other hand, for SBP, the mean error is low at -0.50 mmHg while the standard deviation at ±7.39
mmHg like experiment 1. These readings are however within the AAMI standards, and as such, any
differences were deemed inconsequential.
Evaluating the BHS results in Table 7.6, DBP was measured to have an accuracy lying in grade
A exceeding the performance threshold with 66.51%, 92.43% and 98.49% accuracy for 5, 10 and 15
mmHg, respectively. However, SBP shows a grade A for absolute error ≤ 15 mmHg at 95.18% while
grade B for absolute error ≤ 5 mmHg and ≤ 10 mmHg at 56.34% and 83.28% respectively.
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(a) DBP Error Histogram

(b) SBP Error Histogram

(c) Linear-linear plot DBP

(d) Linear-linear plot SBP

Figure 7.16: Performance of the Conv-LSTM and DNN model for estimating SBP and DBP on test dataset.
Level
A
B
C
D
SBP
DBP

Absolute Difference between devices (%)
≤5
≤ 10
≤ 15
60
85
95
50
75
90
40
65
85
<C
56.34
83.28
95.18
66.51
92.43
98.49
Table 7.6: BHS performance matrix
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± 2 SD

(a) Bland-Altman DBP

± 2 SD

(b) Bland-Altman SBP
Figure 7.17: Bland Altman Plots for DBP and SBP
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7.4.

Discussion
Overall, the DBP and SBP were estimated within the AAMI standards in both experiments. The

BHS performance was similar for DBP for experiment 1 to that using the MIMIC database with results
in class B-B-A (≤ 5mmHg, ≤ 10 mmHg, ≤ 15 mmHg errors). However, there was a better performance
for DBP of class A-A-A for experiment 2. One reason is that in experiment 1, DBP was compared beatto-beat where subtle changes due to artefact or even physiological condition might be evident in the
calculated error. However, in experiment 2, the comparison was made over 30 seconds on average
between the ground truth and the estimate since the ground truth was only sampled every 10
seconds.
It is observed that there is a slight increase in the SBP error standard deviation from ±6.15
mmHg to ±7 mmHg between experiments 1 and 2 which is within the ±8 mmHg AAMI range hence
is inconsequential. The BHS readings for SBP for experiment 1 was at B-A-A, and experiment 2 was at
B-B-A. One possible critical speculation is that SBP is firmly associated with wavelet bands of the Δ𝑃
estimated from wavelet bands of PPG. As the SBP increases, the energy concentration of the Δ𝑃
wavelets also increase (Figure 4.18a). Using a different PPG device might affect the PPG signal, further
affecting the Δ𝑃 wavelets giving a slight increase in the SBP error. MIMIC data included signals
collected from Philips CareVue Clinical Information System Models M2331A and M1215A [204]. Two
different PPG signals were present with one set of data ranging from 0 – 1V and the other between 0
– 4V. In experiment 1 from Flinders Medical Centre, Philips IntelliVue Model MP70 was used with PPG
signals having a range of 0 – 255, and experiment 2 involved a custom Texas Instruments AFE4490
sensor with raw PPG data having 10 – 20 mV oscillation and DC offset between 0.8 – 1V varying across
subjects. Even though all the PPG devices used a 750 nm wavelength infra-red LED and normalisation
was carried out based on the minimum-maximum scaling shown in equation (4.1) for experiment 1
and AC-DC normalisation based on equation (7.2) [225] and following with minimum-maximum
scaling, it is uncertain how different amplitudes may affect the PPG readings. If the model is
susceptible to different amplitude outputs from the microcontrollers is something which must also be
investigated in future by evaluating PPG signal acquired simultaneously from different devices having
the same LED and photodiode.
However, all the studies [115], [119]–[122], [124], [128], [129], [146] using MIMIC PPG-ABP
database with machine learning have never considered or mentioned the transformation which might
have been used in removing the DC offset and normalising the signal. Further, this raises another
concern about the scalability of all these models to the real-world.
Further while collecting the data manually for experiment 2, a few issues were observed:
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Figure 7.18: Irregular heart rate leading to inaccuracy in the extracted features – irregular PPG time
features and irregularity in wavelets giving very inaccurate estimation.

1. Motion artefact: The data cleaning process deleted signals from the test dataset if they did
not have appropriate sinusoidal components matching the heart rate and appropriate zero
crossings. Among 77 patients, four subjects had less than 5 minutes (out of 30 minutes) of
usable signal. Similarly, from 38 hours (30 minutes for each patient), a total of 8 hours of data
were excluded due to motion artefact. While significant testings were conducted while
developing the data cleaning algorithm, the outliers, or readings significantly outside the ±8
mmHg as seen in Bland Altmann plots of Figure 7.17a and Figure 7.17b may have resulted
from noisy components not detected while pre-processing. As had been suggested by
Slapničar [128], time-series models are highly susceptible to anomalies in PPG signal, and if
these anomalies not filtered properly, may lead to highly inaccurate estimation.
2. Cases of no signal: Patients with cold hands or pale hands (low blood perfusion) did not show
any usable PPG signals. This observation raises the question under such circumstances, of how
the pressure can be measured. One solution could be to change the sensor location, however
Vera [226] has shown that different locations lead to differently shaped signals which the
neural network may not have previously seen.
3. Other Artefacts: It was observed that three patients had irregular heart rates leading to
irregularity in the PPG signal (). The resulting time-based features from PPG or the wavelets
further led to irregularity. In such cases, the algorithm does not give an accurate estimation.
Such irregularity termed as ectopic beats have been mentioned by Buxi [108] in PAT studies
where the transit time calculation becomes highly inaccurate leading to inaccuracy in blood
pressure estimation. No such studies have been found in machine learning where ectopic
beats and its effect on the blood pressure prediction have been considered. These artefacts
and their effects must be evaluated in future investigations. Evaluating arrythmia patients is
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also outside the scope of the current thesis. Identifying the arrythmia signals, evaluating and
developing a model to function on such specific patient has been left for the future work.

7.5.

Conclusion
The objective of the ICU experiments was to test if the models performed well beyond the

MIMIC database, using data collected from a different place and using different devices. This was to
answer if the scalability of such models is possible, which has largely been ignored in the literature as
data collection can be cumbersome and expensive. Both experiments produced errors for both SBP
and DBP within AAMI standards of 5 ± 8 mmHg, from 129 subjects (129 hours) in experiment 1 and
77 subjects (30 hours) of data in experiment 2. In the final chapter, the results from these two
experiments will be compared to those in the literature, the limitations of work done to date, and
what can be done to improve further the performance for such a device is discussed.
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Discussion and Conclusion
8.1.

Discussion

8.1.1. Problems addressed by the Thesis
This thesis aimed to create a machine learning model using PPG signal only, which can
estimate blood pressure accurately and in which:
1. The training and test data set are divided patient-wise, not sample-wise.
2. The training is conducted on a large sample, so the model is not compromised by overfitting.
3. Whole-based features are preferred in which the deep learning models can extract the features
from the signal.
4. A universal model is created rather than on a person-to-person basis.
5. The model's scalability is taken into consideration by testing on different datasets.
These points are discussed below in terms of the steps that the thesis has taken, and the
contributions made in addressing the gaps and problems in the literature.

8.1.2. Sample Size, Data Distribution and Data Splitting
In the current study, a sample size of 11,442 patients was used who were recorded for ABP
and PPG simultaneously from the MIMIC database. De-identified information for age, sex, and
diagnosis were available in 2,828. Data for these 2,828 were used for the testing dataset, with the
remaining 8,614 used for training. Compared to the literature (Figure 8.1), this was the only study to
be using such a large number of patients, including the train-test data. The emphasis is made on the
sample size because machine learning, especially deep learning algorithms, is data-hungry. If they are
not given a large amount of data, they tend to overfit and give a false sense of accuracy.
Further, different patients will have many variations in their signal – physiological condition,
prognosis, age, sex, disease, and many other factors. A small sample size may not capture these
variations well, and a similar problem will occur as observed in the PAT-based studies where one
equation tends to be valid for one group of subjects while it fails for another group. Studies using
neural networks such as Lee [133], Wang [136], Tu [144], Xu [119] (see Table 2.2) and time-series
networks such as Tanveer [123] and Eom [116] (see Table 2.3) reported their results to have very low
error compared to the reference but had sample sizes between 10-30 subjects only. The performance
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SAMPLE SIZE [NO OF PATIENTS]

Sample Size Comparison
14,000
12,000
10,000
8,000
6,000
4,000
2,000
0

11,442
9000
5000
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3000
942

510

90

84

240

Figure 8.1: Comparing the different sample sizes from the studies using a large dataset in machine
learning and where the current research stands.

of their models becomes highly questionable in terms of generalisability. While comparing the number
of unique patients used in this study to the studies in the literature with a large sample size, only five
([114], [115], [120]–[122]) studies used patient sample size greater than 1000, and two ([128], [129])
used sample size between 500-1000. It is well observed that accuracy drops (error becomes large)
with increased sample size (Table 2.2 and Table 2.3). Out of the seven studies with large samples, four
([114], [120], [128], [129]) had either SBP or DBP or both outside the AAMI specified range, and Hsu
[122] did not provide test results for their model.
Data distribution has also been a concern. Usually, machine learning algorithms prefer the
data to be normally distributed. Any skewness in the data tend to have an adverse effect on
optimisation process where the global minimum cannot be found during backpropagation. An effort
was made to process through the MIMIC database and obtain sufficient data for SBP and DBP to be
distributed as normally as possible (section 4.5.1). However, this is not the case in literature. Kachuee’s
[114] study on cuff-less blood pressure estimation has been highly cited (313 citations on Google
Scholar as of April 2022). However, their data were highly skewed, having filtered out subjects whose
DBP was less than 50 mmHg. This led to very high errors using machine learning algorithms such as
using SVR: SBPe = 12.65 ± 10.33 mmHg, ensemble: SBPe = 11.87 ± 10.3 mmHg, linear: SBPe = 14.71 ±
10.79 mmHg. Their dataset was published in the University of California Irvine Machine Learning
Repository, which was subsequently used by other studies [122], [227], [228]. With such skewed data,
the model would tend to bias itself towards the direction of the skew. This means that if a large
amount of data lies between 50 – 60 mmHg (as in the case of Kachuee’s DBP distribution), the
prediction will tend to be biased and always estimate the values only in this pressure range.
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Another concern in the literature is data-splitting. Gaurav [115] and Kurylyak [121] have
mentioned that the features they used were derived from each cardiac cycle (ECG and PPG), with
many cardiac cycles available from a single patient. If the data splitting were done sample-wise rather
than patient-wise, the model would give a false sense of accuracy on the test dataset as it would most
likely have been trained and tested on data from the same patients. In this thesis, a similar MLP model
was developed in section 6.3.8 using PPG features with data splitting patient-wise. Using this patientwise approach, the best performance obtained had an error of ±9.568 mmHg and ±7.984 mmHg for
SBP and DBP, respectively, while using a sample-wise splitting approach, Gaurav obtained an SBP error
of 0.03 ± 4.72 mmHg and DBP error of 0.16 ± 6.85 mmHg and Kurylyak had SBP error of 3.8 ± 3.46
mmHg and DBP error of 2.21 ± 2.09 mmHg.

8.1.3. Feature Engineering
Heuristic Features
Feature engineering is one of the essential parts in machine learning. As discussed in section 2.3.1.2,
PAT was considered the most important feature in equation-based approaches, with about 30 studies
(Table A.2) solely using this to estimate the pressure. However, over a large dataset, a single feature
with a simple linear or logarithmic equation could not define the dynamics of different human bodies.
From many heuristic features proposed in section 2.3.2.2, 28 features were initially selected
comprising time, amplitude, and area-based components. However, unlike many studies [115], [119]–
[121], [142], [146], [169] who selected the features without any proper analysis or reasoning, in this
thesis, an effort was made to observe the behaviour of the features with the changing pressure values.
At first, just with a Pearson correlation (Figure 4.11), it was observed that most of the features have a
very low correlation with SBP and DBP, with a correlation coefficient between −0.2 < 𝑟 < 0.2. These
low relationships are mostly because different patients will behave differently toward the same
feature. Some patients might show a positive relationship, while some might have a negative
relationship. This might be one of the reasons why a plethora of the studies opted to heuristically
select features and not report their selection process.
Some of the features initially selected were following the recommendations made by a few
studies [113], [114], [122], [143] (excluding PAT-based features), which carried out further feature
analysis. Tan [111] used a genetic algorithm to find the best population of features that affect blood
pressure, while Jain [113] had used a greedy search to find the best combination of features. Hsu [122]
used a complex selection technique; however, based on their skewness of data using Kachuee’s
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database and not reporting any test data performance, their technique was considered not entirely
justified. Jain’s and Tan’s elegant approaches could have been considered and implemented.
However, with a considerably large architecture and with other hyperparameters to optimise, such
techniques would have been highly tedious.
An averaged feature behaviour over different pressure ranges was studied to keep the
selection process easier to interpret. For this, the pressure values from all the patients were grouped
into increments of 2 mmHg SBP and DBP, and the average values of the features in each pressure
group were calculated, which further gave (Figure 4.13),
1. In the case of DBP, 4 features increased (𝑟 > 0.5), and 13 features decreased (𝑟 < −0.5).
2. In the case of SBP, 13 features increased (𝑟 > 0.5), and 9 features decreased (𝑟 < −0.5).
Whole-Signal Features
The literature did not have much information on whole-signal features, except for a few timeseries studies [116], [128], [129]. However, even these studies had heuristically used the entire signal
without considering their effect. Except for Eom [116], who had a small dataset size again, Slapničar
[128] and Ibtehaz [129] could not achieve accurate SBP results. However, their implementation of
such time-series network with acceptable DBP performance showed that there is a possibility that
hidden features within the signal that the network trained adequately might be able to derive the
differences. There was a scope for improvement in the SBP which was addressed in this thesis.
Nevertheless, like the analysis of the heuristic features, a decision was made to analyse the
whole PPG signals of some duration and relate them with the ABP signal to find similarities. The signal
had a high correlation once aligned – which means the occurrences of specific events such as dicrotic
notch in both the signals match with 𝑟 = 0.82 for the entire MIMIC database. A similar result was
obtained by Martinez [147], with a correlation of > 0.9 using a small subset of the MIMIC database.
Going a step further, it was found that this correlation decreased with increasing age from 𝑟 = 0.82
for people between 20-29 years to 𝑟 = 0.75 for people greater than 80 years. Anomalies shown in
pressure signals directly in contact with flowing blood may not be well visible in PPG. The chances of
occurrence of any anomalies will increase with progressing age – a possible explanation for the
reduced correlation. While the age information could have played a critical role, if all the waveforms
had their patient information, some other technique had to be employed to find where such low
correlation occurs.
Initially, it was believed that there might be certain frequency bandwidths where differences
in the PPG and ABP signal might occur. To test this belief, MODWT was used to decompose the ABP
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and PPG signals and obtain the detailed coefficients (𝜓) between 0.5 − 1 Hz, 1 − 2 Hz, 2 − 4 Hz and
4 − 8 Hz. These specific frequency bandwidths were selected because they contained 99% of the
signal energy based on Parseval’s theorem [177]. MODWT provided a time-domain sequence in
different frequency bands. MODWT was selected over band-pass filtering the signals in these specific
bandwidths because wavelet transforms are completely reversible, and the original signal can be
reconstructed. Again time-frequency features like whole-signal features have been limited to only a
few studies. Schlesinger [156] used spectrogram images of PPG signal with a convolutional neural
network to estimate absolute SBP and DBP values with 0.49 ± 11.27 mmHg for SBP. Their study,
however, did not evaluate the changes in pressure on the spectrogram images but rather assumed
that the neural network may find patterns and relationships by itself. Gao [141] used PPG DWT
coefficients as features, but they did not mention the number of decompositions the PPG underwent
or which coefficients – detailed coefficients in a particular bandwidth or approximation coefficients –
they used. This is considered as a gap. Spectrograms and wavelets both provide some time-frequency
information about the signal. However, there was no investigation on how this information are
affected with changing pressure or certain patterns are prominent in high or low pressure or different
bandwidths of wavelet coefficients behave differently with change in pressure.
To address this gap, a few analyses were conducted to compare the decomposed bandwidths
𝜓 detailed coefficients of the ABP and PPG signal. The cross-correlation of the coefficients in their
respective bandwidths were 0.91, 0.94, 0.85 and 0.76 for 0.5 − 1 Hz, 1 − 2 Hz, 2 − 4 Hz and 4 − 8 Hz,
respectively. The correlation dropped in higher frequencies. However, obtaining the approximation
coefficients (𝜙) of the two signals, which contain the DC – 0.5 Hz frequency bands, showed a
correlation of 0.176. The mean PPG did not have a linear correlation with the MAP.
As mentioned previously, neither Schlesinger nor Gao, having used time-frequency
techniques, evaluated the effect of changing pressure. Like the analysis performed for heuristic
features, as the SBP increases, there is a uniform increase in the energy of the wavelet coefficients of
pulse pressure in each frequency band, as observed in Figure 4.18a subplot 1. While for DBP, there
exists a pattern where a significant amount of energy is concentrated mainly in 60-80 mmHg for 𝜓4 to
𝜓6 levels while 𝜓7 shows a decrease in energy from 40 to 80 mmHg and then increases to 105 mmHg
(see Figure 4.18b subplot 1). The high correlation between the MODWT detailed coefficients of PPGABP and patterns in changing pressure reflected in the energy distribution of the wavelets formed the
basis of developing the neural network architecture.
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8.1.4. Machine Learning Architecture and Novelty in Design
The universality of the Model
The primary objective of this thesis, building up from the further data analysis, was to develop
a universal machine learning model. The model universality is emphasised here because in a few of
the time-series studies [123], [124], [165], a per-subject trained model was preferred. These models
were in fact very accurate such as Tanveer: SBPe = ±1.56 mmHg, DBPe = ±0.8448 mmHg, Senturk: SBPe
= ±3.72 mmHg, DBPe = ±1.48 mmHg and Su: SBPe = ±3.73 mmHg, DBPe = ±2.43 mmHg. The level of
accuracy is expected to be this high as the periodic ECG, PPG, and ABP do not change considerably in
a short duration such as Su reported having used 10 minutes per subject out of 84 subjects. A simpler
linear Distributed Lagged Model discussed and developed in section 4.7.3 subject-wise gave similar
levels of accuracy. While these models performed very well, they cannot be easily implemented in the
real world. Such models would have to be trained on each patient, preferably connected to the
invasive catheter, limiting their use in ICU.
Like the current study, only three studies were found to have a goal of using a time-series
network to develop a universal model. Eom [116] used an extensive model like the one proposed in
this research and stacked ECG, PPG, and BCG signals into a 2D matrix similar to the stackings
performed in the 𝜓 vectors in Conv-LSTM. Using CNN+GRU architecture, they showed that complex
network structures could give better performance than simple MLP networks where they had
performed a similar comparison to that conducted in section 6.3.8. They had good accuracy at SBPe =
4.06 ± 4.04 mmHg, DBPe = 3.33 ± 3.42 mmHg. However, the limitations posed by that study are
something that was addressed here. First, they had only 15 subjects in their train-test dataset
compared to the thousands of patients used here. Second, they realised the complexity of adding
multiple sensors. Their performance evaluation further showed that using just PPG sensor gives SBP e
= 5.34 ± 4.60 mmHg, DBPe = 4.45 ± 4.09 mmHg and ECG-PPG combination gives SBPe = 4.46 ± 4.06
mmHg, DBPe = 3.70 ± 3.37 mmHg. There was only a slight performance improvement with BCG added
to the ECG-PPG configuration, while the PPG sensor alone performed the best compared to just using
a single ECG or single BCG sensor. Using a single PPG sensor in the current architecture, an SBP e =
±6.15 mmHg and DBPe = ±6.46 mmHg was obtained which was better in such extensive dataset.
Ibtehaz [129] and Slapničar [128] used a sample size of more than 500 unique subjects.
However, both also showed that SBP could not be estimated accurately, with Ibtehaz reporting SBPe
= -1.58 ± 10.69 mmHg and Slapničar reporting SBPe = ±9.43 mmHg. They both used transfer learning
in their respective models rather than creating a model from scratch. In this kind of model training,
there is no large degree of freedom to learn the weights of the superficial layers, which are pre-trained
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Figure 8.2: Comparing the SBP and DBP error of various studies. Gaurav and Kurylyak, even though they used
large datasets, inherently had differences and problems. Their error values have been marked in orange.

and frozen. Transfer learning is indeed efficient but is mostly limited to image recognition systems.
There are not many pre-trained time-series networks associated with medical problems. This is
because some of the problems do not have enough data, some do not have enough variability in the
data to capture different scenarios and apart from domain specific knowledge, developing such
models require extensive knowledge in machine learning. This can be considered as one of the reasons
where simpler MLP are more preferred throughout the literature. Ibtehaz had used a completely
different network called U-Net used in image semantic segmentation and it is questionable how these
networks could adapt to signal-based blood pressure problem. A comparison is shown in Figure 8.2
using large dataset as well as keeping the universality of the model in consideration. Based on the
number of samples used, the proposed model outperformed most of the studies. Gaurav and Kurylyak
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have been the only ones to report better performance. However, the problems associated with their
studies have been mentioned several times throughout the discussion.

Novelty in Network Architecture
This thesis proposed a stacked model. The first part used the idea of signal-to-signal
translation from 𝜓𝑗𝑃𝑃𝐺 to 𝜓𝑗𝐴𝐵𝑃 using four Bi-LSTM. The estimated 𝜓 𝐴𝐵𝑃 vectors in each frequency
bandwidth were concatenated and reconstructed to give pulse pressure. The design of the network
followed the high correlation between the respective wavelet bands between the PPG and ABP. On
the test dataset of 2,828 patients, an RMSE of 5.025 mmHg was obtained between ground truth Δ𝑃
and predicted Δ𝑃. Evaluating the absolute peak to peak height, an error of −2.02 ± 7.84 mmHg was
found. This was a continuous ABP reconstruction process. In literature, the word continuous has been
misused quite often, where the focus was to estimate SBP and DBP within a short duration rather than
a longer duration signal.
There are, in fact, benefits of continuous pressure measurement as it is a key marker in the
diagnosis. It explains the performance of the cardiovascular system, with parameters such as arterial
stiffness able to be inferred (Figure 2.14). It also provides information on the haemodynamic instability
and indication of non-pulsatile flow. From the perspective of fluid dynamics, it helps analyse blood
velocity, acceleration, and flow turbulence associated with factors such as arteriosclerosis and
cholesterol levels [43].
The bi-LSTM model has been used by a few studies already. The novelty in the architecture is
truly defined by using the Conv-LSTM model, which has not been used previously. The idea for ConvLSTM arose from the patterns observed in changing SBP and DBP affecting the detailed coefficients at
specific bandwidths. Since the Conv-LSTM structure had only been limited to forecasting the motion
of objects in images, testing such an architecture for blood pressure estimation was an experiment.
The experiment involved tuning many hyperparameters and running the algorithm with different
input lengths. The experiment's success is reflected in the test dataset results which gave an SBP error
of ±6.15 mmHg and DBP error of ±6.46 mmHg, meeting the AAMI standards. The BHS evaluation
showed SBP to have a grade A estimate while DBP was at grade B-A-A. Further, by studying the
performance over longer durations on many hours of data for the same patients, it was found that the
model continued in most instances to estimate within the required AAMI range. This dynamic analysis
was again missing in the literature when universal models were proposed.
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Figure 8.3: Performance comparison between the different features used in estimating SBP and DBP. This
justifies using the DNN + Conv-LSTM network, which showed the lowest error standard deviation and higher
r2 when comparing the ground truth versus estimated SBP and DBP.

The true justification for using a complex functional architecture comes from evaluating
different models, as tabulated in Table 6.13. Compared to the baseline model (Conv-LSTM and MLP
network), PPG only (having been used often in literature) showed an error of ±9.57 mmHg and ±7.98
mmHg for SBP and DBP, Δ𝑃 only model showed an error of ±11.88 mmHg and ±11.53 mmHg for SBP
and DBP and Conv-LSTM only model showed an error of ±7.99 mmHg and ±12.15 mmHg for SBP and
DBP respectively. The proposed extensive architecture outperformed others with the histogram
shown in Figure 8.3 describing the entire picture.
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Scalability of the Model
Scalability is often ignored in published studies, and this is because the process of collecting
data for machine learning is expensive. Studies using MIMIC have assumed that if the performance is
good in this dataset, it might perform well on other data. However, factors such as different data
acquisition systems, patient cohort, region and demographics, may strongly influence the results. To
address this concern, a two-part scalability test was developed. The first part was designed using
continuous ABP and PPG signals from a Philips-based system from 129 patients. Running the
estimation of blood pressure on 129 hours’ worth of signal gave an RMSE of 7.449 mmHg on Δ𝑃
waveform, −0.17 ± 7.67 mmHg for DBP and 1.98 ± 7.47 mmHg for SBP. The BHS statistics, however,
was at grade B-B-A for both SBP and DBP. While these results were tightly within the AAMI guidelines
and acceptable, the differences do reflect that MIMIC data analysis cannot be taken as the ultimate
and only data source on which to develop and commercialise models.
The second part of the scalability experiment focused on data obtained from a wearable
device. The objective was to collect PPG data from a non-Philips device and to observe the variations
in the results. The portable PPG system was connected to 77 patients with SBP and DBP readings
collected every 10 seconds from the invasive monitor. An error of −1.42 ± 5.86 mmHg for DBP and
−0.50 ± 7.39 mmHg for SBP were obtained. The BHS performance for DBP was at A-A-A, and SBP was
at B-B-A. The BHS error has been speculated to be associated with error in estimating the 𝜓 𝐴𝐵𝑃
wavelet coefficients arising due to the differences in the 𝜓 𝑃𝑃𝐺 coefficients due to the differences in
the device. However, the overall performance as per the AAMI standards was within the required
range.
The current study is the only one, to the author’s knowledge, to not only use an extensive
dataset from MIMIC but to further test the model on approximately 200 patients from different
regions and different devices.

8.1.5. Limitations to the study
There have been quite a few limitations that have been discussed throughout the different
experiments and models. However, here three limitations are discussed which are believed to be of
highest challenge in the future implementation of such a technology:
1. Presence of Ectopic beats and Arrhythmias
Irregular heart rate, which periodically or non-periodically varies in a short duration of 5 – 10
seconds and is visible in the PPG, may be among other possible scenarios where the estimation result
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may be erroneous. Buxi [108] mentioned that such beats and lack of evidence of their relationship
with PAT make the PAT to SBP estimation technique vulnerable to errors. Following Buxi’s comments
in their systematic review on PTT and blood pressure detection, Pflugradt [229] studied the effect of
ectopic beats on continuous BP measurement using the methods suggested by Chen [22], Cativelli
[59] and Kurylyak [121]. Their study first focussed on effectively detecting the two different types of
ectopic beats – supraventricular ectopic beats (SVEBs), where the P wave gets distorted, and
ventricular ectopic beats (VEBs), where dysfunction in the cardiac muscle leads to premature and
significant-high QRS amplitude. They used the Physionet Challenge 2015 (PC15) with 750 patient data
records containing ECG, PPG and ABP signals and determined the location of the normal beats, SVEBs
and VEBs. Using a part of the database for training and part for testing with the three algorithms [22],
[59], [121], they found that the presence of VEBs gives significant error even with Kuryluak’s MLP
structure where the mean error can be as high as 80 mmHg. However, filtering the VEBs from the
signal while still having the SVEBs gave relatively good performance within the AAMI standards.
Another study by Liu [230] recently 2020 studied the effect of arrhythmia on the features of
PPG-ECG combination and used machine learning models involving random forest, SVR, boosting and
decision trees. They used 15 features such as different PTT (see Figure 2.7) and a few features from
Table 4.7, trained individual four models (SVR, RF, DT, Adaboost) for each of the 35 patients and then
selected the best model for each patient which had the lowest error. Again this approach is similar to
training individual time-series models [123], [124]. Their performance was within the standards.
However, this does not answer whether such an algorithm can be universally implemented.
The overall possibility to address this limitation is to filter the MIMIC database for patients
with ectopic beats (SVEB and VEB) or arrhythmia. This may further require the inclusion of the ECG
signal to identify such time instants. Further data analysis may be required to analyse the shapes and
contours of the ABP and PPG signal around these time instances. Any particular feature such as rise
time and area under the curve of PPG, as suggested by Liu [230], can be used as a marker to model a
classifier that can separate normal signal from ectopic beat/arrhythmia and then pass through a
refined (re-trained) network trained on such events to estimate pressure.
2. Artefacts
The model is susceptible to motion artefacts or other artefacts such as signal interference
from ambient light or other devices and wrong sensor placement affecting the signal's shape. The
estimation may be affected. Motion artefact removal has been widely studied and implemented
across smart watches using adaptive filtering, Kalman filtering, and some machine learning techniques
[231]. Zhang [232] suggested that different wavelengths of light respond to motion differently. They
used a combination of green and IR LEDs, obtained the CWT of the green and IR LED, subtracted the
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green CWT from the IR CWT, and inverse transformed to reconstruct the resulting clean signal.
Another common technique is to use an IMU (inertial measurement unit) to record the x, y and z
components of acceleration, obtain the FFT of the three components along with the PPG signal and
then subtract the FFT of all the components from the PPG and inverse transform the PPG signal [231].
In the current body of work, the focus was to work with the clean signal with strict processing,
as discussed in section 4.4. Due to the availability of a large amount of data from MIMIC and the
primary goal to address cuff-less blood pressure measurement, it was not deemed necessary to
implement any motion artefact removal algorithm. Even in the scalability study where ICU patients
were involved, with most being sedated and relatively motionless, the standard processing (section
4.4) sufficed. However, in a real-world scenario where the subject is expected to be carrying out some
form of task, the motion will be inevitable. In such cases, one of the published motion artefact removal
algorithms can be implemented to either clean the signal before passing it through the algorithm or
completely ignore the signal and let the user know about the error.
3.

Scenario of No Perfusion
In cases where the subject does not have any local blood perfusion, no signal can be collected,

and such a technique cannot be used. Such instances of no perfusion signal would have been ignored
in the MIMIC database creation or automatically dropped by the data processing algorithm from
section 4.4. However, as briefly mentioned in the discussion section 7.4, the location of the PPG sensor
can be changed to the earlobe or forehead. However, the signal shape would change [226], making
the algorithm unlikely to function well.
One possibility is to collect PPG signals (along with ABP) from regions such as the earlobe or
brachial artery, which will have better perfusion and re-train or transfer learning on the existing
model. Again, this will raise the concern about the sample size as the model must not be trained on a
small dataset to avoid overfitting, as observed from many studies in the literature. However, with
automated data acquisition, as was made possible through the first part of the experiment in Chapter
7, large data collection might be possible.

8.1.6. Other Scope for Future Work
1. Adding Calibration to Improve Performance
This thesis has shown that, if appropriately trained on large data, a model-based purely on the
PPG signal can be used to estimate pressure accurately. At times such as the presence of artefacts,
the performance might be improved by external calibration. Calibration can also help in avoiding false
alarms with erroneous results. Yan [168] showed that SBP improved from 12.47 ± 9.18 mmHg to
3.09 ± 2.76 mmHg and DBP improved from 8.29 ± 6.21 mmHg to 2.11 ± 2 mmHg with calibration.
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However, this study used an average invasive SBP and DBP reading of a certain duration from the
patient to calibrate their neural network output. If an external non-invasive monitor is to be used, the
performance may fall as there will be an associated error with the calibration device. Hence, the
calibration method, its impact on the model, and frequency are the areas that require further
investigations to reach a definitive conclusion.
2. Modelling on Neonates and Children
The model developed in this thesis was developed purely on data from adults. A younger age
group will have different arterial compliance leading to different PPG and ABP shapes [233]. No
machine learning studies have been reported investigating to estimate the pressure in this age group.
As a part of future work, it will be required to create a database with neonates and children,
evaluate the performance of the existing model and re-train if required.
3. Going back to PAT
A large body of literature included measurement of PAT to estimate SBP and DBP. In small
sample sizes, models showed to perform well. However, PAT was ignored in the current modelling as
it required incorporating another sensor such as ECG. There is a scope to include this variable explicitly
in the model, either using ECG data or constructing a multiple LED-Photodiode PPG array placed at a
fixed distance. There is a possibility that PAT may have information that improves model accuracy
further.

8.2.

Conclusion
Blood pressure measurement is essential in a clinical setting. A lot of active research is being

carried out using different sensors and algorithms to address the current limitations in oscillometric
methods. The primary requirement throughout the literature has been to replace the cuff so the
pressure can be measured more frequently without hindering the user's activities.
In addition to meeting the requirement of developing a cuff-less monitoring system, the focus
of this thesis was on developing a time-series neural network model using bi-directional LSTM and
Convolutional LSTM to estimate beat-to-beat continuous blood pressure using a single-source PPG
sensor. The model was expected to take whole-signal or sequences as features and a few heuristic
features. Further, the focus was to create a universal model using an appropriate training validation
and test dataset. These objectives were identified from the limitations present in different studies
throughout the literature.
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The testing involved was to evaluate the performance of 2,828 patients from the MIMIC
database, 129 patients from Flinders Medical Centre, South Australia, with signals collected using
Philips’s system and 77 patients again from FMC, South Australia, with signals collected from a
wearable custom sensor. In all the cases, results were within the AAMI standards of 5 ± 8 mmHg.
From the BHS perspective, the performance was in class A or B in all cases.
However, the journey to commercialise such a device requires effort to solve any errors that
might arise due to artefacts caused by, for example, low blood perfusion, motion, or ectopic beats.
This is the scope of future work. Addressing these challenges would ensure a more robust system and
would help prove to the medical fraternity that a machine learning cuffless system for continuous
estimation of blood pressure has advantages over the current oscillometric monitoring systems.
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A.1. ECG Waveforms

Figure A.1: 12-Lead ECG is shown with six leads placed on the chest and four on the limb. The six unipolar
leads (V1-V6) signals are shown in the subplots, while the other six bipolar lead signals are shown around the
Einthoven Triangle. Out of the six bipolar signals, the signal generated by RA-LL combination called the LeadII is of utmost importance and has been used significantly in the blood pressure measurement studies
(Anatomical Image generated in Bio-render, ECG waveforms generated from the database created by Ribeiro
et al. [234])
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Figure A.2: Wiggers diagram showing the heart's electrical activity in parallel with ventricular and aortic
pressure waveform. Adapted from Sieciński [235].
ECG – Lead II Segment

Electrical Conduction

Heart and Blood Pressure

P-Wave

Atrium depolarises, causing a small
positive deflection in Lead-II.
A plateau in ideal ECG lead-II signal after P
Wave. Represents the beginning of atrial
repolarisation
and
ventricular
depolarisation. The electrical signals
travel from AV node to AV bundle.
Large positive deflection of QRS complex
due to the depolarisation of ventricles.

Diastasis - Pressure builds up in the atrium

P-Q Segment

Positive R-Deflection

R Peak
Downward S-Deflection

S-T Segment

T-Wave

T-P Segment

A maximum peak point – essential in
detecting heart rate.
The electrical signals travel from the AV
bundle to Bundle of His in a direction
opposite to Lead-II.
An ECG plateau marking the end of
ventricular depolarisation and a delay
before the repolarisation occurs.

Atrial Systole – pressure rises above
ventricular pressure opening the mitral valve
(left chamber)

Increase in the ventricular pressure, but not
enough to close the mitral valve. Blood fills
the ventricles from the atrium.
Ventricular pressure is higher than the atrial
pressure causing the mitral valve to close.
Isovolumetric Ventricular Contraction - as
the pressure is not high to open the aortic
valve for blood to flow into the aorta
Ventricular systole/Ejection – pressure in
ventricles higher than the aorta, opening the
aortic valve and increasing the aortic
pressure to reach a maximum SBP

Ventricular repolarisation – a slight
positive deflection in the ECG because the
last cells to depolarise are the first to
repolarise, making the electrical activity in
the direction of the Lead-II.

Ventricles keep unloading into the aortic arch
with falling pressure.

A long plateau before the beginning of the
next cycle.

Ventricular diastole – Aortic pressure
reaches the minimum DBP while ventricular
pressure reaches near 0 mmHg value.

Isovolumetric relaxation - At the end of the
T-Wave, when the ventricular pressure falls
below the aortic pressure, the aorta valve
closes. This causes the dicrotic notch.

Table A.1: A sequential explanation of the ECG PQRST segment along with the pressure events occurring in
the heart chambers and the aorta [1].
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A.2. Equation-Based Studies Results Using ECG-PPG Combination
Ref

Loc

Chen
[22]

Finger
Chest

Equation

𝑃𝑒
= 𝑃𝑏

2
Δ𝑃𝐴𝑇
γ𝑃𝐴𝑇𝑏
𝐴
+𝐵
𝑃𝑇𝑇 2
Where, A =
(0.6 ×
𝜌
ℎ𝑒𝑖𝑔ℎ𝑡)2 ×

Referen
ce
Device
Invasive

Sample
Size

SBP Error
(𝝁 ± 𝝈)
mmHg

DBP Error
(𝝁 ± 𝝈)
mmHg

20
(ICU)

±16%

-

Invasive

239
(1 Normal,
22
Hypotensiv
e)
85

-0.079 ± 11.32

-

ECG-R
Max. d(PPG)

0.6 ± 9.8

4.5±6.8

ECG-R
Max. d(PPG)

11

8.88±2.3
8.86±2.39

-

ECG-R
Max PPG

8.8±2.42
4.8 ± 4.3

-

Day

0.5 ± 14.0

1.2 ± 10.0

Nig
ht

-1.4±6.6

0.4±6.7

ECG-R
Max. dPPG
ECG-R
Max. dPPG

2.8 ± 8.2

-

ECG-R
Max. dPPG

Variables
Description
(PTT measurement)
ECG-R
Max. d(PPG)

−

Fung [71]

Finger/
Ear
Chest

1.4

Poon
[19]

Finger
Chest

Thomas
[36]

Wrist

Zheng
[236]
Zheng

Wrist
Chest
Wrist

[19]
Same as Poon

[19]

10

[37]

Zheng
[237]

𝐷𝐵𝑃
Sphygm
𝑆𝐵𝑃𝑜 2𝐷𝐵𝑃𝑜
o
=
+
3
3
2
𝑃𝑇𝑇𝑜
)
+ ln (
𝛾
𝑃𝑇𝑇
𝑆𝐵𝑃𝑜 − 𝐷𝐵𝑃𝑜 𝑃𝑇𝑇𝑜2
(
)
−
3
𝑃𝑇𝑇 2
𝑆𝐵𝑃
= 𝐷𝐵𝑃 + (𝑆𝐵𝑃𝑜
𝑃𝑇𝑇𝑜2
)
− 𝐷𝐵𝑃𝑜 ) (
𝑃𝑇𝑇 2
𝑆𝐵𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏 Colin
𝑆𝐵𝑃
Continu
= 𝑎𝑃𝑇𝑇 2
ous
+ 𝑏𝑃𝑇𝑇 + 𝑐
Blood
𝑆𝐵𝑃
Pressur
2
= 𝑎𝑃𝑇𝑇 + 𝑐
e
𝑆𝐵𝑃
Monitor
= 𝑎𝑃𝑇𝑇 𝑏 + 𝑐
𝑏𝑃𝑇𝑇
𝑆𝐵𝑃 = 𝑎𝑒
Same as Poon
SunTech

Wrist

Same as Poon

[19]

Tang
[104]

Body
(Chair)

Same as Tang
[72]

Tang [72]

Wrist

Using MoensKortweg,
𝑆𝐵𝑃
= 𝑆𝐵𝑃𝑜
2
(ΔPTT)
−
𝛾𝑃𝑇𝑇𝑜
Using BramwellHill,
𝜌ΔA
𝑃𝑃 =
𝐴 × 𝑃𝑇𝑇 2
= (𝑆𝐵𝑃𝑜

Wong
[58]

Body

Digital
SunTech
Digital

8.9±2.3
8.9±2.3

10
24

Nexfin
Finger
Cuff

10

Finapres
Volume
Clamp
Omron
Digital

9

4.1 ± 3.4

-

ECG-R
Max. dPPG

12

0.2±5.8

0.4±5.7

ECG-R
Max. dPPG

41

2.6±5.7

0.2±3.4

-0.5±4.7

0.4±3.1

ECG-R
PPG Peak
ECG-R
PPG Trough

1
)
− 𝐷𝐵𝑃𝑜 )𝑃𝑇𝑇𝑜2 (
𝑃𝑇𝑇 2
From the above
two equations,
𝐷𝐵𝑃
= 𝑆𝐵𝑃 − 𝑃𝑃
𝐵𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏
Omron

11

0.7 ± 10.7

Digital

9

22 subject data were adopted from a different study into this study.
Accuracy was best obtained at only night-time
11
With normal filtering – keeping the transience due to motion artefact
10
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Wong
[238]

Body

Gu [73]12

Body
(Sitting
)
Body
(Supin
e)

Schoot
[75]

Tamura
13

[239]

Ding
[105]
Gomez
[63]
Ribeiro
[240]

Cattivelli
16

[59]

Wibmer
17

Finger
(Sitting
)
Finger
(Supin
e)
Body

[64]

Choi [62]

Half Yearly
evaluation study
from Wong [58]
𝐵𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏
𝑆𝐵𝑃
= 𝐴 ln 𝑃𝐴𝑇
+ 𝐵 ln(𝐷𝑖𝑠)
+ 𝐶𝑍 + 𝐷
Where, Dis =
distance between
heart to PPG
sensor, Z = zerocrossing of the
diastolic phase
(after dicrotic
notch and before
SBP onset) of PPG
signal
Proprietary –
Validation Study

SBP
measurement
same as Tang [72]

Same as Tang
[72]

Body
(Supin
e)
Ear –
Chest

𝐵𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏

Finger
Chest

Finger/
Ear –
Chest

14

Omron
digital

11

Calibrated:
± 5.3
Uncalibrated:
1.4 ± 10.2
±7.9

9

±5.5

37

2.6±12.1

Allyn
Welch
Digital

Calibrated:
± 2.9
Uncalibrated:
2.1 ± 7.3
-

ECG-R
Max. dPPG

-

Proprietary

ECG-R
Max. dPPG

-1.8±8.5

Body

Finger/
Ear –
Chest

Omron
Digital

𝑆𝐵𝑃

𝑎
+ 𝑆𝐵𝑃𝑜
𝑃𝑇𝑇 2
𝐷𝐵𝑃
𝑏
=
+ 𝑐𝐻𝑅
𝑃𝑇𝑇 2
+ 𝐷𝐵𝑃𝑜
𝑆𝐵𝑃
= 𝑎𝑠 𝑃𝐴𝑇 + 𝑏𝑠 𝐻𝑅
+ 𝑐𝑠
𝐷𝐵𝑃
= 𝑎𝑑 𝑃𝐴𝑇
+ 𝑏𝑑 𝐻𝑅 + 𝑐𝑑
𝑆𝐵𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏
𝑆𝐵𝑃
=𝑐
2
𝑑
)
+(
𝑃𝑇𝑇 − 𝑒
𝑆𝐵𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏
=

Finapres
Volume
Clamp

4
hemiplegic
s
13
normotensi
ves
37 Heathy
48 CVD
30 Sleep

0.50 ± 11.5
-3.60 ± 16.02
± 15

1.19 ± 9.07
-1.06 ± 7.92
± 25

ECG-R
Max. dPPG
ECG-R
Max. dPPG

Omron
digital

10

± 3.8

± 3.9

ECG-R
50% of the height of
subsequent PPG
onset point

Invasive
(Online
Databas
e)

34

-0.31 ± 8.08

-0.01 ± 5.11

ECG-R
Max. dPPG

Dinama
p Digital

20

± 13.1
± 10.9

± 9.5
± 8.9

ECG-R
Max. dPPG

Invasive
(Online
Databas
e)

25

-0.47 ± 5.28

-0.96 ± 2.67

-0.63 ± 5.49

-1.05 ± 2.67

-0.44 ± 3.85

-0.93 ± 1.84

0.81 ± 5.48
(30 min)
-0.63 ± 5.98
(60 min)
-1.77 ± 8.15
(90 min)

0.34 ± 2.94
(30 min)
-0.19 ± 3.21
(60 min)
-1.22 ± 4.85
(90 min)

ECG-R
Max. dPPG
ECG-R
PPG Foot
ECG-R
PPG Peak
ECG-R
Max. dPPG

Sphygm
o
Ambula
tory

12

0.81±0.9
414
0.07±5.7
615

Used a contactless cushion
Chair-based with clothing
14
Short term calibration – MAP
15
Long term calibration – tested without calibrating for 2 months - MAP
16
Adaptive calibration to find the constants
17
Exercise
13
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ECG-R
Finapre
s
Wavef
orm
peak

Literature
Ma [70]

Hand

𝐵𝑃

𝑎
+𝑏
𝑃𝑇𝑇
+ 𝑐 × 𝑉𝑃𝑇𝑇
+ 𝑑(𝑃𝑇𝑇𝑉
− 𝑃𝑇𝑇𝑉𝑜 )
Where VPTT and
PTTV are
variabilities in the
PTT given in the
paper
𝑎
𝐵𝑃 =
+𝑏
𝑃𝑇𝑇
=

Masè
[69]18
Marcinke
vics [68]
Gesche
[74]19

Wrist
Chest
Wrist
Finger
Chest

𝐵𝑃 =

𝑃𝑊𝑉 − 𝑎
𝑏

𝐵𝑃
= 𝑎𝑃𝑊𝑉𝑒 𝑏𝑃𝑊𝑉
+ 𝑐𝑃𝑊𝑉 𝑑
− (𝐵𝑃𝑐𝑎𝑙,𝑃𝑇𝑇
− 𝐵𝑃𝑐𝑎𝑙 )
Where BPcal =
sphygmomanom
eter measured
BP, BPPTT,cal =
calibration BP
measured from
PTT corrected
with BPcal, PWV =
𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 ×

Omron
Digital

31

-0.2 ± 2.4

-0.5 ± 3.9

ECG-R
PPG Peak

A&D
Digital

1

-0.058 ± 13

-0.25 ± 11

ECG-R
Max. dPPG

A&D
Digital
Sphygm
o

20

± 10

± 10

63

± 19.8

ECG-R
PPG Foot
ECG-R
Max. dPPG

±7

± 5.5

1.80 ± 1.39

Different locations
to on ECG – PPG to
calculate the PTT
4.5 ±
ECG-R
PPG
6.620
Peak
ECG-R
PPG Foot

ℎ𝑒𝑖𝑔ℎ𝑡
𝑃𝑇𝑇

Douniam
a [60]

Finger
Chest

𝑆𝐵𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏

Invasive

14

Yan [57]

Finger
Chest

𝑀𝐵𝑃
= 𝑎𝑃𝑇𝑇 + 𝑏

Omron
Digital

11

Ye [61]

Finger
Chest

Sphygm
o

Not
mentioned

3.24 ± 2.53

Jeong
[66]

Finger
Chest

Linear involving
components of
PTT
𝑆𝐵𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏

Dinama
p Digital

9

11.2 ± 8.3

ECG-R
Max. dPPG
ECG-R
PPG Foot
ECG-R
PPG Peak
ECG-R
PPG Peak

30.6 ± 26.8
10 ± 6.4

Heravi
[241]

Wrist
Finger

McCarth

Finger
Chest

y

21

[242]

𝐵𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏

Sphygm
o
(Citizen
Upper)
Omron
Digital

15 (Male)
10
(Female)

6.16 ± 2.24
7.29 ± 3.11

15

2”

7.39 ± 3.19
8.86 ± 3.62

4”

6”

8”

10”

12”

0.0
3±
0.0
7
1.4
0±
10.
48

0.9
9±
2.3
5
1.4
0±
10.
59

6.02
±
6.12

6.8
1±
10.
85
1.1
5±
9.8
4

3.42
±29.
22
1.24
±
9.74

22

Adopted from
Chen [22]

0.6
4±
1.5
5
1.7
9±
10.
50

Adopted from
Poon [19]

1.08
±
9.74

ECG-R
PPG Peak

Table A.2: Different ECG-PPG based studies using equation-based approach to measure blood
pressure

18

Exercise
Exercise
20
MAP during resting and exercise
21
Reported SBP
22
Time (in minutes) at which the recordings were taken, and error calculated
19
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A.3. Equation-Based Studies Results Using PPG-PPG Combination

Ref

Loc

Ding [76], [77]

Finger

Nabeel [78], [79]

Raichle [243]

Chandrasekhar
[244]
Chen [80]

Equation

DBP
Error
(𝝁 ± 𝝈)
mmHg
−0.08
± 4.06

17

±7.93

±6.33

32
Pregnant
Women
30

5
± 14.5
3.3
± 8.8

−5.6
± 7.7

Finapres

10

−0.91
± 3.84

−0.36
± 3.36

Citizen
Digital

15

7.98
± 2.88

10.13
± 3.82

Sample
Size

𝑃𝐼𝑅𝑜
𝐷𝐵𝑃 = 𝐷𝐵𝑃𝑜 (
)
𝑃𝐼𝑅

Finapres
BP

27

Neck
(Carotid
artery,
supine)
Finger
(iPhone
app)

𝐵𝑃 = 𝑎 × 𝑃𝑊𝑉 + 𝑏
Where, PWV =

SunTech
Brachial
Digital

Phone app functioning
proprietary

Omron
Digital

Finger
(Phone
app)
Finger

Oscillometric equation

Omron
Digital

𝑑
𝑇𝑖𝑚𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑠𝑖𝑔𝑛𝑎𝑙 𝑝𝑒𝑎𝑘𝑠

𝑆𝐵𝑃 = 𝑎 ln
𝑀𝑆𝑇𝑇𝑜
𝑀𝑆𝑇𝑇

2

𝑀𝑆𝑇𝑇𝑜
𝑀𝑆𝑇𝑇

𝑀𝑆𝑇𝑇

+ 𝑏 × 𝑃𝑃𝑜 ×

PPG Variable
Used
Pulseplethysmogram
intensity ratio
as the ratio of
Max and Min
of PPG signal

-

3

1

𝑀𝑆𝑇𝑇𝑜
𝑀𝑆𝑇𝑇

+ 𝑓 × 𝑃𝑃𝑜 ×

− × 𝑃𝑃𝑜 + 𝑀𝐵𝑃𝑜 + 𝑔
3

Where,
𝑀𝑆𝑇𝑇 =

Finger

𝑀𝑆𝑇𝑇𝑜

+ × 𝑃𝑃𝑜 + 𝑀𝐵𝑃𝑜 + 𝑑

𝐷𝐵𝑃 = 𝑒 ln

Heravi [241]

SBP
Error
(𝝁 ± 𝝈)
mmHg
−0.37
± 5.21

Reference
Device

𝑃𝑃𝐺 𝐴𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒
𝑂𝑛𝑠𝑒𝑡 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑠𝑙𝑜𝑝𝑒

,

PPo = calibration pulse pressure,
MBPo = Calibration MBP
𝑃 = 𝑎𝑃𝑇𝑇 + 𝑏

Table A.3: Different PPG based studies using the equation-based approach to measure blood pressure
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Figure B.1: Effect of the mean value of the features with increasing age.

B.1. Feature Analysis – Age-Based Relationships
Feature Age Correlation
Further I analysed if the selected features have any effect with the growing age. For this I used
the matched MIMIC database with the age marker present for the corresponding signals. The features
were calculated for the entire duration of the signal at segmented at 4 seconds for each patient in
each age group.
The mean of the features for each age group was calculated and is shown in Figure B.1. Most
of the features monotonically increases or decreases with age such as:
1. FT, WT, DT, DS, DA, A_P_DN, A_DN_OFF, S4 increases.
2. RT, RIT, ST, PIR, SLOPE_A, AI, AA, S1, S2 and S3 increase with age however are not monotonous.
3. LASI, DNH, A_RI_P shows plateau initially at lower age groups but then increases.
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4. RIPH, AS, AI1, AA_DA, HR decreases with age.
5. ACDC and A_O_RI show random behaviour.
Age does play a significant role on 26 of the features out of which 14 showed a direct increase
or decrease.
Feature-Age-Pressure Patterns
While features do not have a direct correlation with pressure, it is interesting to observe how
these features change in people over different levels of pressure (such as 100 – 110 mmHg, 110 – 120
mmHg and so on) and different age groups.
I developed matrix plots for mean values of each PPG feature in each age groups and pressure
ranges at increments of 10 mmHg for both SBP and DBP shown in Figure B.2 and Figure B.3
respectively. We observe some patterns in the SBP matrix plots,
1. FT, ST, WT, DNH, DA, A_P_DN, A_DN_OFF, S4, SLOPE_A, A_RI_P increases with increasing SBP and
age.
2. RT tends to increase with increasing age and decreasing SBP.
3. RIPH tends to decrease with increase in age and increase in SBP.
4. AS tends to decrease with age and increase with SBP.
5. AA seems to increase with age but subtly change with increase in SBP
6. S1, S2 and S3 have subtle changes with increasing SBP but cannot be concluded.
In the case of DBP, the patterns were different from SBP and not all features showed to have any
conclusive impact with increasing age and pressure. Few observations include:
1. RT increases with increasing age and DBP
2. AI_RI_P and ST increases with increasing age and DBP
3. RIPH increases with decreasing age and DBP
4. DNH and AI showed changes with increasing age and subtle changes with change in DBP.
However, the above enumerated points have been based on the visual inspection of the patterns
generated in the plots and not a definitive conclusion at this stage. There may be interdependence of
the features which may become highly tedious to analyse.
Nevertheless, these features show patterns which may be useful in pressure estimation.
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Figure B.2: Matrix plot of features over different SBP ranges and age groups. Arrows point in the
direction where it has been assumed a feature tends to increase. Non-annotated ones are where a
conclusion cannot be derived.
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Figure B.3: Matrix plot of features over different DBP ranges and age groups with same annotations
as SBP.
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Results
C.1. Hyperparameter Optimisation LSTM-MODWT
Table C.1 and Table C.2 show the different hyperparameters which were evaluated on smaller

−20 < 𝑡0 < 20

−40 < 𝑡0 < 40

−10 < 𝑡0 < 10

−5 < 𝑡𝑜 < 5

𝑡𝑜 = 𝑡

−40 < 𝑡0 < 40

−20 < 𝑡0 < 20

Sample
Length

−10 < 𝑡0 < 10

𝑡𝑜 = 𝑡

Feature
Length

−5 < 𝑡𝑜 < 5

test and validation models in order to find an optimum model for each wavelet level.

2.68E-04
2.96E-04
2.90E-04
2.72E-04
2.75E-04

2.63E-04
2.69E-04
2.12E-04
2.42E-04
2.27E-04

6.60E-04
8.51E-04
7.03E-04
5.83E-04
6.41E-04

6.46E-04
6.34E-04
7.03E-04
8.72E-04
6.81E-04

8.15E-04
8.93E-04
8.04E-04
1.07E-03
8.07E-04

6.66E-04
8.39E-04
1.06E-03
9.11E-04
9.25E-04

2.75E-04
1.69E-04
1.16E-04
2.10E-04
1.85E-04

1.33E-04
1.44E-04
1.38E-04
1.16E-04
1.79E-04

𝝍𝟒 Validation and Test Results
Validation MSE
Test MSE
250
450
500
1000
2000

2.28E-04
2.76E-04
2.69E-04
2.36E-04
2.66E-04

2.50E-04
2.58E-04
2.68E-04
2.53E-04
2.36E-04

2.91E-04
2.16E-04
2.33E-04
2.12E-04
2.23E-04

2.28E-04
2.19E-04
2.62E-04
2.38E-04
2.49E-04

2.51E-04
2.03E-04
2.08E-04
2.60E-04
2.19E-04

2.53E-04
3.35E-04
2.62E-04
2.93E-04
3.09E-04

2.73E-04
3.14E-04
3.01E-04
2.54E-04
2.74E-04

𝝍𝟓 Validation and Test Results
Validation MSE
250
450
500
1000
2000

7.23E-04
7.36E-04
6.65E-04
6.54E-04
6.97E-04

7.03E-04
5.46E-04
6.08E-04
6.27E-04
6.46E-04

5.13E-04
5.83E-04
7.51E-04
6.21E-04
7.49E-04

7.93E-04
6.30E-04
5.66E-04
4.94E-04
6.01E-04

6.07E-04
6.77E-04
7.58E-04
5.75E-04
6.34E-04

6.73E-04
7.81E-04
6.36E-04
6.86E-04
8.23E-04

7.84E-04
8.14E-04
5.34E-04
7.97E-04
8.16E-04

𝝍𝟔 Validation and Test Results
Validation MSE
250
450
500
1000
2000

6.74E-04
9.10E-04
7.33E-04
6.74E-04
9.90E-04

6.38E-04
9.01E-04
7.60E-04
8.69E-04
7.54E-04

7.07E-04
8.65E-04
7.64E-04
8.78E-04
8.53E-04

7.03E-04
6.71E-04
7.40E-04
7.43E-04
7.95E-04

8.14E-04
5.75E-04
7.07E-04
7.41E-04
7.57E-04

6.85E-04
8.63E-04
8.19E-04
8.18E-04
1.15E-03

6.06E-04
7.27E-04
9.30E-04
9.52E-04
6.78E-04

𝝍𝟕 Validation and Test Results
Validation MSE
250
450
500
1000
2000

1.82E-04
1.10E-04
2.13E-04
7.20E-04
1.62E-04

1.75E-04
1.27E-04
2.25E-04
2.01E-04
1.70E-04

1.90E-04
1.87E-04
1.37E-04
2.04E-04
1.22E-04

2.38E-04
1.88E-04
1.66E-04
1.45E-04
1.36E-04

1.75E-04
1.69E-04
1.23E-04
2.04E-04
1.80E-04

1.83E-04
1.54E-04
1.79E-04
4.47E-04
1.49E-04

1.91E-04
1.45E-04
1.44E-04
2.07E-04
1.83E-04

2.80E-04
3.42E-04
2.43E-04
2.57E-04
2.59E-04

Test MSE
7.12E-04
7.23E-04
8.38E-04
6.50E-04
7.60E-04

Test MSE
6.86E-04
9.60E-04
7.56E-04
7.64E-04
7.94E-04

Test MSE
2.16E-04
2.23E-04
1.91E-04
1.47E-04
2.20E-04

Table C.1: Evaluating the effect of different sequence and feature length on the estimation output with a
few constant hyperparameters as listed below.
Network type
Number of layers
No. of cell/layer
Dropout

= Bi-LSTM
=3
= 50
= 0.5

Optimizer
Activation
Batch Size

= ADAM
= Leaky RELU
= 32

259

Epoch
Loss
Kernel

= 40
= MSE
= Uniform

Initial LR
LR Factor
LR Update

= 1e-3
= 0.5
= 10 epochs

Thesis
𝝍𝟒 Validation and Test Results
Type (No.
of
Layers)
LSTM
(3)

Units
Per
Layer
50

Optimizer
ADAM

RMSPROP

100
200
LSTM
(6)
BiLSTM (3)

BiLSTM (6)

50
100
200
50
100
200
50
100
200

ADAM
RMSPROP
ADAM
RMSPROP
RMSPROP
RMSPROP
ADAM
RMSPROP
RMSPROP
ADAM
RMSPROP
RMSPROP
ADAM

𝑨𝒄𝒕𝒊𝒗𝒂𝒕𝒊𝒐𝒏
Function

Validation
MSE

TANH
RELU
LEAKY RELU
TANH
RELU
LEAKY RELU
RELU
RELU
RELU
RELU
RELU
RELU
RELU
RELU
RELU
RELU
RELU
RELU
RELU

0.00025
0.00021
0.00024
0.00021
0.00019
0.00026
0.00021
0.00020
0.00024
0.00025
0.00024
0.00023
0.00021
0.00018
0.00021
0.00022
0.00022
0.00016
0.00029

Test
MSE
0.000279
0.000272
0.000262
0.000267
0.00027
0.000309
0.000277
0.000262
0.000294
0.000279
0.000284
0.00033
0.000279
0.000264
0.000263
0.000317
0.0003
0.000253
0.000328

𝝍𝟔 Validation and Test Results
LSTM
(3)

50

ADAM

RMSPROP

100
200
LSTM
(6)
BiLSTM (3)

BiLSTM (6)

50
100
200
50
100
200
50
100
200

ADAM
RMSPROP
ADAM
RMSPROP
RMSPROP
RMSPROP
ADAM
RMSPROP
ADAM
ADAM
RMSPROP
ADAM
ADAM

TANH
RELU
LEAKY RELU
TANH
RELU
LEAKY RELU
RELU
RELU
RELU
RELU
TANH
TANH
RELU
RELU
RELU
RELU
TANH
TANH
RELU

0.000843
0.000818
0.000849
0.000953
0.000654
0.000852
0.000872
0.000981
0.000784
0.000866
0.000937
0.000834
0.000949
0.00069
0.000864
0.000807
0.000892
0.000874
0.00076

0.000812
0.000833
0.000834
0.000802
0.000835
0.000804
0.000799
0.000805
0.000855
0.000803
0.000804
0.000794
0.000884
0.000744
0.000827
0.00085
0.000796
0.000913
0.000847

𝝍𝟓 Validation and Test Results
Optimizer
ADAM

RMSPROP

ADAM
RMSPROP
ADAM
RMSPROP
RMSPROP
RMSPROP
RMSPROP
RMSPROP
RMSPROP
ADAM
RMSPROP
RMSPROP
ADAM

𝑨𝒄𝒕𝒊𝒗𝒂𝒕𝒊𝒐𝒏
Function

Validation
MSE

Test
MSE

TANH
RELU
LEAKY RELU
TANH
RELU
LEAKY RELU
RELU
LEAKY RELU
RELU
LEAKY RELU
LEAKY RELU
RELU
RELU
LEAKY RELU
LEAKY RELU
RELU
LEAKY RELU
RELU
RELU

0.000768
0.000669
0.000692
0.000684
0.000732
0.00064
0.000676
0.000582
0.000667
0.000686
0.000612
0.000726
0.000511
0.000634
0.00059
0.000628
0.000744
0.00049
0.00073

0.000832
0.00075
0.00077
0.000822
0.000738
0.000749
0.000791
0.000735
0.000769
0.000759
0.000754
0.000769
0.000747
0.000725
0.000696
0.000795
0.000723
0.000686
0.00078

𝝍𝟕 Validation and Test Results
ADAM

RMSPROP

RMSPROP
RMSPROP
RMSPROP
RMSPROP
RMSPROP
ADAM
RMSPROP
RMSPROP
RMSPROP
RMSPROP
RMSPROP
RMSPROP
RMSPROP

TANH
RELU
LEAKY RELU
TANH
RELU
LEAKY RELU
TANH
RELU
TANH
RELU
RELU
TANH
RELU
TANH
TANH
TANH
RELU
TANH
RELU

0.000146
0.000143
0.000142
0.000118
0.000131
0.000154
0.000182
0.000154
0.00018
0.000146
0.000111
0.000206
0.00016
0.000156
0.000146
0.000128
0.000134
0.000149
0.000144

0.000189
0.000173
0.000171
0.000172
0.000169
0.00017
0.000166
0.000175
0.000176
0.000154
0.000177
0.00023
0.000169
0.00017
0.000149
0.000146
0.000176
0.000194
0.000136

Table C.2: Hyperparameter testing for each level of the wavelets with few of the hyperparameters kept
constant as shown listed below.
= Based on Table C.1
Signal Length
Kernel Initializer
= Uniform
Feature Length = Based on Table C.1
Initial Learning Rate
= 1e-3
Batch Size
= 32
Learning rate factor
= 0.5
Epoch
= 40 (unless Early Stopped)
Learning rate scheduler = 10 epochs
Loss
= Mean Squared Error
Dropout
= 0.5
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C.2. Pseudo-Code Snippet for Bayesian Optimisation of CONV-LSTM Neuron
global MaxUnitsPerLayer = 256

# Maximum number of neurons in one layer

global MinUnitsPerLayer = 8

# Minimum number of neurons in one layer

global MaxDepth = 10

# Maximum depth of the ConvLSTM or DNN layer

# CONVOLUTIONAL LSTM NEURON PYRAMIDAL STRUCTURE
def EvaluateNetwork(X,y,X_test,y_test,NeuronPercent,NeuronShrink):
UnitsInLayer = round(NeuronsPercent * MaxUnitsPerLayer)

# Integer value of units

currentDepth = 0
inputLayer = input(X)

# Get the Input Layer 5-D

while UnitsInLayer > MaxUnitsPerLayer and currentDepth < MaxDepth:
# Get the first convolutional Layer after inputLayer
if currentDepth == 0:
convLayer = convolutionalLSTM(units = UnitsInLayer)(inputLayer)
# Subsequent convolutional Layer follows the last dropoutLayer
else:
convLayer = convolutionalLSTM()(dropoutLayer)
normLayer = batchNormalisation()(convLayer)

# Batch Normalisation Layer

poolLayer = maxPooling()(normLayer)

# Max Pooling Layer

dropoutLayer = dropout()(poolLayer)

# ConvLSTM Dropout Layer

# Reduce the number of neurons in next layer
UnitsInLayer = round(UnitsInLayer * NeuronShrink)
# Increase Depth
currentDepth+=1
timeDistributedLayer = timeDistributed()(dropoutLayer)
outputLayer = dense()(timeDistributed)
model = Model(inputs = inputLayer , outputs = outputLayer)
model.compile()

# Set the model

# Compile the model

model.train(input = X, output = y)
result = model.evaluate(X_test, y_test)

# Error between estimated and actual SBP or DBP

return result

# MAIN
if __name__ == "__main__":
bounds = {
'X': TrainingInputValues,
'y': TrainingOutputValues,
'X_test': TestingInputValues,
'y_test': TestingOutputValues
'NeuronPercent': (0.0,1.0),

# Hyper-parameter bounds to be tested

'NeuronShrink': (0.0,1.0)

# Hyper-parameter bounds to be tested

}
# The BayesianOptimisation() selects values for NeuronPercent and NeuronShrink and evaluates the network
Evaluation = BayesianOptimisation(f = EvaluateNetwork,pbounds = bounds)
# Runs the evaluation 100 times with different NeuronPercent and NeuronShrink
# to get optimised result
Evaluation.maximise(init_points=10, n_iter=90)

Listing C.1: Code snippet to evaluate different structure (number of neurons and number of layers) of Conv-LSTM using
the Bayesian optimisation. The algorithm is run 100 times with different values and results are calculated based on the
Bayesian process to calculate the best outcome.
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Ethics Documents
D.1.

MIMIC Ethics Approval Certificate

Figure D.1: Certificate from the CITI Program to access the Clinical Data associated with the waveform from the Physionet
MIMIC Matched Database.
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Ethics Documents

D.2.

Letter of Approval from SAHLN for Blood Pressure Study at Flinders

Medical Centre, South Australia, Australia
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Circuit Diagrams, PCB Design, Device
Part
10u
10n
47p
100n
1nF
100nF
2.2uF
10uF
10nF
18pF
1uF
10uF
4.7uF
GREEN
PMEG6020AELRX
ORANGE
16V
1k
NPTC022KFMS-RC
S3B-PH-SM4TB(LF)(SN)
10118192-0001LF
FMMT619TA
470R
10K
365k
82k
4K7
27R
1k
15k
4.7k
12k
0R
B3U-1000P
TLV75901PDRVR
FT231XQ
ESP32-WROOM-32D
BNO055
AFE4490RHAT
MCP73833
8MHz
32.768kHz

Description
CAP 10u 16V +20% -20% X5R 0603
CAP 10n 50V +10% -10% X7R 0603
CAP 47p 50V +5% -5% NP0 0603
CAP 100n 100V +22% -0% X7S 0603
Cap, 1n 50V 5% X7R 0603
Cap, 100n 50V 10% X7R 0603
Cap, 2u2 16V 10% X5R 0603
Cap, 10u 35V +80%/-20% 1210
Cap, 10n 50V 10% X7R 0603, Cap, 10n 100V 10% X7R 0603
Cap, 18p 50V 10% NP0 0603
Cap, 1u 25V 10% X7R 0603
Cap, 10u 16V 20% X5R 0603
Cap, 4u7 35V 10% X5R 0603
LED, Green 2.1V 570nm 1206
DIODE SCHOTTKY 60V 2A
LED, Orange 2.1V 601nm 1206
Varistor, 16VDC CeraDiode 1003
FERRITE 1k 25% 400mA
Header, 3way 1row 2.00mm RA Male
Transistor, NPN 50V 2A SOT-23-3
Res, 470R 0.1W 1% 0603
0603 10k 1.000% 0.100W, Res, 10k 0.1W 1% 0603
Res, 365k 0.1W 1% 0603
Res, 82k 0.1W 1% 0603
0603 4k7 1.000% 0.100W
0603 27R 1.000% 0.100W
Res, 1k 0.1W 1% 0603
Res, 15k 0.1W 1% 0603
Res, 4k7 0.1W 1% 0603
Res, 12k 0.1W 1% 0603
Res, 0R 0.1W 1% 0603

Bluetooth, WiFi 802.11b/g/n, Bluetooth v4.2 + EDR, Class 1, 2 and 3 Transceiver
Module 2.4GHz ~ 2.5GHz Integrated, Trace Surface Mount
Sensor, Accel/Gyro/Mag I2C 28-LGA
1 Channel AFE 22 Bit 40-VQFN _6x6_
IC BATTERY CHARGER Li-ION/Li-POLLY, DFN-10
Crystal, 8.000MHz 18p 20ppm 4-SMD
Crystal, 32.768kHz 12p5 10ppm 2-SMD
Table E.1: Bill of Materials used in designing the photo-plethysmography prototype.
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Quantity
2
1
2
2
3
5
3
2
3
4
2
2
1
1
2
1
2
1
1
1
1
2
5
5
1
1
1
2
1
1
1
2
2
2
1
1
1
1
1
1
1
1

Thesis

Figure E.1: Texas Instrument AFE4490 Analog Front End Photoplethysmography sensor.

Figure E.2: PPG LED (OSRAM SFH4780 750 nm infra-red LED) and Photodiode (OSRAM SFH2200 Photodiode)
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Figure E.3: ESP32 WROOM32 Microcontroller with BLE and WiFi.

Figure E.4: Bosch BN055 9 Axis Inertial Measurement Unit.
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Figure E.5: Li-Ion Battery Charger Circuit Controller LTC4063

Figure E.6: Battery Connector

Figure E.7: Daughter board connector
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Figure E.8: USB-UART FT231XQ and Logic Circuit
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Figure E.9: PCB Design – Main Board (Altium 3D View)

Figure E.10: Daughter board design (Altium 3D View)

Figure E.11: Screenshots of assembled PPG Board
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Figure E.12: Wrist-based sensor

Figure E.13: Finger-based sensor
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