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Abstract

Cuffless Blood Pressure (BP) estimation using Electrocardiogram (ECG) and Photo-
plethysmogram (PPGQG) features is a promising alternative to cuff-based devices for contin-
uous BP monitoring. However, its practical deployment faces several critical challenges:
Respiration Modulation (RM) introduces confounding fluctuations into both physiological
features and BPs, degrading estimation accuracy and trend tracking; existing models often
fail to accurately track BP trends, which is crucial for long-term monitoring; poor model
generalization to new subjects leads to performance degradation; personalization strategies
are inefficient, typically requiring a large number of calibration measurements; and eval-
uation metrics are inadequate, primarily focusing on pointwise accuracy while neglecting
trend tracking.

To address these limitations, this thesis proposes a comprehensive framework. First,
the often-overlooked impact of RM on features and BP is mitigated using Variational Mode
Decomposition (VMD) for pre-processing, enhancing accuracy and trend tracking. Second,
a novel lightweight estimation model, TCN-SENet-KAN, coupled with a customized shape-
oriented Soft Dynamic Time Warping (sDTW) loss function, is proposed to improve BP
trend tracking and model generalization. Third, a robust three-step personalization frame-
work is developed, leveraging Domain Adversarial Neural Network (DANN) pre-training
for subject-invariant features, followed by sDTW-guided fine-tuning and Procrustes anal-
ysis for post-hoc alignment. Finally, a composite similarity metric is introduced to jointly
assess both distance and trend accuracy for continuous monitoring scenarios.

The proposed framework achieves Mean Absolute Error (MAE) of 4.34 mmHg for SBP
and 2.70 mmHg for DBP using only two calibrations, meeting the IEEE 1708a-2019 stan-
dard for continuous BP monitoring and qualifying as “Grade A” performance. Furthermore,
the method demonstrates robust BP trend tracking with median Pearson correlation co-
efficients of 0.781 (SBP) and 0.603 (DBP) across 32 subjects from the BCG BP dataset.
Overall, this comprehensive framework significantly advances the practical viability of cuf-
fless BP estimation for real-world applications.
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Chapter 1

Introduction

The cardiovascular system, consisting of the heart, arteries, veins, and capillaries, circulates
blood to supply oxygen and nutrients to every cell and to remove metabolic waste products
[1]. Proper tissue perfusion requires adequate arterial pressure: blood must be driven
through capillary beds, but pressures that are too high can damage delicate vessel walls [2].
BP is the mechanical force exerted by circulating blood on vessel walls, and it is one
of the vital signs — together with respiratory rate, heart rate, oxygen saturation, and
body temperature — that can evaluate an individual’s health [3]. BP depends on cardiac
output (heart rate x stroke volume) and total peripheral resistance (vascular tone) [4].A
BP reading consists of two numbers (i.e., 120/80 mmHg) and it is usually measured in
millimeters of mercury (mmHg) above the surrounding atmospheric pressure. The first
(top) number is called the Systolic Blood Pressure (SBP), which refers to the amount
of pressure in the arteries during the heart muscle contraction. The second (bottom)
number is called the Diastolic Blood Pressure (DBP), which refers to the minimum pressure
between heart beats. Mean Blood Pressure (MBP) therefore can be approximated as
MBP ~ DBP + (SBP — DBP)/3 [5]. An example of BP waveform of one cardiac cycle is
shown in Figure 1.1. In an normal adult, normal resting BP is approximately 120 mmHg
systolic over 80 mmHg diastolic, denoted as "120/80 mmHg". Globally, the average BP, age
standardized, has remained about the same since 1975, at approximately 127/79 mmHg
for males and 122/77 mmHg for females, although these average data mask quite large
divergent regional trends [0].

As a vital sign, BP is a key indicator of cardiovascular health and abnormal BP has
significant consequences. The most common BP disorders are high blood pressure (hyper-
tension) and low blood pressure (hypotension). Hypertension is generally considered as a
BP reading higher than 140 mmHg for SBP and 90 mmHg for DBP. Over time, even mild
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Figure 1.1: An example of peripheral BP waveform with indication of SBP, DBP and MBP.

hypertension can increase the risk of atherosclerosis, stroke, aneurysm, heart failure, heart
attack and kidney damage [7—10]. Left untreated, chronic high BP can cause progressive
damage to one or more vital organs [l 1]. Hypotension is generally considered as a BP
reading lower than 90 mmHg for the SBP and 60 mmHg for the DBP. The symptoms of
hypotension may include blurred or fading vision, dizziness or lightheadedness.

BP has been mostly measured by cuff-based devices. However, these conventional meth-
ods are often uncomfortable, cumbersome, and most critically, unsuitable for continuous
and long-term monitoring. Cuffless BP estimation, which aims to address the limitations
of conventional methods, has emerged as a promising and popular research topic recently.
Moreover, the feasibility of integrating this technique into wearable devices, such as smart-
watches, making cuffless BP estimation technique highly attractive for both clinical and
everyday health monitoring applications.

1.1 Motivations

BP-related health issues have become a major global concern. A recent study [12] indicates
that hypertension has been the world’s leading cause of death and killed more people,
including young adults, than COVID-19 (see Figure 1.2(a)). According to World Health
Organization (WHO), 1.28 billion adults aged 30-79 years worldwide are estimated to have
hypertension [13]. However, an estimation of 54% adults with hypertension are aware
that they have the condition and less than half of adults (42%) with hypertension are
diagnosed and treated. Only approximately 1 in 7 people (~14%) with hypertension have
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it under control as demonstrated in Figure 1.2(b). The statistics about the hypertension in
Canada among different age groups from 2008 to 2019 are illustrated in Table 1.1. There
are approximately 22.4% Canadian (age 20-79) were hypertensive from 2016 to 2019, but
nearly 23% of people were unaware of this health problem.

There are two main reasons contributing to the unawareness or neglect to hypertension:

1. Hypertension is called a "silent killer". Most people with hypertension are unaware
of the problem because it may have no warning signs or symptoms |[13].

2. Currently, BP is still mostly measured by the traditional auscultatory and oscillo-
metric method, which utilize an inflatable cuff which makes the measurement cum-
bersome and uncomfortable. Moreover, these methods cannot be used for continuous

measurement.
(a) (b)
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pressure

Figure 1.2: (a) Deaths caused by hypertension and other diseases per year globally [14]
(data from "Global, regional, and national comparative risk assessment of 84 behavioural,
environmental and occupational, and metabolic risks or clusters of risks, 1990-2016" in
The Lancet and WHO), (b) the amount of people with hypertension have it controlled

globally [11] (data from "Global disparities of hypertension prevalence and control" in
Circulation).

Due to the global burden of hypertension and the substantial proportion of individ-
uals who remain undiagnosed or inadequately managed, there is an urgent demand for
more accessible, convenient, and effective BP monitoring solutions. Cuffless BP estimation
presents a promising alternative to traditional cuff-based methods by enabling continuous
and long-term monitoring in a non-intrusive manner. This capability is particularly valu-
able for facilitating early diagnosis, optimizing antihypertensive therapy, and enhancing



Table 1.1: Statistics of hypertension in Canada (ages 20-79).

2008 to 2011 2012 to 2015 2016 to 2019

Measures Age group  Percent Number of persons Percent Number of persons Percent Number of persons

Ages 20 to 79 22.5 5,378,000 232 5,865,800 224 5,902,200

Hypertension! Ages 20 to 39 3.2* 285, 500* 3.0* 280, 600* 3.1* 293, 900*

Ages 40 to 59 214 2,108,900 232 2,303,800 21.0 2,056,000

Ages 60 to 79 57.7 2,984,700 232 3,281,300 51.2 3,552,300
777777777 Ages20to 79 847 T 4557600 842 4.941,600 778 4,591,900

Awareness? Ages 20 to 39 57.7 164,700 64.6* 181, 300" 49.6* 145,900*

Ages 40 to 59 82.5 1,740,300 79.7 1,835,600 3.7 1,515,500

Ages 60 to 79 88.9 2.652,500 89.1 2,924,600 82.5 2,930,500
777777777 Ages20to 79 807 4340300 795 4665600 742 4378100

Treatment? Ages 20 to 39 45.6* 130,100* 55.4* 155, 600" 45.8* 134, 600"

Ages 40 to 59 75.3 1,588,000 72.5 1,670,400 66.4 1,365,100

Ages 60 to 79 87.9 2,622,200 79.5 2,839,600 81.0 2,878,500
777777777 Ages20to79 673 3619500  66.0  3870,500  61.0 3,600,000

Controlt Ages 20 to 39 44.3* 126, 500* 51.2* 143, 500" 42.4* 124, 500"

Ages 40 to 59 65.5 1,382,100 59.5 1,370,000 54.0 1,110,500

Ages 60 to 79 70.7 2,110,800 71.8 2,356,900 66.6 2,365,100

Data source: Statistics Canada, released on 28/06/2021.

Hypertension: systolic blood pressure > 140 mmHg or diastolic blood pressure > 90 mmHg or antihypertensive medication used.
Awareness: diagnosed hypertension or antihypertensive medication used.

Treatment: a hypertensive respondent’s report of antihypertensive medication use in the past month.

Controlled: a hypertensive respondent used antihypertensive medication and blood pressure is normal.
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patient adherence to treatment. Consequently, the widespread adoption of cuffless BP
monitoring is expected to play a significant role in mitigating the prevalence and severity
of hypertension and improving overall cardiovascular health outcomes.

After a comprehensive review of state-of-the-art (SOTA) studies and the current progress
in cuffless BP estimation, this thesis identifies and addresses four critical research limita-
tions that have hindered the practical implementation of this technique. These limitations,
observed across numerous prior works, are considered fundamental barriers to achieving ac-
curate BP estimation using pre-defined morphological features extracted from ECG and/or
PPG signals with deep learning models in real-world scenarios. By systematically tack-
ling these limitations, this thesis aims to enhance estimation performance and significantly
improve the feasibility of deploying cuffless BP monitoring in everyday and clinical applica-
tions, thereby bring this technique closer to widespread real-world adoption. The overview
of the research problems identified and solutions proposed by this thesis, as well as the
contributions are demonstrated in Figure 1.3.

Critical Limitations in Cuffless BP Estimation Studies

Among various different cuffless BP estimation methods, such as ultrasound-based meth-
ods, bioimpedance-based methods and physiological signal-based methods (see Section 2.2
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for details), this thesis focuses on the physiological signal-based method, specifically esti-
mating BPs using pre-defined morphological features extracted from ECG and PPG wave-
forms and deep learning models. A typical pipeline of this method comprises several key
stages, as illustrated in Figure 1.3. The pre-processing stage involves denoising the raw
ECG and PPG signals, detecting fiducial points and extracting relevant morphological
features. The model generalization stage focuses on developing a robust deep learning
based estimation model and pre-train it using data from a large and diverse subject group
to enhance its generalization capability. The model personalization stage aims to adapt
the pre-trained model to completely new and unseen subject using a minimal number of
calibration measures. Finally, the model evaluation stage is designed to assess the model’s
performance using appropriate metrics, evaluating both the accuracy of BP estimation and
model’s ability to track BP trends effectively.

After thoroughly reviewing existing SOTA studies and analyzing the findings obtained
from preliminary experiments conducted in this thesis, four critical research problems which
are situated at different stages of the cuffless BP estimation pipeline (see Figure 1.3)
have been identified. These challenges that limit the practical deployment of this new
technique are: respiration-induced variations in morphological features and BPs,
unsatisfactory trend tracking performance, poor generalization and inefficient
personalization and inadequate evaluation metrics.

1.1.1 The Overlooked Role of Respiration in Feature-Based Cuf-
fless BP Estimation

Respiration has been shown to introduce variations in several physiological signals and
measures. For instance, it can modulate the R-R intervals between ECG R-peaks, thereby
affecting Heart Rate Variability (HRV) analysis [15]. Previous studies have also observed

that respiration induces fluctuations in BP [16, 17], as well as in morphological features
extracted from PPG and ECG waveforms, such as Pulse Arrival Time (PAT) 18], systolic
time interval (STI), and diastolic time interval (DTI) [19]. However, the influence of

respiration on a wide range of morphological features used for cuffless BP estimation,
and its overall impact on estimation accuracy, has never been systematically examined or

addressed.

Throughout the experiments conducted in this thesis, respiration has been found to
negatively impact cuffless BP estimation performance. Specifically, respiration can intro-
duce rapid variations across various morphological features, each with differing magnitudes
and phase shifts. This adds considerable difficulty for deep learning—based models to cap-



ture the underlying long-term BP trend when these respiration-induced fluctuations are
not effectively separated from the input features and target BP values during training. As
a result, the estimation outputs may become noisy and inconsistent.

1.1.2 Unsatisfactory Trend Tracking Performance

Unlike conventional cuff-based methods, cuffless BP technique is intended for continuous,
long-term monitoring. Capturing the temporal dynamics and trends of BP is also essential
for real-world application. For example, the "non-dipping" or "reverse dipping" of noctur-
nal BP patterns are strong predictors of cardiovascular risk [20-22]. Moreover, monitoring
long-term BP trends enable more precise hypertension management, supports medication
adjustment and helps clinicians assess treatment effectiveness over time. However, current
studies commonly overlook BP trend tracking and mainly focus on pointwise accuracy.
This neglect results in unsatisfactory BP trend tracking performance which makes this
technique less practical for real-world long-term monitoring.

1.1.3 Poor Model Generalization and Inefficient Personalization

Although recent studies in cuffless BP estimation have shown promising results, many
rely on non-rigorous training and evaluation strategies that can lead to overly optimistic
performance assessments. These approaches often fail to reveal fundamental issues re-
lated to poor model generalization, particularly under more stringent evaluation protocols
such as Leave-One-Subject-Out (LOSO) cross-validation (see Section 2.4.1 for details).
In real-world scenarios where models are applied to entirely unseen subjects, this lack of
generalization becomes a critical barrier, as the estimation performance tends to degrade
significantly due to inter-subject variability.

Moreover, although personalization aims to improve model performance for new sub-
jects, current strategies remain limited and often impractical. Existing methods typically
require a large amount of subject-specific calibration data to adapt the pre-trained models,
which hinders their feasibility in real-world applications. Even with extensive calibration
efforts, some models still fail to meet clinically acceptable accuracy standards, underscor-
ing the inefficiency and ineffectiveness of current approaches. These limitations point to
an urgent need for more robust generalization techniques and data-efficient personalization
strategies capable of maintaining high estimation accuracy with minimal subject-specific
data.



1.1.4 Inadequate Evaluation Metrics

Most existing cuffless BP estimation studies continue to rely on evaluation standards orig-
inally developed for traditional cuff-based devices, which are primarily intended for inter-
mittent and discrete measurements [23-20]. These standards typically focus on pointwise
error metrics, such as Mean Error (ME) and MAE, which assess accuracy at individual
time points. However, such metrics are inadequate for evaluating the performance of cuf-
fless BP systems designed for continuous, long-term monitoring. In particular, pointwise
distance-based metrics fail to capture a model’s ability to accurately track the trends and
dynamic fluctuations of BP over time which is an essential requirement for clinical relevance
in continuous monitoring applications. Therefore, there is a pressing need to develop and
adopt new evaluation frameworks that better reflect both BP value estimation accuracy
and trend tracking performance of cuffless BP estimation models.

1.2 Objectives

The objectives of this thesis are defined and proposed to address the aforementioned four
critical research problems identified from the existing SOTA works.

e Develop a preprocessing method to separate RM from extracted morphological fea-
tures and BPs in order to mitigate short-term variations caused by respiration and
improve BP estimation accuracy.

e Improve BP trend tracking performance and model generalization by developing an
estimation model that effectively captures informative patterns from morphological
features and incorporates a shape-oriented loss function to emphasize temporal dy-
namics.

e Establish an efficient personalization strategy that adapts the pre-trained model to
new subjects using very few calibration samples, thereby enhancing subject-specific
estimation performance while minimizing calibration requirements.

e Propose a comprehensive evaluation metric that simultaneously captures both distance-
based accuracy and temporal trend similarity, addressing the limitations of existing
metrics and enabling more meaningful assessment of cuffless BP models.



1.3 Contributions

This study presents several novel contributions to the field of cuffless BP estimation, in-
cluding:

e This thesis presents a comprehensive approach to enhance BP trend tracking perfor-
mance which is commonly overlooked in prior works, by jointly leveraging respiration-
resilient preprocessing, a temporal-aware model architecture, and a shape-oriented
loss function. This integrated framework enables more accurate BP trend tracking
performance and improves the feasibility for continuous long-term BP monitoring.

e This thesis proposes a novel framework that enhances both model generalization and
personalization for cuffless BP estimation. DANN is employed during the pre-training
stage to encourage the learning of subject-invariant features, while subject-specific
adaptation is achieved through lightweight model fine-tuning and Procrustes analysis.
The proposed method achieves IEEE evaluation standard "Grade A" performance
for both SBP and DBP using only two calibration samples, substantially reducing
the calibration burden compared to prior SOTA approaches while simultaneously im-
proving estimation accuracy in terms of both absolute BP values and trend tracking.

e This thesis is the first to reveal the limitations of current evaluation protocols for
BP trend tracking and systematically assess widely used metrics in this context. A
composite evaluation metric is proposed for cuffless BP estimation, combining both
distance and trend similarities measures. These normalized metrics (ranging from -1
to 1) are interpretable, generalizable, and applicable not only to BP monitoring but
also to broader healthcare time-series evaluation tasks.

The following papers were submitted and published based on the research leading to
this thesis:

e Shan He, Hilmi R. Dajani, and Miodrag Bolic, "Novel Cuffless Blood Pressure Es-
timation Method using a Bayesian Hierarchical Model," 2021 43rd Annual Interna-
tional Conference of the IEEE Engineering in Medicine & Biology Society (EMBC),
pages 898-901. IEEE, 2021.

e Shan He and Miodrag Bolic, "Novel Metrics for Tracking Blood Pressure Changes
in Continuous Cuffless Blood Pressure Estimations," Scientific Reports, 14(1):27478,
2024.



e Shan He and Miodrag Bolic, "Analyzing and Processing the Underrated Effect of
Respiration for Cuffless Blood Pressure Estimation," submitted to IEEE Transaction
in Biomedical Engineering.

1.4 Outline of the Thesis

The thesis is organized as follows:

1. Chapter 2 reviews conventional BP measurement techniques and recent developments
in cuffless BP estimation. It also highlights critical limitations in existing studies.

2. Chapter 3 investigates the respiration variations observed in physiological features
and BPs, which can degrade estimation both estimation accuracy and trend tracking.
A VMD-based method is proposed to separate respiration modulation before model
training.

3. Chapter 4 proposes a novel evaluation metric that combines distance accuracy and
trend similarity, addressing a key gap in existing evaluation standards that primarily
focus on ME and MAE without assessing trend tracking which is crucial for long-term
monitoring.

4. Chapter 5 systematically analyzes the relationships between a wide range of mor-
phological features to BPs, proposes two BP estimation models which predict BPs in
time-series regression and aim to improve BP trend tracking performance and model
generalization with a shape-oriented loss function, soft-DTW.

5. Chapter 6 evaluates several adaptation strategies including fine-tuning, MAML, DANN,
and Procrustes transformation. The combination of DANN-based pre-training, fine-
tuning with sDTW loss, and Procrustes alignment enables effective subject-specific
BP estimation using only 2—4 calibration measures.

6. Chapter 7 summarizes the key contributions of this thesis in improving model gen-
eralization, personalization, and trend tracking in cuffless BP estimation. It also
discusses future directions, including model robustness, further reduction of calibra-
tion needs, and deployment in real-world scenarios.

10



Chapter 2

Literature Review

This chapter first introduces the conventional techniques for BP measurement. Then, the
recent advances in cuffiess BP estimation using physiological signals such as ECG and PPG
are reviewed. Finally, the major limitations of the current studies are critically examined.

2.1 Review of Current BP Measurement Techniques and
Devices

2.1.1 Invasive BP Measurement Techniques

Catheterization is the gold standard method of blood pressure measurements [27]. This
method measures instantaneous BP by placing a strain gauge in fluid contact with blood
at any arterial site (e.g., the radial artery or the aorta). This method is typically used for
perioperative monitoring during major surgical procedures and in critically ill patients. A
big advantage of the arterial catheterization is that this approach is the most accurate BP
measurement method, and it is also able to measure blood pressure as well as many other
hemodynamic parameters to evaluate the health of the cardiovascular system at different
measurement sites.

2.1.2 Noninvasive BP Measurement Techniques

Auscultation, oscillometry, and volume clamping are noninvasive methods and these
methods employ an inflatable cuff. The auscultation and oscillometry methods are widely
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used in hospital and home healthcare.

2.1.2.1 Auscultation

The auscultatory method is the standard clinical method [28] which uses a stethoscope
and a sphymomanometer. This comprises an inflatable cuff placed around the upper arm
at approximately the same vertical height as the heart, attached to a mercury or aneroid
manometer. The mercury manometer measures the height of a column of mercury, giving
an absolute result without need for subject-specific calibration and, consequently, not sub-
ject to the errors and drift of calibration which affect other methods. The use of mercury
manometers is often required in clinical trails and for the clinical measurement of hyper-
tension in high-risk patients. To conduct the measurement, a cuff of the appropriate size
is fitted smoothly and snugly around the upper arm [29], and then it is inflated manually
by repeatedly squeezing a rubber bulb until the artery is completely occluded. By listen-
ing with the stethoscope to the brachial artery at the antecubital area of the elbow, the
examiner slowly releases the pressure in the cuff. When blood just starts to flow in the
artery, the turbulent flow creates a “whooshing” or pounding (first Korotkoff sound). The
pressure at which this sound is first heard is the SBP. The cuff pressure is further released
until no sound can be heard (fifth Korotkoff sound), at the DBP. The auscultatory BP
device and the procedures of auscultatory BP measurement are shown in Figure 2.1.

SPHYGMOMANOMETRY
Arterial blood pressure is ed with a sphyg (ani cuff plus a pressure gauge)
and a steth pe. The inflation p e shown is for a person whose blood pressure is 120/80.

(a)

Cuff pressure 2 When the cuff is inflated so that

>120 mm Hg it stops arterial blood flow, no
O sound can be heard through a
% stethoscope placed over the
nfiatable brachial artery distal to the cuff.

Pressure
gauge

(b)
Cuff pressure
between 80 and
# Stethoscope 120 mm Hg

c
() Cuff pressure <

<80 mm Hg }

111| Korotkoff sounds are created by
pulsatile blood flow through the
compressed artery.

Blood flow is silent when the
J artery is no longer compressed.

Figure 2.1: An example of the auscultatory BP device (left, image adapted from [30]) and
the methodology of auscultatory BP measurement (right, image adapted from [31]).
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2.1.2.2 Oscillometry

The oscillometric method is the most popular noninvasive, automatic method [32,33]. It
was first demonstrated in 1876 3] and involves the observations in the sphygmomanometer
cuff pressure which are caused by the oscillation of blood flow, i.e., the pulse. The electronic
version of this method is widely used for home BP measurements nowadays. It uses a
sphygmomanometer cuff, an electronic pressure sensor to observe cuff pressure oscillations,
electronics to automatically interpret them and automatically inflate and deflate the cuff.
The device should be calibrated periodically to maintain accuracy [35]. For a regular
oscillometric BP measurement, the cuff is inflated to a pressure initially in excess of the
systolic arterial pressure and then reduced to below diastolic pressure over a period about
30 seconds. When blood flow is nil (cuff pressure exceeding systolic pressure) or unimpeded
(cuff pressure below diastolic pressure), cuff pressure will be essentially constant. When
blood flow is present, but restricted, the cuff pressure, which is monitored by the pressure
sensor, will vary periodically in synchrony with the cyclic expansion and contraction of
the brachial artery. Over the deflation period, the recorded pressure waveform forms
a signal known as the cuff deflation curve. A bandpass filter is utilized to exact the
oscillometric pulses from the cuff deflation curve. Over the deflation period, the extracted
oscillometric pulses form a signal known as the oscillometric waveform. The amplitude of
the oscillometric pulses increases to a maximum and then decreases with further deflation.
A variety of analysis algorithms can be employed in order to estimate the systolic, diastolic,
and mean arterial pressure [30,37]. The calculation of systolic, diastolic and mean BP using
oscillometric method is shown in Figure 2.2. However, oscillometry is unreliable in subjects
with certain conditions such as arterial fibrillation, stiff arteries, and pre-eclampsia [35].

2.1.2.3 Volume Clamping

Volume clamping is a noninvasive, automatic method used in research [10,11] . This meth-
ods measures instantaneous (finger) BP by using a cuff and a PPG sensor to measure the
blood volume. The blood volume at zero transmural pressure is estimated via oscillometry.
The cuff pressure is then continually varied to maintain this blood volume throughout the
cardiac cycle via a fast servo-control system. The applied cuff pressure may thus equal BP.
Volume clamping devices also achieve BP errors within Association for the Advancement
of Medical Instrumentation (AAMI) limits when evaluated against auscultation and near
AAMI limits when evaluated against radial artery catheterization [12]. A demonstration
of the volume-clamp method can be found in Figure 2.2. Monitroing systems, such as Fi-
napres NOVA [13] (Finapres Medical System), CNAP Monitor 500 [11] (BIOPAC Systems.
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Figure 2.2: Demonstrations of oscillometry, volume-clamp and tonometry BP measurement
methods (figure adapted from [39]).
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INC), ClearSight System [15] (Edwards Lifesciences), utilize the volume clamp method to
provide continuous, non-invasive, beat-to-beat BP monitoring from a finger cuff. These
devices have been widely used by cuffless BP estimation studies to record reference brachial
ABP waveforms.

2.1.2.4 Tonometry

Tonometry is another non-invasive method used in research that, in theory, does not require
an inflatable cuff [16,47]. Arterial applanation tonometry consists of placing, over the
skin, a pressure transducer that gently compresses the underlying artery. This action
allows the reconstruction of the BP waveform, using a proprietary algorithm taking into
account the soft tissue-related signal loss. Hence, a tonometer quantifies the arterial pulse
that physicians otherwise subjectively assess through radial palpation by estimating the
arterial wall tension. Among several different devices of this kind, the T-Line device is
user-friendly and free of user bias because the sensor is housed by a wrist bracelet rather
than handheld by a health-care provider. The sensor automatically moves over the radial
artery until maximal pulse pressure is recorded within the bracelet. And it is reported that
this device does not require calibrations 39,48, 19]. However, it is still recommended that
the devices of this kind should be routinely calibrated with cuff BP whenever a BP change
is anticipated [50]. A brief demonstration of tonometry method is shown in Figure 2.2.

2.1.3 New Wearable Cuff-based BP Devices

Omron HeartGuide (see Figure 2.3 (a)) is the first clinically-accurate, wearable BP monitor
designed in the innovative form of a wristwatch, and it was approved as a medical device
by the U.S. Food and Drug Administration (FDA) in November 2018 [51]. The device’s
BP reading accuracy is + 3mmHg [52]. Huawei Watch D (see Figure 2.3 (b)), which
integrates an inflatable cuff into the watch band, is another commercialized cuff-based
wearable BP monitor. The Huawei Watch D has been cleared as a Class II medical device
by China’s National Medical Products Administration and the BP measurement accuracy
has been reported as + 3 mmHg [53]. The oscillometry method is used by both the Omron
HeartGuide and the Huawei Watch D.
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Figure 2.3: Commercialized wearable continuous BP monitors, (a) Omron HeartGuide; (b)
Huawei Watch D; (c) Biobeat Tech BB-613WP; (d) Samsung Galaxy Active2.

2.1.4 Calibration for Conventional BP Devices

The aforementioned conventional BP devices, such as sphygmomanometers and volume
clamp based devices (e.g., Finapres) require calibration to maintain measurement accu-
racy.

For manual auscultatory or automated oscillometric devices, they are manufactured to
meet specific international standards for accuracy (e.g., ISO 81060 series). "Calibration"
in this sense refers to ensuring the pressure transducer within the device accurately mea-
sures and displays pressure (in mmHg). This is typically verified against a reference
manometer during manufacturing and quality control. Also, for clinical and reliable per-
sonal use, these devices require periodic checks to maintain the measurement accuracy.
This involves comparing the device’s readings against a recently calibrated reference de-
vice, such as a mercury sphygmomanometer or a validated digital reference.

For Finapres and similar devices which utilize the volume clamp method to provide
continuous, non-invasive, beat-to-beat BP monitoring from a finger cuff. Their calibra-
tion involves several aspects. When the device is first applied to a new user, an initial
"physiological calibration" or setup procedure is performed. This involves the device au-
tomatically determining the correct set-point for the PPG and this set-point corresponds
to the finger artery’s unloaded diameter or a target transmural pressure where the PPG
signal is most sensitive to arterial pressure changes. Once the set-point is established, the
device continuously adjusts the finger cuff pressure on a beat-to-beat basis to maintain the
constant arterial volume detected by the PPG during measurement.
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2.1.5 Limitations of Conventional Methods

The advantages and disadvantages of the aforementioned techniques are summarized in
Table 2.1. The major drawbacks of the aforementioned BP measurement methods are that
they are cumbersome and uncomfortable to use, calibrations required, and most impor-
tantly, they are incapable of continuous monitoring. Due to the limitations of conventional
methods and the significant advancements in computer vision and sensing technologies, new
approaches have been developed to monitor BP without the use of a cuff. These cuffless
BP monitoring techniques, which are well-suited for continuous and long-term tracking,
have become a prominent research focus and have demonstrated promising results.

Table 2.1: Summary and comparison of the conventional BP measurement methods.

Methods Advantages Disadvantages
e Accurate e Professional experience required
Auscultatory .
. . e Low cost e Not for continuous measurements
(noninvasive) o .
e No calibration required e Cuff-based, cumbersome and uncomfortable
e Automatic e Not accurate enough
Oscillometry e FEasy to use e Calibrations required
(noninvasive) e Low cost e Not for continuous measurements
e For Home healthcare e Cuff-based, cumbersome and uncomfortable
e Expensive
Tonometry . penst . .
. . e No cuff required e Professional experience required
(noninvasive) .
e Not for continuous measurements
e Not accurate enough
Volume-clamp e Continuous measurements e Calibrations required
(noninvasive) e DBeat-to-beat measurements e Expensive
e Cuff-based, cumbersome and uncomfortable
.. e The most accurate e Professional experience required
Catheterization . . . .
. . e Measure at different measurement sites e Only conducted in hospitals
(invasive) : . .
e Measures cardiovascular hemodynamics e Procedures are risky

2.2 Cuffless BP Estimation Techniques

This section will discuss several key methodologies: ultrasound-based, bioimpedance-based,
ballistocardiogram (BCG)-based, computer vision-based (e.g., remote photoplethysmogra-
phy - rPPG), and physiological signal-based (e.g., ECG and PPG), detailing their prin-
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ciples, SOTA works, performance, and a comparative summary of their strengths and
limitations.

2.2.1 Ultrasound-Based BP Estimation

Ultrasound-based BP estimation methods typically determine BP by measuring changes in
arterial dimensions, such as diameter, using ultrasonic waves that reflect off vessel walls [54].
The arterial diameter fluctuates with pressure according to the vessel’s mechanical proper-
ties, and this relationship can be used to calculate Pulse Wave Velocity (PWV) or directly
correlate diameter changes to BP [55]. Recent advancements have seen the development
of wearable ultrasound patches which can track blood vessel diameter for continuous BP
monitoring and have been validated on 117 subjects, showing results comparable to clinical
standards [56]. Another recent study [55] focused on lead-free KNN-based wearable ultra-
sonic patches, demonstrating effective signal transmission and vascular diameter detection
on artificial vessels. The progression from lab concepts to clinically validated wearable
patches indicates a strong drive to translate this high-fidelity sensing into practical contin-
uous monitoring.

2.2.2 Bioimpedance-Based BP Estimation

Bioimpedance techniques measure the electrical impedance of a body segment, which
changes as blood volume within arteries alters due to the pulse wave. BP is commonly
estimated by deriving PWYV from the transit time of the bioimpedance pulse waveform
between two arterial sites, relating the change in arterial cross-sectional area to the change
in measured impedanccite [57]. Sel et al. developed wearable ring sensors and achieved
correlations of 0.81 between estimation and reference and estimation errors around 0.1145
mmHg [58]. Huynh et al. proposed a bioimpedance sensor for smartwatches and reported
PWYV-BP correlations around 0.81—0.84 and RMSEs of approximately 5-7.5 mmHg [57].
More recently, Hsiao et al. developed a multi-modal wearable with two PPG and two
bioimpedance sensors and achieved MAEs<3.3 mmHg between estimated and reference
BPs using random forest regression [59].

2.2.3 Computer Vision-Based BP Estimation (rPPG)

Remote photoplethysmography (rPPG) can approximate the PPG signal by analyzing sub-
tle skin color changes from video recordings of a subject, typically the face, using standard
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cameras [00]. BP is then estimated from the rPPG signal, often using Pulse Transit Time
(PTT) principles or morphological analysis with machine learning. Dasari et al. extracted
rPPG from face and hand ROIs (regions of interest), incorporating demographic data,
achieved SBP MAE of 17.1 mmHg and DBP MAE of 13.2 mmHg [01]. Hwang & Lee
proposed a dual-network approach (DRP-Net, BBP-Net) with phase-shifted rPPG to esti-
mated BPs and the MAE between estimation and reference is 10.19 mmHg and 7.09 mmHg
for SBP and DBP respectively [62].

2.2.4 Ballistocardiogram (BCG)-Based BP Estimation

BCG is the measure of the mechanical recoil of the body caused by cardiac ejection of
blood. Features from BCG waveform, such as the time interval and amplitude of I, J and
K waves can be correlated with BP, or PTT can be derived using BCG as a proximal
reference with a distal sensor like impedance plethysmography (IPG) or PPG [63]. Liu
et al. measured BCG and IPG from a modified weight scale and estimated BPs using an
XGBoost model, the correlation coefficients between the estimations and references are
0.953 + 0.007 for SBP and 0.935 4+ 0.007 for DBP, the reported MAE is 3.35 + 0.28 mmHg
for SBP and 2.67 + 0.15 mmHg for DBP estimation respectively [63]. In 2018, Kim et al.
demonstrated the BCG I-J interval was comparable to PTT for DBP monitoring [64].

2.2.5 Physiological Signal (ECG and/or PPG)-Based BP Estima-
tion

Methods based on ECG and/or PPG signals are central to cuffless BP research, utilizing
features like PAT, or pulse wave analysis (PWA) from waveform morphology [65]. The
PPG waveform’s morphology such as fiducial points of systolic and diastolic peaks, dicrotic
notch, and its derivatives (VPG and APG) provide rich cardiovascular information and
are widely employed for cuffless BP estimation [66]. In 2023, a deep RNN model which
consists of 2 bi-directional Long Short-term Memory (Bi-LSTM) layers and 6 LSTM layers
was developed to estimate BPs from 14 features extracted from ECG and PPG waveforms,
the reported RMSEs are 3.223 mmHg and 1.781 mmHg for SBP and DBP estimation
respectively [67]. In 2025, Zheng et al. included transformer mechanisms to UNet model
(UTransBPNet) to estimate ABP waveforms from ECG, PPG and PPG derivatives, and
achieved MAE of 4.38 mmHg and 2.25 mmHg for SBP and DBP estimations on MIMIC
dataset [65].
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Table 2.2: Summary and comparison of the cuffless BP estimation methods.

Methods Advantages Disadvantages

Ultrasound Direct vascular measurement Highly motion artifact sensitive
High potential precision; SOTA clinically Good acoustic alignment/coupling required
validated Higher system complexity and cost
Continuous measure by wearable patch

Bioimpedance Compact wearable integration Electrode-skin contact required

Ballistocardiogram

(BCG)

Computer Vision
(rPPG)

ECG and/or PPG

Generally skin tone insensitive

Unobtrusive; integration into everyday ob-
jects (e.g., weight scale)
Potential for unconstrained monitoring

Completely non-contact and remote
Potential for opportunistic screening
Scalable for population monitoring

Accessible sensors in consumer wearables
Continuous, long-term monitoring

Susceptible to motion/electrodermal inter-
ference
Calibration required

Highly motion/vibration sensitive
Generally low signal-to-noise ratio of BCG
signal

Often requires secondary distal sensor (e.g.,
IPG or PPG)

Calibration required

Highly sensitive to light and motion
Significant privacy and data security con-
cerns

Accuracy affected by distance/angle/skin
tone

Calibration required

Calibration often required (peri-
odic/individual)

PPG signal susceptible to mo-
tion/light /pressure

Accuracy model-dependent; generalization
challenges

Calibration required
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2.2.6 Discussion

Cuffless BP monitoring is a dynamic and rapidly evolving field, with diverse methodologies
demonstrating strengths and limitations. As compared in Table 2.2, method based on phys-
iological signals, particular ECG and/or PPG, exhibits exceptional promise. Their distinct
advantages include low cost and widespread availability of sensors in existing consumer elec-
tronics, such as smartwatches and fitness trackers, which pave the way for cost-effective
and highly accessible BP monitoring solutions. The ability of these sensors to facilitate
real continuous beat-to-beat and long-term monitoring provides data for proactive hyper-
tension management and understanding BP variability. Therefore, this thesis will focus on
ECG and/or PPG based cuffless BP estimation methods, analyze the primary limitations
which prevent this technique for widespread real-world adoption and propose solutions to
address these limitations.

2.3 Review of ECG and/or PPG Based Studies

Cuffless BP estimation which uses ECG and/or PPG signals with machine learning models
to estimate BPs, is fundamentally a supervised regression problem. Current research within
this paradigm can be categorized by the model’s input-output architecture: feature-to-BP
(denoted as feat2bp) approaches estimate BP from extracted physiological features; signal-
to-BP (denoted as sig2bp) methods directly predict BP from raw physiological signals;
and signal-to-signal (denoted as sig2sig) techniques first reconstruct an Arterial Blood
Pressure (ABP) waveform from input signals, from which BP values are then derived.

In this section, a selection of current SOTA ECG and/or PPG based cuffless BP mea-
surement studies is reviewed. The subsequent subsections, along with Table 2.7, will detail
these studies and include a discussion of their advantages and limitations.

2.3.1 Predetermined Feature-Based Methods (feat2bp)

2.3.1.1 PTT/PAT Based Method

A number of continuous cuffless BP measurement methods have been developed over the
last decade and most of them employed PTT and PAT. PTT refers to the time it takes

an arterial pulse wave to travel between two arterial sites (usually from the heart to the
periphery) and it is inversely related to PWV which is further related to BP. PAT which can
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be approximated by the time interval from the R-peak on an ECG to the peripheral arrival
of the pulse wave, for example, a PPG waveform (as demonstrated in Figure 2.4). PAT
has been used as a surrogate of PTT for noninvasive BP estimation [69]. The theoretical
relation between PTT and BP can be expressed by Moens-Kortweg (M-K) equation [70]
which models the relationship between PWV and the incremental elastic modulus of the
arterial wall or its distensibility.

L E-h

P pum =
WV PTT 2rp

(2.1)

where, L is the pulse transit distance, PTT is the pulse transit time, p is the blood density,
r is the inner radius of the vessel, A is the vessel wall thickness, and F is the elastic modulus
of the vascular wall. By using different assumptions and different approximations, different
relationships between PTT and BP can be drawn from Equation (2.1) [71]|. For example,
the relationship between the elastic modulus £ and BP can be expressed by applying an
empirical exponential relation |72].

E = E, - ¢~ (BP=BPo) (2.2)

where, k is a constant, Fy and BPy are nominal values of Young’s modulus and BP re-
spectively. By setting different assumptions and approximations of the variables in Equa-
tion (2.1) and Equation (2.2), different relations between PTT and BP can be derived.
For example, by assuming all other variables are constant, a logarithmic dependency be-
tween BP and PTT can be extracted from Equation (2.1) and Equation (2.2). Thus, the
relationship between PTT and BP can be expressed by:

BP = o+ 4 - In(PTT) (2.3)

The coefficients o and [ are optimized based on the acquired simultaneous BP and
PTT. As aforementioned, PAT has been reported can be used as the surrogate of PTT
in BP estimation. Therefore, the non-linear relation Equation (2.3) can be adopted by
replacing PTT with PAT so that BP = o+ 3 - In(PAT).

Some reported different mathematical models derived on a basis of M-K equation with
different assumptions can be found in Table 2.3.
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Table 2.3: Different mathematical models to calculate BP from PAT and RMSE for SBP
and DBP estimations (unit: mmHg)

Models BP model Dataset RMSE
Modell [ 73] SBP: SBP, — (2/(y * PATy)) * (PAT — PATy) 12 subjects SBP: 6.09
DBP: SBP — PPy x (PAT,/PAT)? (11 males, 1 female) DBP: 3.27
Modelz [11] SBP: DBE + PPy« (PATy/PAT)? 24 subjects SBP: 3.43
ode DBP:MBP, + (2/7) In(PATy/PAT) — (PPRy/3) * (PATy/PAT)? (15 elderly hypertensive, 9 young healthy) DBP: 3.32
Model3 |77] SBP: a3 + /b3 + c3 % (1/PAT)) 32 healthy subjects SBP: 5.77
ode DBP: a3’ + /by + 3 * (1/PAT?) (24 males, 8 females) DBP: 4.22
SBP: ay + by x PAT 20 patients SBP: 21.63
Modeld [T2] ppp. gy s pAT (14 males, 6 females) DBP: 10.21

Note: v denotes a vascular information parameter which might be altered with age and the development of CVD. For healthy
subjects, it is 0.031mm - Hg—1 [74]. PPy = SBPy— DBPy, MBPy = (1/3)SBPo + (2/3)DBPy. SBPy, DBP,y, PP, are the
initial measurements conducted by cuff-based devices. The RMSE is calculated for each subject [71] (personalized model)

2.3.1.2 Pulse Wave Analysis (PWA) Based Methods

To address the limitations and inconvenience of PAT /PTT-based BP estimation, an al-
ternative approach known as Pulse Wave Analysis (PWA) has gained prominence. PWA
methods employ machine learning models that utilize a broader array of physiological
features extracted from waveforms like PPG and/or ECG, rather than relying solely on
PAT/PTT, and have demonstrated promising results in cuffless BP estimation.

A number of features extracted from both the time domain and frequency domain of
PPG signals and even features extracted from first and second-order derivatives of the
PPG waveform (common fiducial points of PPG and its derivatives are demonstrated in
Figure 2.4), have been reported to correlate with BP changes [76-79]. In this section,
various studies which extract predetermined features to be used as inputs to machine
learning models for BP estimation will be reviewed.

Several researchers have utilized machine learning algorithms to predict BP based on
features other than PTT and PAT extracted from physiological signals. In 2009, Suzuki and
Oguri [30] suggested a pioneering method for feature-based BP estimate using AdaBoost
model trained with a large amount of data (160 males and 208 females), and the mean error
for SBP estimation was —1.2+11.7 mmHg. In 2013, Kurylyak et al. |[$1] employed Artificial
Neural Network (ANN) to predict BP using 21 predetermined PPG features. Miao et
al. [$2] in 2017 retrieved 14 features from simultaneous ECG and PPG data for beat-to-beat
BP estimation, with a genetic algorithm applied for feature selection as BP indicators for
each subject. The BP estimation model was developed using multivariate linear regression
and support vector regression. The accuracy of BP prediction as demonstrated by this
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Figure 2.4: A demonstration of fiducial points of ECG, PPG, the first derivative of PPG
(VPG) and the second derivative of PPG (APG), as well as PATs which can be extracted as
the time intervals between ECG R peaks and PPG onsets, max_slope points and systolic
peaks (x axis: time (s), y axis: amplitude).

study is relatively satisfactory in terms of standard deviation, this is likely due to the fact
that the features are carefully selected for physiological reasons. Khalid et al. [$3] in 2018
only utilized five pre-determined PPG features, such as pulse area and pulse rising time,
for BP estimation using a regression tree model. The MAE was reported to be 4.82 +4.31
mmHg for SBP and 3.25 + 4.17 mmHg for DBP, which makes this work one of the first to
demonstrate satisfactory outcomes using a single PPG sensor for estimating BP. In 2018,
Su et al. [31] presented a novel deep Recurrent Neural Network (RNN) consisting of a
bidirectional long short-term memory (BiLSTM) to access larger temporal scale context
information of input sequence and model the temporal dependencies in BP dynamics to
overcome accuracy decay over time. Seven predetermined features are used as BiLSTM
inputs. The study improves the standard deviations of the estimation error of long-term
BP prediction to within 5.81 mmHg for SBP and 5.21 mmHg for DBP.

In 2020, Khalid et al. [35] proposed a two-step algorithm using a regression tree with
predetermined features to classify subjects into groups of hypotensives, normotensives and
hypertensives, the mean error is 0.07+7.1 mmHg for SBP and —0.08 6.0 mmHg for DBP.
Song et al. [86] in 2020 developed a two-stage system of stacked deep neural networks to
estimate BPs. The first stage of the system was to extract features such as PTTs from
collected ECG and PPG signals and the second stage was to estimate BPs. This study
results in the mean error of SBP —3.0 £ 6.0 mmHg and DBP —1.5 £ 6.0 mmHg. Li et
al. [77] in 2020 utilized the BiLSTM and a residual connection inside for BP estimation.
However there are only seven predetermined features used as the model inputs and the
concluded accuracy in terms of standard deviations is not small, 14.51 mmHg and 6.44
mmHg for SBP and DBP respectively. In 2020, Hsu et al. [76] dedicated effort to extracting
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Figure 2.5: (a) an example of a regular PPG pulse with distinct dicrotic notch and diastolic
peak; (b) an example of PPG pulse without distinct dicrotic notch and diastolic peak.

59 predetermined features from raw PPG and its first derivative, along with 32 features
selected as the input of the fully-connected DNN for BP estimation. This research includes
data of 2,176,188 heart pulses to calibrate and validate the proposed model. With Root
Mean Squared Error (RMSE) of SBP and DBP of 4.63 mmHg and 3.0 mmHg, respectively,
the resulting accuracy is promising. El-Hajj and Kyriacou [37] in 2021 proposed a deep
learning model of bi-directional gated recurrent units (Bi-GRU) with attention mechanism
and 22 pre-determined features are extracted from PPG waveform as model inputs. The
resulted estimation accuracy in terms of standard deviations of 4.22 mmHg and 2.07 mmHg

for SBP and DBP, respectively.

Despite the fact that the predetermined feature based cuffless BP studies have yielded
promising results, there are some drawbacks. Firstly, the PPG waveforms are highly de-
pendent on the cardiovascular characteristics for each individual. For example, the di-
crotic notch as seen in Figure 2.5 may be nonexistent for the people in older ages and/or
with chronic cardiovascular disease, and specific algorithm designed to extract many pre-
determined features could end up with erroneous features and thus cause unreliable BP
estimations for these people. In addition, the optical properties of skin, tissue, fat and
bones around and above the blood vessels to detect its pulsation among different subjects
also affect the PPG waveform, not to mention possible mis-positioning of measuring loca-
tion, motion artifacts and the varied optical performances among differently-designed PPG
devices.

2.3.2 Non-predetermined Feature-Based Methods (sig2bp)

In recent years, some works have utilized machine learning methods to address the inade-
quacy of predetermined features in BP estimation and the difficulty of extracting predeter-
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mined temporal and spectral features from physiological signals (ECG, PPG, etc) due to
the difference of cardiovascular characteristics between individuals. These studies aimed
to combine both feature extraction and regression for BP prediction into a single model.

A hierarchical artificial neural network with long short-term memory (ANN-LSTM)
was proposed in 2019 for BP estimation [$4]. The model consists of two hierarchy levels,
with the lower hierarchy level employing ANNs to extract a number of non-predetermined
morphological features from ECG and PPG waveforms and the top hierarchy level employ-
ing Long Short-Term Memory (LSTM) layers to account for the time domain variation of
the features extracted by the lower level. Thus, the efficiency of extracting characteris-
tics from raw PPG/ECG data can be significantly enhanced. Based on the data from
39 participants, this study yields estimation errors of 1.10 4+ 1.56 mmHg for SBP and
0.58 £ 0.85 for DBP. Slapnicar et al. [33] reported in 2019 a spectro-temporal deep neural
network using ResNet with residual connections, designed to extract non-predetermined
features and subsequently estimate BP. This study also compared the accuracy of BP pre-
dictions using the proposed model and a standard regression with 12 predefined temporal
and frequency features. The MAEs of 9.43 mmHg and 6.9 mmHg for SBP and DBP re-
spectively which is better than the traditional regression method, however, these results
are still relatively large and do not meet AAMI or British Hypertension Society (BHS)
standards. In 2020, Landry et al. [29] developed a novel nonlinear dynamic autoregres-
sive model with exogenous input by employing an artificial neural network to model the
BP waveforms using ECG and/or PPG, extracting non-predetermined features, and then
predicting BPs. The final mean error of BP estimation for this study was —1.2 + 17.8
mmHg and —0.6 8.3 mmHg for SBP and DBP, respectively, with a much larger standard
deviation for SBP than other studies indicated in Table. In 2020, Panwar et al. [90] pro-
posed a model comprised of Convolutional Neural Network (CNN) and LSTM, named as
a Long-term Recurrent Convolutional Network (LRCN). CNN-LSTM is conceptually sim-
ilar to Tanveer and Hasan’s ANN-LSTM [91], where CNN is designed to extract features
and LSTM to estimate BP. The LRCN is expected to be both effective and lightweight.
To calibrate and test the proposed LRCN, the 1557 subjects’ data from MIMIC II were
evaluated. The reported standard deviations in terms of accuracy for SBP and DBP are
5.65 mmHg and 5.41 mmHg, respectively. To estimate BP, Aguiree et al. [92] developed
an RNN encoder-decoder architecture comprised of Gated Recurrent Unit (GRU) and an
attention network in 2021, the estimation errors in terms of the standard deviation are
relatively large with 15.67 mmHg and 7.32 mmHg for SBP and DBP. In 2021, a combined
deep CNN-LSTM multitasking network was developed for estimating BPs from ECG and
PPG waveforms and attained Mean Estimation Errors (MEs) of 0.0 + 1.6 mmHg for SBP
and 0.2 £ 1.3 mmHg for DBP [93].
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2.3.3 ABP Waveform Prediction (sig2sig)

The morphology of the PPG and BP waveforms has been proved to be highly correlated
in [94] (overall correlation coefficient r > 0.9, see Figure 2.6) which indicates the feasibility
of modeling BP waveforms directly from simultaneous PPG waveform and BP values can
be then extracted from predicted ABP waveforms. In [95], a U-Net-based deep learning
model was developed to reconstruct BP waveforms from PPG waveforms and achieved
satisfactory results, an example of PPG-BP waveform mapping is shown in Figure 2.7.

Normotensive Prehypertensive Hypertensive

r=0.907 r=0.956 r=0.933

SBP = 112 mmHg 130 m 1 SBP = 150 mmHg

—_—

Figure 2.6: Examples of PPG and ABP morphology similarity analysis. r refers to the
morphology correlation between PPG and ABP waveforms (adapted from [91], y axis:
normalized amplitude).

2.3.4 Calibration for Cuffless BP Estimation

Calibration is critically required for new subjects because substantial inter-subject phys-
iological variability means that generalized cuffless models, derived from ECG and PPG
features, often fail to accurately map these features to an individual’s true BP without
subject-specific adaptation. This personalization is essential as the relationship between
physiological parameters and BP is significantly influenced by individual-specific factors
such as arterial stiffness, vascular tone, and anatomical differences, which generic models
cannot adequately capture.

The "calibration" for cuffless BP estimation differs significantly from the calibration
process conducted for conventional BP devices described in Section 2.1.4. In the domain
of cuffless BP estimation utilizing physiological signals such as the ECG and/or PPG,
calibration is defined as the process of personalizing a pre-trained BP estimation model
to a new subject. This procedure is critical to account for the inherent inter-subject
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Figure 2.7: An example of the BP waveform modelling using PPG waveform demonstrated
in [95]. (a). the PPG waveform used as input of the model; (b). the predicted ABP wave-
form using approximation network (red), the predicted waveform using refinement
network (blue) and the ground truth ABP waveform (green).

physiological variability, which is significantly influences the relationship between measured
physiological features and actual BP values. The primary purpose of calibration is to
enhance the accuracy and reliability of BP estimates for a specific individual by adapting
the model to their unique cardiovascular characteristics. The calibration process typically
involves the following sequential steps:

1. Concurrent data acquisition: simultaneous recording of the subject’s ECG and PPG
waveforms. Contemporaneous measurement of subject’s reference BP values using
a validated, gold-standard cuff-based device (e.g., an oscillometric or auscultatory
sphygmomanometer). This is usually performed at one or multiple discrete time
points.

2. Model Personalization and Adjustment: Extraction of relevant physiological features
from the recorded ECG and PPG signals (e.g., PAT, morphological features of the
waveforms). Then utilization of these extracted features along with the corresponding
reference BP readings to adjust, fine-tune or derive the parameters of the cuffless BP
estimation model specifically for that new subject.

Common calibration schemes employed by previous studies:
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e [Initial calibration: this is the most prevalent approach, where a new user provides one
or more initial cuff-based BP readings during simultaneous ECG and PPG record-
ing. These paired data points are then used to optimize the subject-specific model
parameters. This can be a single point calibration or involve multiple readings to
create a more robust personalized model.

e Periodic recalibration: due to physiological changes over time (e.g., vascular aging,
lifestyle changes, medication effects), the accuracy of the initial calibration can de-
grade. Consequently, periodic recalibration with a reference cuff device (e.g., daily,
weekly, monthly, and annually) is often recommended to maintain the model’s per-
formance. However, the optimal frequency for recalibration is still a open problem.

2.3.5 Current Cuffless BP Devices

A number of wearable cuffless BP monitoring devices have been commercialized. For
example, the Biobeat Tech BB-613WP (see Figure 2.3 (c)) device was cleared as cuffless
BP monitoring device by the U.S. FDA in August 2019. According to the report [96], this
device predicts BP using the traditional PTT method based on both ECG and PPG signals.
This device, however, requires calibration every three months for each user. Neither the
techniques of signal preprocessing used for retaining quality PPG waveforms nor how the
features of PTT are extracted in real time were disclosed to the public. Samsung revealed
that the software for estimating BP for Galaxy Watch Active2 (see Figure 2.3 (d)) and
newer models have been approved by South Korea’s Ministry of Food and Drug Safety
(MFDS), but there is no technical validation report available but a summary [97].

Although these products are already available to consumers, their unknown monitoring
accuracy and reliability, frequent calibrations required prevent them from being widely
used for clinical diagnosis purpose.

2.4 Limitations of Current Cuffless BP Studies

2.4.1 Generalization and Personalization
Despite the promising results shown in current studies, cuffless BP estimation remains far

from real-world deployment, primarily due to challenges in model generalization and the
lack of effective personalization strategies.
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2.4.1.1 Inadequate Model Generalization

Cuffless BP estimation, which aims to predict BP values from physiological features or di-
rectly from signals such as PPG and ECG, is fundamentally a supervised regression task.
In this context, the concept of model generalization is paramount. Model generalization
refers to a machine learning model’s capacity to maintain performance on new, previously
unseen data that originates from the same underlying distribution as data used for train-
ing. The significance of robust model generalization is amplified in healthcare applications
like cuffless BP monitoring, where the primary goal is to develop reliable devices for con-
tinuous and unobtrusive patient monitoring. Moreover, physiological signals are known
to exhibit significant inter-subject variability, meaning that individuals can have distinct
signal characteristics (then cause completely different features extracted) even under sim-
ilar physiological conditions. Inaccurate predictions on new individuals can lead to severe
consequences, such as delayed recognition of hypertension.

However, a large number of studies are not cautious about data used to train, validate
and test their proposed model and cause inflated model performance due to potential
subject-level data usage. Some examples of statements regarding data usage for model
training and evaluation from existing studies are shown as follows:

"After processing of the dataset, 4,254 records were obtained. The new dataset is
then randomly partitioned into three sets: 60% as training, 20% as validation
and the remaining as test samples." [95]

"The data were shuffled and randomly selected to train the deep learning model. In
total, 60% of the data was used for training, 20% was used for validation, and
20% was used for testing." [99].

"80% of the total dataset was used to train the model and 20% to evaluate the
model performance. Furthermore, 10% of the training data was used for validation to
prevent the model from overfitting the training dataset." [93].

"Seventy percent of the dataset was used for training, 10% for validation, and 20%
for testing." [100].

"Before the training of our proposed deep neural network predictor, the selected feature
set is split into three parts, and part contains 70%, 20% and 10% of the data, which serve
as training, testing and validation datasets, respectively." [76].

"The dataset were divided into 70% train, 15% validation and 15% test sets." [101].

"In this experiment, 60% of the data is used as a training set, 20% as a test set, and
20% as a validation set." [102].
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"We used 70% of the total data for training our model, 15% for validation, and the
remaining 15% for testing." [103].

"In total, there are 58,795 valid intervals of PPG signal (subject number is 72) and
corresponding BP values for different people and different time instances. In order to

avoid overfitting, we use 70% of them for network training, 15% of them for validation,
and 15% of them for testing." [104].

"In each of the four non-linear regression models, estimation of each of the BP values
(DBP, MAP, SBP) is done by separating training and testing data with the 10 fold cross
validation algorithm." [105].

These studies applied naive random split or k-fold cross validation may place data from
the same subject in both training and testing sets. This causes subject-level data leakage:
the model can learn the subject’s baseline pulse morphology, distribution of features or
calibration offset from the training data, and thus trivially predict that subject’s BP in
the test set. As Sanchez et al. explain in their study that randomly shuffling a dataset
with multiple samples per subject "leads to examples of the same subject in different
folds, i.e. information leakage". In this case, the model relies "mainly on subject-specific
characteristics" and achieves artificially low errors [106]. Related studies also validated
that random splits can overestimate model performance. In 2024, LaBerge found that
random splitting improved SBP MAE by an average of ~ 13.8 mmHg and DBP MAE
by ~ 7.3 mmHg compared to a patient-wise split. A number of BP estimation models
proposed previously were re-implemented [106], and most methods exhibited their SBP
error drop by approximately one half. For example, the deep ResNet reported MAE of
SBP approximately 21.0 mmHg under subject-wise evaluation, but only ~ 6.3 mmHg
under the random split evaluation [107]. In a recent benchmark study (2025 Feb), a deep
learning model XResNet1d101 was trained and evaluated on the PulseDB [1058] dataset
with different strategies. When using a subject-specific calibration approach (where part
of data from the test subject are used in training phase), the MAEs were 9.4 mmHg for SBP
and 6.0 mmHg for DBP. However, when the same model was evaluated in a calibration-
free manner (where the data from the test subject was never used for training), the MAEs
increased significantly to 14.0 mmHg for SBP and 8.5 mmHg for DBP. The performance
degradation was even more significant when these calibration-free models were tested on
a different, out-of-distribution datasets, where SBP MAEs ranged from 15.0 mmHg to as
high as 25.1 mmHg [109].

These examples consistently underscore a critical reality: models trained and evaluated
without strict subject separation often learn subject-specific characteristics rather than
generalizable physiological features indicative of BP. This will lead to a substantial per-
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formance drop when these models are tested on completely new, unseen individuals. For
example, several SOTA models were re-implemented and evaluated using two strategies:
an intra-subject approach, where a separate model is trained for each individual, and an
inter-subject approach, where a model is trained on a group of subjects and tested on
entirely unseen subjects [110]. The results from these two evaluation strategies showed
substantial differences, as demonstrated in Table 2.4.

Table 2.4: Evaluation of BP estimation in the MIMIC-II UCI-ML dataset with regard to
MD, STD and MAE (adapted from [110]).

Intra-subject metrics (mmHg) Inter-subject metrics (mmHg)

Algorithm
MD  STD MAE MD  STD MAE
XGBoost SBP  0.07  7.48 4.86 4.09 2049 16.67
008 DBP 002 3.89 2.29 0.87  9.60 7.14
) SBP 001 11.00 8.00 0.26 2045 16.49
LightGBM DBP 000 565 3.77 0.10  9.59 7.21
CatBoost SBP 0.0l 858 5.94 0.42  20.29 16.43
DBP 001 459 2.94 012 9.7 7.38
) SBP 041 5.2 3.17 J0.65 24.08 19.10
Residual U-Net  npp g7 989 1.54 -0.20  11.09 8.18
SBP 030 9.94 7.23 204 24.72 19.85
ResNet18 DBP -0.05 5.75 4.05 2034 11.25 8.42
SBP 075 14.76 11.19 0.15 22.30 17.71
ResNet-LSTM  ppp 02 7.04 5.74 -0.76  10.26 7.96

In this thesis, experiments were also conducted to demonstrate the model generalization
problem for cuffless BP estimation studies. Four SOTA models, MLP-based model [7(],
CNN-LSTM [93] , HGCTNet [111] and UNet [95] which estimate BP using different input-
output architectures were re-implemented (see Figure 2.8 for model structures). 680 subsets
of the UCI Cuffless BP Estimation dataset were extracted and prepared in 10-fold leave-k-
subject-out cross validation (k=68). In each fold, 68 subsets were held-out as testing set,
the remaining 598 subsets were used as training set and 20% of each training subset are
used for validation. The structures of 4 SOTA models are shown in Figure 2.8 and the inter-
subject MAE between the reference and estimated BPs for test subsets are demonstrated
in Table 2.5.

As demonstrated in Table 2.4 and Table 2.5, the MAE> 15 mmHg for SBP estimation
and MAE>7 mmHg for DBP estimation using different types of models, indicating the
challenge of model generalization and also highlights the requirement of effective person-
alization strategies for accurate estimation for new subjects.
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Figure 2.8: Four SOTA models with different input-output structures for cuffless BP esti-

mation.

Table 2.5: Mean and standard deviation of absolute error between estimated BPs and
reference BPs using 4 different types of SOTA models with UCI dataset.

SBP (AE) DBP (AE)

mean std mean std

MLP (feat2bp) 17.61  14.96 8.91 8.83
CNN-LSTM (sig2bp) 17.58 12.83 8.63 7.69
HGCTNet (sig&feat2bp) 18.61 12.17 8.29 7.78
UNet (sig2sig) 15.46  13.05 7.37 6.97
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2.4.1.2 Few-Shot Personalization

Although new cuffless BP estimation models continue to emerge, research specifically fo-
cused on the personalization of deep learning-based approaches remains limited. Slapnicar
et al. [112] proposed a personalization approach by incrementally training the entire pre-
trained model using an additional 20% of data from a specific subject, which reduced
the SBP/DBP MAE from 15.41 mmHg / 12.38 mmHg to 9.43 mmHg / 6.88 mmHg. In
2022, Leitner et al. [113] introduced BP-CRNN-Transfer, a recent approach to personal-
izing cuffless BP estimation models. Their method involves freezing the lower layers of
the network and fine-tuning the last convolutional and fully connected layers, which re-
duces the SBP/DBP MAE from 4.59/2.27 mmHg to 3.52/2.20 mmHg. To mimic domain
adaptation, the dataset is partitioned strictly by subjects to define source and target do-
mains. However, this method requires a substantial amount of data—up to 3600 samples
for optimal performance and at least 50 samples for fine-tuning—making it less practi-
cal for low-calibration scenarios. In 2024, a few-shot transfer learning method comprised
of a modularized multi-modal network architecture called MSTNN and a personalization
adapter (PA) was proposed to address the limitation of the previous studies that a large
number of calibrations are required for personalization [111]. This study demonstrated
the SBP MAE can be improved from 8.85 mmHg to 6.92 mmHg and DBP MAE can be
improved from 4.82 mmHg to 3.73 mmHg by using 5 calibration measures for model person-
alization. However, the results barely satisfies IEEE 1708a-2019 evaluation standard [25]
(MAE<7 mmHg) and the SBP estimation can only be considered as "Grade C".

2.4.2 Unsatisfactory BP Trend Tracking Performance

Cuffless BP estimation technologies are inherently intended for continuous and longitudinal
BP monitoring. However, the majority of current research predominantly concentrates on
the accuracy of discrete BP value estimation, often neglecting a critical assessment of model
performance in continuous BP trend tracking.

Although the current cuffless BP studies have shown promising results, existing per-
formance validation standards are inadequate for this new research problem. In the last
three decades, several organizations, such as the British Hypertension Society (BHS) [117],
Association for Advancement of Medical Instrumentation (AAMI) [23], and the European
Society of Hypertension (ESH) |1 16] have proposed their individual protocols of clinical val-
idation for BP measurement devices. In 2018, a single universal standard (AAMI/ESH /ISO
Universal Standard - ISO 81060-2:2018 [21]) was developed by AAMI, ESH and ISO experts
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for global use of BP device validation and it was expected to replace all other previous stan-
dards/protocols. Although these validation protocols were designed for cuff-based devices
and for intermittent assessments, the majority of current cuffless BP studies [76,87, 117]
still employed these protocols to evaluate the performance of their proposed approaches,
which was considered inadequate and misleading for continuous and cuffiess BP measure-
ment [118]|. Therefore, new standards were adjusted and adapted based on aforementioned
cuff-based protocols for cuffless BP devices specifically. In 2014, the IEEE (Institute of
Electrical and Electronics Engineers) published the first standard for validating the accu-
racy of cuffless wearable BP devices (IEEE 1708-2014) [119] and an amendment of this
protocol was updated in 2019 (IEEE 1708a-2019) [25]. ISO (International Organization
for Standardization) published their protocol ISO 81060-3:2022 [26] which is specific for
continuous noninvasive sphygmomanometers in 2022. In 2023, EHS also proposed their
recommendations for the validation of cuffless BP measuring devices [120]. A summary
of key aspects of validation protocols from several aforementioned standards are listed in
Table 2.6.

Table 2.6: Key aspects of validation protocols developed for cuff-based and cuffless BP
devices.

ANSI/AAMI ISO Standard IEEE Standard ISO Standard ESH
SP10:2002 [23] 81060-2:2018 [24] 1708a-2019 [25]  81060-3:2022 [26] recommendation 2023 [120]
Device type cuff-based; intermittent cuff-based; intermittent cuffless; intermittent cuffless; continuous cuffless; continuous
Reference Ausculatory; mercury sphygmomanometers; . . ausculatory
. . ausculatory intra-arterial . .
method intra-arterial accurate non-mercury ! 24-h oscillometric

Main MD; MD; MAD MD; MD;
accuracy metrics SDD SDD SDD SDD
Pass -5 <MD <5 —5<MD <5 MAD< 7 -5 <MD <5 —5<MD <5
requirement (mmHg) SD< 8 SD< 8 - SD< 8 SD<8

MD: mean estimation difference; SDD: standard deviation of estimation difference. See Table 4.1.
MAD: mean absolute estimation difference. See Table 4.1.

In Table 2.6, several similarities can be observed among different protocols for both cuff-
based and cuffless devices. The pairwise distances between the estimations and references
are used as the primary metrics to validate the performance of the proposed device against
the reference measurements. However, the results obtained from experiments indicate that
sometimes an estimation model may meet the distance criteria, even though it may not
accurately monitor BP changes. For example, the MAD+SDAD of a 543 seconds’ testing
subset shown in Figure 2.9(a) is (3.77+£2.51) mmHg for SBP which is considered as "Grade
A" of IEEE Standard 1708a-2019 [25]. However, the model is unable to track one acute
BP change occurred between 325 and 375 seconds. We believe this is a general but under-
estimated problem of the existing studies. It is because the existing validation standards
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do not well define the metrics to evaluate the ability of the proposed methods/devices in
tracking BP changes.

Recently, the increasing number of studies revealed the BP pattern is related to different
diseases and it is also important to accurately track BP patterns for both short-term
and long-term. BP pattern refers to the morphology of sequential BP readings from a
certain period of time which consists a number of monotonous trends. For example, several
studies [121-123] observed that BP has a daily pattern and a global experiment [121] of
144,509 brachial SBP measurements from 2,423 healthy subjects is shown in Figure 2.9(b).
It can be observed that BP starts to rise a few hours before a person wakes up and
continuous to increase during the day, peaking in midday. Then BP typically decreases
in the late afternoon and evening, and even lower at night while sleeping. An accurate
measure of BP pattern can assess BP changes and BP variability. Based on the time window
BP is assessed, BP pattern can be categorized and measured in different ranges, including
very short-term (beat-to-beat, minute-to-minute), short-term (within 24h, hour-to-hour,
day-to-night), long-term (day-to-day, months and years) [124, 125].

Abnormal BP patterns may indicate specific forms of hypertension (e.g. nocturnal
hypertension) or may be associated with concomitant illness (e.g. sleep apnea) and recog-
nition of these abnormal BP patterns can be helpful in diagnosis and management of
hypertension [126]. Cardiovascular analysis indicates that obstructive sleep apnea (OSA)
will cause acute hemodynamic changes [127]; both BP and heart rate (HR) initially de-
crease and then progressively increase by approximately 20 mmHg and 15 bpm, respec-
tively [128]. Orthostatic hypotension, which indicates impaired physical performance and
cerebral autoregulation, also causes rapid BP changes, SBP declines at least 20 mmHg
and/or DBP declines at least 10 mmHg within 3 minutes (most declines occur within the
first minute [129]) after standing up [I30]. Activities can also cause BP variations, as
shown in Figure 2.10. Figure 2.10(a) illustrates the BP waveform of a subject performing
multiple hand grippings for one minute and then recovered. the BP decreases when the
force applied to the hand grip increases, and there is a rapid BP drop when hand griping is
stopped (e.g., a 32 mmHg decrease of SBP from 60s to 65s) and then BP gradually recovers.
Figure 2.10(b) illustrates the BP steadily increases when a participant walks for one minute
(SBP increases from 128 mmHg to 152 mmHg), study [131] also reveals that SBP increases
significantly and proportionally to workload increase during exercise test in healthy adults.
Figure 2.10(c) illustrates BP changes responding to Valsalva Maneuver (VM), VM can be
divided into four phases based on hemodynamic changes. The BP will transiently increase
in Phase 1 and then steadily decrease in Phase 2. In Phase 3, BP will further decreases
and increases and overshoot in Phase 4, and gradually recover to normal. Comparing to
exercises which steadily change BP, VM can significantly change BP within a very short
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time, the mean and standard deviation of SBP changes (max(SBPvy ) —min(SBPvy), e.g.,
174-85=89mmHg in Figure 2.10(c)) is 115 & 21 mmHg concluded from 5 subjects’ 19 VM
segments in DailA BP dataset (see Section 4.3.2 for details). Figure 2.10(d) illustrates BP
decreases when a subject changes posture from sitting to standing and then recovers to
normal. The work [132] indicates 24-hour BP values are linearly related to stroke risk and
the Dublin Outcome study concluded that nocturnal BP was overall the best predictor
of cardiovascular risk, with a 10 mmHg increase in mean nocturnal SBP being associated
with a 21% increase in cardiovascular mortality [133]. It was also studied that sleep phases,
such as rapid eye movement and non-rapid eye movement, have different BP patterns [134].
Therefore, it is vital for future studies to evaluate the performance of BP pattern tracking
with their estimation models, and eventually facilitating the adoption of continuous cuffiess
BP estimation in real-world clinical applications.
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Figure 2.9: (a) An example of the proposed BP model unable to track BP changes but
the overall MAD and SDAD is low. This segment is 543 seconds, MAD+SDAD for SBP
is (3.77 + 2.51) mmHg. (b) 24-hour ambulatory brachical SBP pattern, stratified by age.
Solid lines are mean values and dash lines are 95% confidence intervals (reproduction of
the middle figure of Figure 2 demonstrated in work [121], author authorized the use of this
figure in this study).

2.5 Conclusion and Discussion

Despite the fact that the existing SOTA cuffless BP estimation research have yielded en-
couraging results. This new BP monitoring method remains far from achieving widespread
real-world application due to aforementioned limitations.
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Figure 2.10: (a) BP waveform when hand grips were performed by squeezing a rolled
towel at maximum voluntary contraction (0-60s) and at rest (after 60 s), (b) BP waveform
when the subject was walking for 1 minute, (¢) BP waveform when Valsalva maneuver
was conducted, the BP reached maximal during Phase 1, (d) an example of BP changes
extracted from DailA BP when a subject changed posture from sitting to standing, the
lower track is the orientation of subject’s knee (unit: degrees), 0° indicates thighs are
parallel to ground (sitting) 90° indicates thighs are perpendicular to ground (standing).

Consequently, this study will analyze the limitations of the current methods and fo-
cus on several key problems to improve the generalization of BP estimation models and
accuracy of BP trend tracking.
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Table 2.7: A summary of existing state-of-art cuffless BP estimation studies.

Sensors

Training

(year) (databases) Model inputs Models strategy Accuracy
[83] PPG 5 features Regression o SBP —0.1 £6.5*
2018 (Queensland) (pre-determined) tree DBP —0.6 &+ 5.2*
[104] PPG 22 features ANN P SBP 4.02 4+ 2.8**
2018 (MIMIC) (pre-determined) DBP 2.27 + 1.8**
[84] PPG ECG 7 features Deep RNN, p SBP N/A +5.8%*
2018 (MIMIC) (pre-determined) LSTM DBP N/A + 5.2**
[135] PPG 13 features of PPG/dPPG Linear p SBP 4.06 & 9.2**
2018 (MIMIC) (pre-determined) regression DBP 3.99 + 5.2**
[136] PPG PPG features Regression P SBP 7.87 £ 7.5%*
2018 (MIMIC) (pre-determined) tree DBP 3.84 + 3.6**
features from time
[157] PPG . SBP 4.25 + 5.2+
2018 (MIMIC) and frequency domain ELM G DBP 3.95 + 4.9**
(pre-determined)
[105] PPG features from PPG/SDPPG " SBP 0.19 4+ 4.18*
2019 (MIMIC) (pre-determined) AdaBoost G DBP—0.05 & 8.9*
[85] (1\1/1)111)\/?10 16 features Regression o SBP 0.07 £ 7.1*
2020 (pre-determined) tree DBP —0.08 +6.0*
Queensland)
[79] PPG selected from 101 time and frequency domain Gaussian process a SBP 3.02 + 9.3**
2020 (222 subjects) (pre-determined) regression DBP 1.74 + 5.5**
[&6] PPG ECG features from DNN P SBP —4.80 4+ 4.7**
2020 (110 subjects) ECG and PPG DBP 4.8 4+ 3.9**
[77] PPG ECG 7 features from ECG/PPG Bi.LSTM o SBP 4.64 4 14.5**
2020 (MIMIC II) (pre-determined) - DBP 3.16 & 6.4**
[76] PPG ECG 59 features from ECG/PPG Fully-connected I SBP 3.21 4+ 4.6**
2020 (MIMIC 1II) (pre-determined) DNN DBP 2.23 + 3.2**
[87] PPG 59 PPG features Bi-GRU, G SBP —1.26 £1.6**
2021 (MIMIC 1I) (pre-determined) Attention DBP 2.58 + 3.4**
[99] ECG/PPG 7 features from ECG and PPG BiLLSTM G SBP 5.82 4 6.8**
2021 (18 subjects) (pre-determined) DBP 5.24 +6.1**
[91] PPG ECG 2 second segments, ANN-LSTM p SBP 1.10 £+ 1.6**
2019 (MIMIC, 39 subjects) features from ECG/PPG (not pre-determined) DBP 0.58 + 0.9**

Continued on next page
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Table 2.7 — continued from previous page

Work Sensors . Training
(year) (databases) Model inputs Models strategy Accuracy
10 second segments, o
2[019] (MIMIPCP(gOE(SJSb'ects) continuous data sequence input CNN G* IS)];T; ?;291122%**
’ J (not pre-determined) ' ’
pulse segments of PPG, DPPG and SDPPG, sk
[112] PPG : ResNet, SBP 9.43 + N/A
. frequency domain features G .
2019 (MIMIC, 510 subjects) (not pre-determined) and LOSO DBP 6.88 + N/A
Segments of the original,
[139] PPG ECG FFT and derivatives CONN o SBP 5.32 4+ 5.5**
2019 (MIMIC) of signals DBP 3.38 + 3.8**
(not pre-determined)
8 second segments, . ok
[100] ECG, PPG, BCG CNN and Bi-BRU to extract Bi-GRU ek SBP 4.06 & 4.0°*
2020 (15 subjects) 198 foatures Attention DBP 3.33+3.4
[89] PPG, ECG ECG and PPG data ANN p SBP —1.2£17.8*
2020 (MIMIC) (not pre-determined) DBP —0.6 &+ 8.4*
[90] PPG 8 second segments LSTM o SBP —1.25 +£5.7*
2020 (MIMIC 1II, 1557 subjects) (not pre-determined) DBP 1.55 £+ 5.4*
[103] PPG segments of 350 samples U-Net o SBP 3.68 & 4.4**
2021 (MIMIC III) (not pre-determined) e DBP 1.97 + 2.9**

Training strategy: P—Personalized model, G-Generalized model, G*—Partial generalized model(part of test subjects’ data used for training)
Accuracy: x—mean error (ME), x+x—mean absolute error (MAE)




Chapter 3

Respiratory Effect on Cuflless BP
Estimation

In this chapter, the respiratory effect for cuffless BP estimation is comprehensively revealed.
Then a VMD-based method is proposed to separate variations caused by respiration from
physiological features and BPs before training an estimation model.

A version of the method described in this Chapter was prepared and submitted to IEEE
Transaction on Biomedical Engineering.

3.1 Prior Insights on Respiratory Effects in Cuffless BP
Estimation

Despite the advances of current cuffless BP estimation studies, this technique remains
far from achieving widespread real-world application, and we hypothesize that addressing
an ostensibly ordinary, yet overlooked, factor-respiration—could potentially enhance its
performance. Respiration, which is the physiological process of gas exchange, has been
considered by most of the previous studies as a main contributor to Baseline Wandering
(BW) of physiological signals, such as ECG and PPG which are widely employed for
cuffless BP estimation. As shown in Figure 3.1(a), the baseline level of the PPG waveform
shows slow and low-frequency fluctuations over time which is in phase with simultaneous
respiration waveform. BW can interfere with the analysis of signals, making it difficult
to accurately measure the pulsatile component of the signal. For example, BW can cause
inaccurate detection of ST segment (demonstrated in Figure 2.4) from ECG waveform
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Figure 3.1: (a) A demonstration of baseline wandering (BW) caused by respiration on PPG
waveform, (b) a 4th order Chebyshev type II bandpass filter with low cut-off frequency of
0.5 Hz and high cut-off frequency of 12 Hz applied to PPG waveform to remove BW.

and lead to misdiagnosis if not properly addressed [I10]. Similarly, this low-frequency
noise introduced by BW may distort PPG waveform, making it difficult to accurately
identify fiducial points and potentially impact feature extraction for cuffless BP estimation.
Therefore, existing cuffless BP estimation studies commonly employed filtering methods to
remove BW before fiducial points detection and further analysis. It is generally accepted
that normal Respiration Rate (RR) for an adult person ranges from 12 to 20 breaths per
minute (0.2 Hz to 0.33 Hz) at rest [I11]. Therefore, a bandpass filter, specifically a 4th
order Chebyshev bandpass filter which can emphasize the difference between the systolic
and diastolic waves of PPG and resulting more salient dicrotic notches [112, 113] (see
Figure 5.9), is recommended to conserve the frequency content of the PPG pulse waves
while filtering out lower-frequency content (e.g. BW caused by respiration) and higher-
frequency content (e.g. muscle noise or power interference) [66,79, 1411]. Therefore the 0.5-
12 Hz frequency band was recommended for filtering purpose [145]. A demonstration of a
9-second original PPG waveform and filtered PPG waveform using a 4th order Chebyshev
type II bandpass filter with low cut-off frequency of 0.5 Hz and high cut-off frequency of
12 Hz is shown in Figure 3.1(b).

Besides the BW observed in physiological waveforms which is caused by respiration.
Charleston et al. [116] further revealed respiration can also effects PPG waveform in terms
of both amplitude modulation (AM) and frequency modulation (FM), and morphological
features extracted from PPG waveform also illustrates respiratory variation which can be
further applied for RR estimation. There have also been studies discussing the effects of
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respiration on BP, HRV analysis [15, 17]. A previous related study [18] also discovered
respiration can add variations to PAT which is a widely used feature for cuffless BP es-
timation, indicating RM is probably the most important reason for the inaccuracy of BP
estimation with only the PAT and the requirement of intermittent calibration to maintain
accuracy. Although these relevant findings revealed the overlooked role of respiration in var-
ious physiological measurements, it has never been comprehensively discussed and assessed
for cuffless BP estimation. Therefore, this study is dedicated to validate the existence of
RM in physiological waveforms, features extracted from these waveforms and eventually,
its impact on cuffless BP estimation accuracy. Towards this objective, the rest of this chap-
ter will be organized as follows. The mechanisms of RM are introduced, and its general
existence in physiological features used for cuffless BP estimation are demonstrated. A
VMD based method is proposed to separate RM component and a new metric-respiration
modulation ratio (RMR)—is proposed to quantify the strength of RM for a wide variety of
physiological features. Finally, the correlation coefficients between extracted features and
BPs are evaluated before and after removing RM, which can provide a new guideline for
feature selection. Additionally, the difference between cuffiess BP estimation performance
using physiological features with RM and without RM are demonstrated and compared.

3.2 Data, Pre-Processing and Feature Extraction

3.2.1 Experiment Data, Signal Processing and Feature Extraction

To validate the existence of RM on physiological features for BP estimation and study the
effect of RM on cuffless BP estimation accuracy. The Bed-based Ballistocardiogram (BCG)
Dataset [117] (from now on referred as BCG BP) which collects three-lead ECG, finger
PPG, simultaneous reference ABP and respiration waveforms at the sampling frequency of
1 KHz which enhances the resolution of extracted features and can potentially improve BP
estimation accuracy. This dataset includes 40 participants (17 males) whose ages range
from 18 to 65 years and their body mass indices (BMIs) range from 18 to 48 kg/m?, and four
participants indicated that they had some form of past or current cardiovascular-related
conditions. Each subject was asked to recline in a customized bed with BCG sensors and
an average of 6.97 minutes’ data were collected. To ensure fiducial points of physiological
signals and morphological features are accurately detected and extracted for RM evaluation
and cuffless BP estimation, 8 subjects whose physiological waveforms are in poor quality
were excluded from this study.

A 4th order Chebyshev type II bandpass filter with low cut-off frequency of 0.5 Hz
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and high cut-off frequency of 12 Hz was applied to remove low frequency BW and high
frequency noises from PPG waveform. A lowpass filter with cut-off frequency of 12 Hz
was applied to ABP waveform. The fiducial points of ECG, PPG and its first and second
derivatives (VPG and APG respectively), as well as ABP waveforms were detected to
extract physiological features for RM assessment and cuffless BP estimation. The R peaks
of ECG was detected using the Pan-Tompkins algorithm [118]. The PPG fiducial points
(onset, systolic peak, dicrotic notch and diastolic peak), fiducial points of the first derivative
of PPG (u, v and w points) and fiducial points of the second derivative of PPG (a, b, ¢, d,
e and f points) were detected using an adjusted method based on pyPPG algorithm [1415].
Then 69 physiological features and simultaneous SBP and DBP values are extracted from 32
subjects of BCG BP dataset. These physiological features can be categorized into 8 types:
3 PATs (from ECG and PPG), 17 interval-based features (from PPG and its derivatives),
4 amplitude-based features (from PPG and its derivatives), 3 area-based features (from
PPG), 16 ratios between interval based features (from PPG and its derivatives), 17 ratios
between amplitude based features (from PPG and its derivatives), 1 ratio between area
based feature (from PPG) and 8 ratios between combined features (from PPG and its
derivatives). A demonstration of fiducial points of ECG, PPG and PPG derivatives, as
well as three PATs is shown in Figure 2.4. The detailed descriptions of 69 features as well
as their relevance to BP changes can be found in Section 5.1.

These extracted beat-to-beat features and simultaneous BPs are then resampled to a
fixed sampling rate of 2 Hz to form uniformly sampled time series, and outliers caused
by inaccurate fiducial point detection especially for features extracted from PPG first and
second derivatives were detected using the three-sigma rule and then replaced by piecewise
cubic hermite interpolating polynomial ("pchip") interpolation method.

3.3 Respiration Modulation

3.3.1 Frequency Bands and Spectral Analysis

Frequency domain analysis is commonly applied for HRV analysis, as distinct spectral
ranges provide insights into underlying physiological mechanisms [119]. Techniques such
as Fast Fourier Transformation (FFT) and autoregressive (AR) modeling can be used to
separate HRV into its component ultra-low-frequency (ULF), very-low-frequency (VLF),
low-frequency (LF), high-frequency (HF) rhythms that operate within different frequency
ranges.
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3.3.1.1 Spectral bands from 0 to 0.04 Hz

The ULF band which ranges between 0 to 0.003 Hz, and VLF band which ranges from
0.003 to 0.04 Hz, representing slow variations over relatively long time scales. The ULF
may be primarily driven by circadian rhythms and other contributors operating over long
time periods include core body temperature, metabolism and renin-angiotensin system
[150]. The exact meaning of VLF is not entirely clear [151], it could correspond to slower
influencing rhythms such as hormonal rhythms, thermoregulation and renin-angiotensin
system [150, 151].

3.3.1.2 Spectral Band from 0.04 to 0.15 Hz

The LF range is typically defined between 0.04 to 0.15 Hz. However, the origin of LF
power is complex and unsettled. Some studies indicate that LF power may be produced by
both the parasympathetic nervous system (PNS) and sympathetic nervous system (SNS),
and BP regulation via baroreceptors [150, 151], though some suggest primarily by the
PNS [150]. During resting conditions, the LF band is stated to reflect baroreflex activ-
ity and not cardiac sympathetic innervation [150]. However, sympathetic modulation of
vasomotor tone, which occurs at approximately 0.1-0.15 Hz, is suggested to contribute
to the LF band [18,152], and Mayer waves which are slow spontaneous BP oscillations
and are driven by sympathetic mediation are reflected in the HRV spectrum within this
range |151]. Furthermore, during periods of slow RRs (below 8.5 bpm or 7-second periods),
vagal activity can easily generate oscillations in heart rhythms that cross over into the LF
band, meaning respiratory-related efferent vagally mediated influences can be particularly
present in the LF band [150, 151].

3.3.1.3 Spectral Band from 0.15 to 0.4 Hz

The HF band in frequency-domain analysis is typically defined as the range from 0.15
to 0.4 Hz. The HF band is widely accepted as an indicator of parasympathetic activity
[150,151]. Tt is also called the respiratory band because it corresponds to the HR variations
related to respiratory cycle. The HF band in frequency-domain analysis is typically defined
as the range from 0.15 to 0.4 Hz. The HF band is widely accepted as an indicator of
parasympathetic activity [150, 151, 153]. It is also called the respiratory band because it
corresponds to the HR variations related to the respiratory cycle [150].

As demonstrated in Figure 3.6, some widely employed physiological features for cuf-
fless BP estimation exhibit cyclical variations caused by respiration. Features, such as
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pulse arrival time (PAT), time interval of PPG systolic phase (T sys) and systolic area
of PPG pulses (AUC _sys) illustrate dominant HF bands. Furthermore, throughout our
experiments, we carefully analyzed different frequency bands of the extracted physiological
features and their effects on cuffless BP estimation, the HF band which is primarily driven
by respiratory activities is found to impact the BP estimation results the most. Therefore,
the following sections of this chapter will focus on analyzing the HF band and proposing
methods to suppress its effect for cuffless BP estimation.

3.3.2 Mechanisms and Previous Studies of Respiratory Modula-
tion

Respiration has been shown to modulate cardiovascular dynamics, particularly influencing
BP regulation and the spectral characteristics of HRV. In 1733, Stephen Hales first observed
fluctuations in arterial pressure associated with respiration [16]. Subsequent studies, such
as one conducted in 1952, have demonstrated that respiratory variations in BP are affected
by factors including breathing patterns, RR, and body posture [17]. For example, breathing
at a normal depth and rate can cause SBP fluctuations of up to 3 to 6 mmHg (e.g. shown
in Figure 3.2(a)), and slow and deep breathing has been found to cause large fluctuations in
SBP of up to 15 to 20 mmHg (e.g. shown in Figure 3.2(b)) [151]. Empirical results obtained
from our experiments indicate that the fluctuations caused by respiration is generally more
prominent in SBP and pulse pressure (PP), and less prominent in DBP and MBP, like
shown in Figure 3.2 and Figure 3.6. This result is in line with a relevant previous study [15].
Respiration introduces fluctuations in BP through both mechanical and neural mechanisms.
Mechanically, inspiration lowers intrathoracic pressure, which enhances the filling of the
right heart and consequently increases right ventricular stroke volume [17]. This leads to
a rise in effective pressure in the pulmonary veins, promoting increased filling of the left
heart and a subsequent rise in left ventricular stroke volume. The mechanical effects are
modulated by respiratory rate, with stroke volume modulation decreasing as respiratory
rate increases. Neurally, respiratory activity directly influences sympathetic motoneurons;
inspiratory activity inhibits sympathetic motonuclei, while expiratory activity facilitates
it. This is further influenced by afferent pulmonary and thoracic stretch receptors, which
inhibit sympathetic activity during inspiration. Spontaneous changes in BP or reductions
in arterial baroreceptor afferent input can also modify respiratory modulation of muscle
sympathetic outflow [119].

In the mid-19th century, Carl Ludwig described Respiratory Sinus Arrhythmia (RSA),
initiating systematic investigations into the influence of respiration on HR [15]. RSA
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Figure 3.2: (a) respiration can cause SBP fluctuations up to 3 to 6 mmHg with normal
breathing depth and rate, (b) respiration can cause up to 15 to 20 mmHg with show and
deep breathing.
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Figure 3.3: A demonstration of RSA, and power spectrum of HR which exhibits two
prominent peaks of LF and HF bands.

illustrates that HR increases during inspiration and decreases during expiration, as shown
in Figure 3.3. This modulation stems from the direct impact of the central respiratory
drive on cardiac vagal preganglionic neurons, coupled with the inhibition of cardiac vagal
efferent activity through lung inflation [155]. RSA enhances pulmonary gas exchange by
synchronizing the heartbeat with the respiratory rhythm [155].

RM, such as RSA, manifests within the HF range, reflecting the changes in HR that
synchronize with the respiratory cycle [146, 152]. For example, analyzing the HR shown
in Figure 3.3 in frequency domain, it demonstrates both prominent LF and HF ranges
and the peak of the HF range can exactly indicate the RR (fiesp ~ 0.32 Hz). Several
methods were proposed to separate RM from HR for more accurate HRV analysis. One
approach involves using an adaptive noise canceller (ANC) with an FIR filter and the
least mean squares (LMS) algorithm to reduce the influence of respiration on the HRV
signal by comparing HRV with simultaneously recorded respiration signal [156]. Another
method uses orthogonal subspace projections (OSP) to decompose the HRV signal into a
respiratory component and a residual component, thereby separating the linear respiratory
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influences from the HR to improve the estimation of RSA and sympathovagal balance [153].
Additionally, spectral filtering techniques like notch filters or raised cosine filters can be
applied to the R-R intervals to remove the spectral component of a constant respiratory
influence, aiming to isolate the underlying HRV parameters without respiratory artifacts

[157].

Additionally, previous studies discovered respiration can also cause variations to phys-
iological features which can be applied for cuffless BP estimation. Respiration has been
proven to heavily modulate PAT which is the time interval between ECG R peak and
PPG systolic peak, consequentially cause unsatisfied BP estimation results. Therefore a
new feature-PPG intensity ratio (PIR, see Figure 3.6)-which demonstrates less HF com-
ponents was applied to improve BP estimation accuracy [18]. A previous study [158] found
that PAT exhibits more significant cyclical fluctuations than PTT, which indicates res-
piration modulates more heavily on pre-ejection period (PEP), as PAT is defined as the
summation of both PTT and PEP. Other physiological features, such as systolic time in-
terval (STI) and diastolic time interval (DTI) were also reported can be modulated by
respiration [19].

However, the influence of RM on a variety of features for BP estimation, as well as
its effect on cuffless BP estimation accuracy, has rarely been previously examined or ad-
dressed. This is probably due to the fact that most of the existing cuffless BP estimation
studies employed MIMIC databases (e.g., MIMIC-II [159] and MIMIC-III [160] waveform
databases, and UCI cuff-less blood pressure estimation dataset [161]) where the physiolog-
ical waveforms, such as ECG, PPG and ABP are sampled at 125 Hz, resulting in a low
temporal resolution of 0.008 s of time interval based features, such as PAT, pulse interval
and systolic time of PPG pulses. However, this low sampling rate may not be sufficient
to detect RM, as it was recommended that a minimum sampling frequency of 500 Hz for
reliable RSA assessment [150], especially for patients with heart failure requires higher
sampling rates for adequate temporal resolution [162].

3.3.3 The Complexity of Respiration Modulation

3.3.3.1 RM Fluctuations Are Enhanced by Upright Posture

The BP fluctuations caused by respiration are found more exaggerated in the erect posture,
comparing to subjects in the supine posture [17]. The power of HF band extracted from
PAT is significantly higher when subjects are in the tilt position than subjects are in
the supine position, with the average power of HF bands calculated from 14 subjects of
4.59x 1073 s? in the tile position, comparing to ~ 2.68 x 1073 s? in the supine posture [155].
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Figure 3.4: Demonstration of amplitude of RM fluctuations may vary with RR, the RM
components extracted from PATs of both examples (left and right) are demonstrated in a
same amplitude scale.

3.3.3.2 The Amplitude of RM Fluctuations Increases With Decreasing RR

As shown in Figure 3.4, the amplitude of RM component extracted from PAT is greater
at a slower RR comparing to a faster RR.

3.3.3.3 The Frequency of RM Fluctuations Might Be a Function of RR

The BP may exhibit fluctuations at a submultiple of the respiration rate. An example
shown in [17] the BP fluctuation of a subject occurs at one third of the respiration rate.
The RM fluctuations occur approximately at the rate of 6 per minute when the subject
actually breaths at the rate between 15 breaths to 20 breaths per minute (see Figure 6
of [17]). Even though this study mentioned this is a quite common phenomenon, it has
not been observed from our experiments.

Study [163] explored the effects of OM chanting—an ancient Indian mantra practiced at
a breathing rate of approximately 3 breaths per minute (0.05 Hz)—on the synchronization
between ECG R-R intervals, respiration, and SBP. Interestingly, the researchers observed
unexpected oscillations around 0.1 Hz in both SBP and RR intervals during breathing at
0.05 Hz. This phenomenon of frequency doubling may be attributed to the interaction
between the breathing rhythm and intrinsic Mayer wave activity.

3.3.3.4 The Relation Between the RM Fluctuations and the Respiratory Phase
is a Function of RR

As demonstrated in Figure 3.5 (a), the RM variation extracted from SBP decreases during

inspiration and increases during expiration at slow respiration rate (approx. 7 breaths per
minute). However, the RM variation extracted from SBP increases during inspiration and
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Figure 3.5: Demonstration of phase of RM fluctuations may vary with RR (y axis: ampli-
tude).

decreases during expiration at a fast respiration rate (approx. 18 breaths per minute), as
shown in Figure 3.5 (b). The phase difference between RM fluctuations of SBP and PAT
remain the same regardless different RRs.

3.3.4 The General Existence of RM on a Wide Variety of Physio-
logical Features and BPs

Our experiment results indicate that all 69 features extracted from 32 subjects from BCG
BP dataset are affected by RM, although the degree of effect varies across different types
of features. In general, respiration modulates interval-based features and interval-related
features more heavily, like the example shown in Figure 3.6 which illustrates twelve features
selected from different types and BPs, as well as their power spectrum. Moreover, the RM
components derived from the features exhibit different phase characteristics. As an example
shown in Figure 3.7, the extracted RM components of PPG pulse amplitude (A _sp), PPG
systolic time (T _sys) and SBP almost synchronize in phase. However, the extracted RM
components of PAT ms, IPA and SBP are exactly out of phase. RM affects physiological
features differently, making it significantly challenging for an estimation model predict
BP accurately (examples of effects on 69 extracted features and BPs for 2 subjects are
demonstrated in Figure A.3 to Figure A.14).
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Figure 3.6: Twelve originally extracted features of different types, SBP, DBP, MBP and
PP with the simultaneous reference respiration waveforms and their power spectrums.

3.3.5 Separating RM from Physiological Features and BPs

The VMD method is a robust and adaptive signal decomposition technique that decom-
poses a signal into an ensemble of band-limited intrinsic mode functions (IMFs). Unlike
the conventional Empirical Mode Decomposition (EMD), which is based on empirical sift-
ing processes and is prone to issues such as mode mixing and sensitivity to noise, VMD
formulates the decomposition as a well-defined variational problem [1G4]. This formulation
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Figure 3.7: An example of phase difference RM components between four features—
PAT ms, pulse amplitude, systolic time and IPA, and SBP, the time delay between features
and SBP are calculated using cross-correlation based method.

allows for a simultaneous extraction of modes by minimizing the sum of their estimated
bandwidths under the constraint that their collective sum reconstructs the original signal.
The reason to use VMD based method is based on two considerations. First, the results
obtained using VMD-based method doesn’t exhibit edge distortion as conventional low-
pass filter. Second, as VMD can decompose the originally extracted features into different
frequency components which can be further used for applications such as RR estimation
and respiration waveform monitoring.

VMD is particularly effective for amplitude and frequency modulated signals because
it inherently constrains each mode to be compact around a central frequency, ensuring
that each decomposed component is nearly monochromatic [165]. This property facilitates
the accurate separation of distinct oscillatory components, making it highly suitable for
analyzing signals with complex modulation patterns.

VMD decomposes the originally extracted feature or BP Fj(t) into K IMFs:

Bt =3 ul) +r(t) (3.1)

k=1

where u(t) is the k-th IMF and r(¢) the residual. The number of modes K is determined
by spectral analysis.

For each IMF wg(t), compute its peak frequency f; via Fourier transform:
fr = arg max | F{ug(t)} (3.2)

where F denotes the Fourier transform.
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Reconstruct the RM-suppressed features or BPs F i(t) by aggregating IMFs with peak
frequencies within 0 to 0.12 Hz which is the combination of ULF, VLF and LF bands:

Fi(t) = up(t), S={klfr <0.12 Hz} (3.3)

keS

In this study, the lower limit of HF band is adjusted to 0.12 Hz to accommodate slow
respiration (< 7.2 breaths/min).

As shown in Figure 3.8, VMD decomposes a 90 seconds’ PAT ms of a subject from
BCG BP dataset into 4 IMFs with different frequencies. The IMF1 and IMF2 corresponds
to the RM caused by faster breathing rates occur at the first 10 seconds, and from 30 to 70
seconds. The IMF3 corresponds to the RM caused by slower breathing rates occur between
10 to 30 seconds, and the last 20 seconds. The IMF4 with its peak frequency of 0.02 Hz
indicates the long-term trend of PAT ms. According to Equation 3.3, the IMF4 is used
as the RM-free version of PAT ms.

3.3.6 Respiration Modulation Ratio (RMR)

A new metric-respiration modulation ratio (RMR)-is proposed to quantify the strength of
the RM component of each physiological feature and BP, and the RMR is defined as:

Psi na * N— - Mz ?
R,MR, _ gnal _ N Zn_l (x[n] 1% ) > (34)

Pea L3N (2ruln] — prw)

where Pigna is the power of the originally extracted physiological features or BPs, and
Pgry is the power of the extracted RM component using the proposed method. xz[n] is
the original feature sequence which has n samples, p, is the mean of the original feature,
xrm[n] is the extracted RM component and pgy is the mean of the RM component. The
interpretation of RMR is similar to signal-to-noise-ratio (SNR) which are described as
follows:

e RMR > 1: This indicates that the power of the original feature is greater than the
power of RM component. In this case, the feature is less affected by respiration,
suggesting that it predominantly reflects the underlying physiological signal rather
than respiratory influence.

e RMR < 1: This indicates that RM contributes more power than the original feature
itself. A low RMR suggests that the feature is highly influenced by respiration,
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Figure 3.8: A demonstration of originally extracted PAT ms with RM and decompose the
original PAT ms into 4 IMFs with different frequency components using VMD, and the
RM-suppressed PAT ms is obtained by aggregating IMFs with peak frequency f,r < 0.12
Hz.

which may introduce unwanted variability and compromise the feature’s reliability
for downstream analysis.

e RMR = 1: This implies that the power of the original feature and RM component
are equal, indicating that respiration-induced variations and the intrinsic feature
variations are of comparable magnitude. This scenario suggests a moderate level
of respiration interference, where respiration-related fluctuations should be carefully
considered in the analysis.

The RMR of twelve selected features, as well as the corresponding power spectrums are
shown in Figure 3.6.
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Figure 3.9: An example of a 400-seconds segment of originally extracted SBP, DBP,
PAT ms and PIR and their RM-suppressed versions, along with the scatter plots and
Pearson correlation coefficients between PAT ms, PIR and BPs.

3.4 Effect of Respiration on Cuffless BP Estimation

3.4.1 Impact of RM on Feature Selection

RM may influence the result of feature selection which is an important process for cuffliess
BP estimation. After removing RM components from physiological features and BPs, the
relationship or relevance between physiological features and BPs may be different and can
potentially improve cuffless BP estimation accuracy. For example, the originally extracted
SBP, DBP, PAT ms and PIR, as well as their RM-free versions are shown in Figure 3.9.
It can be observed that both PAT ms and PIR are significantly modulated by respiration
and their correlation coefficients with both SBP and DBP improve significantly. The
correlation coefficients between 69 physiological features extracted from ECG, PPG and
PPG derivatives and BPs with RM and without RM are shown in Appendix A.3, which
can be used as a new guideline of feature selection for cuffless BP estimation.

3.4.2 Impact of RM for Cuffless BP Estimation Accuracy
Two models are employed to assess the impact of RM for cuffless BP estimation accuracy.

e BP estimation with PAT and PIR (Model 1): the SBP and DBP can be
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estimated using PAT and PIR based on Moens-Korteweg equation [15]:

PIR,
DBP = DBP; - .
0" PIR (3:5)
B PIR, PAT, \?
SBP = DBPq - 5 + PP < AT ) (3.6)

where DBPy, PAT, and PIRy are the initial measurements of DBP, PAT and PIR
respectively. PPy is the initial measurement of Pulse Pressure (PP) which can be
calculated by PPy = SBPy — DBP, and SBPj is the initial measurement of SBP.

The mean values of the first 5 samples of SBP, DBP, PIR and PAT are calculated
as the initial measurements for each subject. Each subject’s SBP and DBP are then
estimated based on Equation 3.5 and Equation 3.6.

BP estimation with 69 physiological features and CNN-BiLSTM model
(Model 2): a CNN-BiLSTM model is developed which consists of three 1D con-
volutional layers (channels = 32,32,64) with kernel size of 3 and ReLU activation
functions to gradually transform the 69 physiological features into a richer represen-
tation. Then two bidirectional long short-term memory (BiLSTM) layers (hidden
size = 64, 128) further refine the feature representation obtained from CNN layers

to capture temporal dependencies. Finally, a linear layer maps the output of the last
BiLSTM to predict SBP or DBP respectively.

32 subjects are divided into 8 folds. For each fold, a leave-4-subjects-out cross-
validation strategy is implemented, whereby the proposed CNN-BiLSTM model is
initially trained on the features and reference BP measurements of 28 training sub-
jects. Subsequently, for each of the four testing subjects, the first five samples of
features and their corresponding BP values are utilized to fine-tune the model for
personalized adaptation. Finally, the fine-tuned model is employed to predict BP for
the remaining samples of each testing subject.

For each estimation method, both originally extracted features and BPs with RM, and RM-
suppressed features and BPs are employed to evaluate the impact of RM on accuracy of
cuffless BP estimation. MAE, the standard deviation of absolute error (std), and Pearson
correlation coefficient (r) are employed to quantify the accuracy and similarity between the
estimations and references. The results of BP estimations using two models with originally
extracted features and RM-suppressed features are illustrated in Table 3.1. It can be
observed that after removing RM from physiological features and BPs, the BP estimation
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Table 3.1: Mean and standard deviation of absolute error, and Pearson correlation coef-
ficient (r) between estimated BPs and reference BPs using two estimation models with
originally extracted features and RM-suppressed features.

MAE (std) r
SBP (with RM) 7.78 (7.15) 0.38
Model 1 DBP (with RM) 7.29 (6.86) 0.39
SBP (without RM) 5.57 (5.26) 0.48
DBP (without RM) 5.16 (5.14) 0.41
SBP (with RM) 7.11 (6.77) 0.30
DBP (with RM) 4.25 (3.52) 0.14
Model 2 opp (without RM) 6.73 (6.10) 0.36
DBP (without RM) 3.66 (3.52) 0.25

accuracy and trend similarity which can be implicitly quantified by Pearson correlation
improved for both estimation models. For Model 1, the MAE between estimated SBP and
reference SBP improves to 5.57 mmHg and Pearson correlation coefficient improves from
0.38 to 0.48 by using RM-free features. And for Model 2, the MAE between estimated
SBP and reference SBP improves from 7.11 mmHg to 6.73 mmHg and Pearson correlation
coefficient improves from 0.30 to 0.36 by using RM-free features.

Examples of the reference and estimated SBP of two subjects using Model 1 and Model
2 with both respiration modulated features and BPs, and RM-suppressed features and BPs
are shown in Figure 3.10 and Figure 3.11. It can be observed that the estimations using
RM-free features exhibit less noises and more accurate long-term trend tracking.

3.5 Conclusion and Discussion

In this section, we conducted a comprehensive analysis on the impact of respiration on
cuffless BP estimation. Our experiments revealed that respiratory modulation introduces
short-term fluctuations across a broad spectrum of physiological features used for BP esti-
mation, with the magnitude and phase of these variations differing significantly among fea-
ture types. To mitigate these challenges, we propose a frequency analysis method based on
VMD to separate and remove RM from the extracted physiological features and BPs before
training the estimation models. Alongside this, we introduce a novel metric—the respira-
tion modulation ratio (RMR), analogous to the signal-to-noise ratio (SNR)—to quantify
the intensity of RM.

Our results indicate that after suppressing RM, the physiological features exhibit a
stronger correlation with BPs, particularly in terms of interval-based features. This find-
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Figure 3.10: Examples of two subjects’ estimated and reference SBP using Model 1 with
both respiration modulated features and RM-free features.

ing provides a new guideline for signal processing and feature selection aimed at enhancing
cuffless BP estimation accuracy. Comparative analyses using two different BP estima-
tion models for 32 subjects demonstrate that RM-suppressed features yield improved BP
prediction performance, as reflected by reduced MAE and enhanced Pearson correlation
coefficients, thereby indicating a closer alignment of long-term BP trends with reference
measurements. Consequently, we strongly recommend that future research pay more at-
tention to the effect of respiration—an often overlooked factor—in advancing the accuracy
of cuffless BP estimation.
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Figure 3.11: Examples of two subjects’ estimated and reference SBP using Model 2 with
both respiration modulated features and RM-free features.
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Chapter 4

Novel Metrics for Tracking Blood
Pressure Changes in Continuous
Cuffless Blood Pressure Estimations

This chapter proposes a comprehensive evaluation framework for cuffless BP estimation
which compares the similarities between the references and estimations in terms of both
distance and trend. A composite metric is also proposed to combine both distance and
trend similarity metrics. The proposed similarity metrics are normalized metrics which
range from -1 to 1 and can be easily interpreted. The new proposed similarity metrics are
generic and can be applied to other healthcare monitoring studies and even general time
series similarity comparison problems.

Publication: a version of the method described in this chapter was previously pub-
lished by Nature Scientific Reports [166].

4.1 Conventional Performance Metrics for Cuffless BP
Evaluation

4.1.1 Distance Metrics

The pairwise distance measures between the estimated and reference BPs are the most
common metrics employed by the majority of current studies, as well as the aforementioned
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validation standards. For SBP and DBP, the mean and standard deviation of estimation
difference (MD and SDD), the mean and standard deviation of absolute difference (MAD
and SDAD) and the root mean squared difference (RMSD) of the n individual paired
measurements of the estimation and of the reference measurements for all subjects are
calculated using equations shown in Table 4.1. Although these pairwise Euclidean distance
based metrics are straightforward, intuitive and less computationally complex, they can
not properly evaluate the accuracy of BP pattern tracking. For instance, the values of
these aforementioned distance metrics between a set of simulated BP estimations and the
reference (see Figure 4.5 and Section 4.3.1 for details) are illustrated in Table 4.6. It
can be observed that simulated BP estimations BP.;_4 satisfy the passing requirement
of IEEE Standard 1708a-2019 (MAD<7 mmHg), but BP.y2_4 were unable to accurately
track BP patterns. Though MAD between BP45 and BP . is 8.14 mmHg, but BP.s5
almost has the identical morphology to BP .. which performs better than BP.ys_ 4 in BP
pattern tracking. It can also be observed that MAD and RMSD can better indicate the
accuracy of the estimation model in BP change tracking than MD, for example, comparing
BP.2 and BP.3 against BP,;. Furthermore, the contributions of individual error values
to the final results are different for MAD and RMSD, since the errors are squared before
being averaged, the RMSD assigns a higher weight to large errors than MAD. For example,
the RMSD between BP.4 and BP,; shown in Figure 4.5 is 6.24 mmHg whereas the MAD
is 4.29 mmHg.

There are also some distance metrics developed to measure curve similarity, such as
Dynamic time warping (DTW) [167], Fréchet distance [168] and Hausdoff distance
[169]. These metrics address the key limitations of pairwise distance based metrics in
terms of time scaling and shifting and time series in different lengths, but they are more
computationally complex than pairwise distance metrics. As the length of estimation and
reference are identical and the time delay (may be caused by time series estimation models,
such as RNN and LSTM) should be composited before comparison. These metrics are not
necessary for cuffless BP evaluation.

Therefore, we suggest to use MAD or RMSD as the primary distance metric for future
studies.

4.1.2 Correlation Coefficient

A popular metric to evaluate the agreement between estimations and reference measure-
ments is the correlation coefficient. Pearson correlation coefficient (PCC, denoted as
p), which measures the linear correlation between two variables, is commonly employed
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Table 4.1: Definition of distance metrics and correlation coefficients widely-used for cuffless
BP estimation evaluation.

Distance metrics Correlation coefficients
Estimation Mean Standard deviation P
ifF n w ; earson _ o
difference MD = 137 (BPest; — BPrer;)  SDD = \/ﬁ > i1 (BPest; — BPret; — MD)? correlation ¥ ez
Absolute Mean ~ Standard deviaton
difference

Concordance 2012
correlation ¢ m-pePtoi+o}

Root mean
squared difference

RMSD =

BPsi: BP estimated by the test device/method; BP,er: BP measured by the reference device/method. i: index of the individual element; n: the number of measurements.

o12: covariance of BPest and BPyef; 01 and o9: standard deviation of BPes and BPyef; 11 and po: mean of BPegy and BP,f.

by the majority of existing studies [76,79]. The mathematical definition of PPC is shown
in Table 4.1. However, p has one major shortcoming when assessing the reproducibility
of measurements: it is invariant to additive or/and multiplicative shifts by a constant
value, which is also an issue for the Spearman correlation coefficient. Therefore, using p to
compare the similarity of the estimated BPs and the reference BPs may be misleading.

The concordance correlation coefficient (CCC, denoted as p.) was originally in-
troduced by Lawrence Lin to address the aforementioned limitations of PCC in 1989 [170)],
and the formulation of CCC is shown in Table 4.1. The relationship between p and p. can
be further derived as p. = p-C}, (see Appendix for details) which means CCC (p.) contains
the measurements of both Cy, (a measure of accuracy) and PCC (a measure of precision).
A demonstration of limitations of PCC and the robustness of CCC in detecting scale and
location shifts comparing to PCC is shown in Appendix A.4.2.

The previous works [171,172] translate p into descriptors like "weak," "moderate," or
"strong", and McBride [173] suggested that p. > 0.99 for "almost perfect," 0.95 < p, < 0.99
for "substantial," 0.90 < p. < 0.95 for "moderate" and p. < 0.90 for "poor." However,
there is still no clear-cut agreement how to interpret both PCC and CCC for cuffless BP
evaluation.

Though the results of PCC and CCC shown in Table 4.6 can indicate the morphology
similarities of a simulated dataset. They are not suitable for evaluating BP pattern tracking

of noisy and long-term data collected from real subjects, as described in Section 4.2.3 and
Section 4.3.2.
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4.1.3 A Composite Score to Represent Similarity in Mean, Vari-
ance and Correlation Coefficient

A composite score, generic composite similarity measure (GCSM) [174], which was orig-
inally proposed to compare similarities of spatial or temporal patterns from images for
ecological studies can be used to address the limitation that a single distance metric can
not measure the pattern similarity for two compared sequences (as described in Section
4.1.1). GCSM composes the similarity measures of mean, standard deviation and correla-
tion coefficient of two compared sequences (z and y) to a single score, and its formulation
is shown in Table 4.2.

Table 4.2: Equation for calculating GCSM and definitions of each component.
GCSM(z,y) = s1(x,y) - s2(x,y) - s3(z,y)

Components:
1 0, =0y,=0
sz(x,y):lfm s3(z,y) =40 o, or o,=0
ey otherwise

020y

o lpemp]
S (T 1) — maxg y—ming 4 53 2 0
SUTY) = L mingy bmas ) —py|
maxg,y—ming

s3<0

1o and p,: mean values of the compared sequences = and y; max, , and min,, are the global maximum and minimum of sequences = and y;
0, and oy: standard deviation of two sequences x and y; o4, is the covariance of sequences x and y.

It can be inferred from the formulations that si(z,y) € [0,1], so(z,y) € [0,1] and
s3(x,y) € [—1,1] and therefore GCSM(z,y) € [—1,1]. The mean, standard deviation and
PCC are more similar for two compared sequences when GCSM(x, y) runs to 1. Although
the GCSM consists of three different metrics to measure the overall similarity between
sequences, it still has drawbacks. s;(z,y) and so(z,y) are sensitive to outliers if |11, — | <
max, , —min, , or |0, —o,| < (max,, —min,,)/2, the s;(z,y) or s2(z,y) can still be close
to 1 which indicates two sequences have similar means and standard deviations, though
the actual differences (the numerators of s;(z,y) and sy(z,y)) can be significantly large
and cannot be ignored.

4.2 A New Comprehensive Performance Evaluation for
Cuffless BP Estimation

In this section, a new comprehensive performance evaluation method which quantifies the
similarity of distance, trend and the composite of them, between the reference and es-
timated BP measurements will be introduced. This new method addresses the problems
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or limitations of the existing evaluation metrics and methods employed for cuffiess BP es-
timation (as described in Section 4.1). The workflow of this new method is demonstrated
in Figure 4.1, and the pseudocode of the proposed method is shown in Algorithm 4.1.
The pre-processing is done with piecewise linear representation (PLR) which divides the
compared estimated and reference BP sequences into segments according to trend changes
and approximates segment linear trends. For each segment, new proposed distance and
trend similarity metrics will be evaluated, and a composite similarity metric which com-
bines both distance and trend similarities using weighted sum is then calculated. Finally,
the temporal normalization method will combine the segment similarity results for entire
sequence evaluation and result interpretation.

Pre-processing
BP_ref « change point detection

2 « equal segment number (ESN) process
g /\/\\ « segmentation
h = J [ il ! |1 1 | 1 1
150 ' '

segment similarities

—r
Time (s) 1
:; T
BP-eSt o5 % 4 T w it N distance (DS) o
NS T Time (s) : sequence similarities
B ; o ) trends segments

Time s linear representation (PLR) composite similarity (CS)
o' 1 1 ' 1 wy-DS+wy TS results
ECp \/\L/‘ 1 combining
£~ : ::> 5 DS, TS € [-1,1] |:|'>
o e % I b N trend (TS) wi+w, =1
o :
— BP_ref — BP_est —-segment indices segments interpretation

Figure 4.1: The framework of the proposed comprehensive performance evaluation method
for cuffless BP estimation, including sequence pre-processing, segment similarity evaluation
and sequence similarity evaluation.

4.2.1 Pre-processing

The similarity of two raw time series is difficult to measure as time series data are typically
noisy and of high dimensions. As a result, it is common and efficient to work with data
representations that are lighter than the raw data by reducing the dimensions of the data
while maintaining their main properties, a number of techniques can be applied for this
purpose (see study |1 75] for methods introduction and comparison). In this study, piecewise
linear representation (PLR) [176] which can effectively extract trend information from the
original time series data by dividing the original data into a number of segments according
to trend changes and approximating the linear trends is employed. The number of segments
that one time series should be divided into can be decided using several approaches, such as
sliding window [177], top-down [178] and bottom-up [179] algorithms (see [180] for details).
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Algorithm 4.1 Segment distance, trend and composite similarity metrics and temporally

normalized metrics
Input: two sequences for comparison z and y, length(z) = length(y)
Output: TNCSM(z,y) € [—1,1]
: changepoint z = segmentation(z) > segment x and extract change points, according to tendency
changepoint _y = segmentation(y) > segment y and extract change points, according to tendency
changepoint _zy = sort([0, unique(changepoint x U changepoint ), length(x) — 1]) > ESN process
changepoint _process(changepoint xy) > process changepoints such that each segment has enough samples for PLR
Tp = length(x) > duration of the sequence
TN DS=0,TN TS=0,TN _CS=0
for i + 1 to length(changepoint _zy) — 1 do
t; = changepoint _zy(i) + 1 > for the first segment, ¢; = changepoint _zy(7)
ti+1 = changepoint _zy(i + 1)
xT; = Ct(ti: ti+1)
yi = y(ti: tiy1)

e e e el el
PO NPT W= ORI DL E YT

xy, = least_squares(z;)
1, = least squares(y; > approximate a straight line for each segment using least squares method
YL; _ Y g g g
DS(z;,yi) = distance _similarity(z;, y;) > evaluate segment distance similarity
TS(x;,y;) = trend _similarity(zr,,yr,) > evaluate segment trend similarity
CS(zi,y:) = w1 - DS(ws, i) + w2 - TS(z4,y:) > calculate composite similarity using weighted sum
tq, =tiy1 —t; > duration of i-th segment
: TN_ DS += % -DS(xi,y:) - ta, > compute sequence distance similarity with temporal normalization
19: TN _ TS += % - TS(x4,¥s) - ta; > compute sequence trend similarity with temporal normalization
20: TN_CS += % -CS(xi,yi) - ta, > compute sequence composite similarity with temporal normalization
21: end for

However, these methods are parametric which means parameters such as the number of
segments to be divided into or the approximation error threshold must be pre-defined,
and these parameters will impact the segmentation results and therefore affect similarity
comparison between sequences (e.g., the results demonstrated in Table 2 of study [181]).
In this study, a non-parametric Bayesian method, Bayesian estimator of abrupt change,
seasonality, and trend (BEAST) [182], is employed to pre-process the original compared
sequences. A demonstration of detecting change points and segmenting the reference and
estimated BPs using BEAST is shown in Figure 4.4(a). However, two time series may
have different number of segments (e.g., the reference BP is divided into 8 segments and
estimated BP is divided into 9 segments as shown in Figure 4.4(a)), then a equal segment
number (ESN) process which re-divides both time series into the same number of segments
while also ensures a segment has enough samples (m > 2) for linear trend approximation
is developed and applied to the compared sequences.

After segmentation and ESN process, the least squares method is applied to approx-
imate the original segment data to a straight line which represents the segment trend
(pre-processing steps are described in Algorithm 4.1 linel to line4). A demonstration of
ESN process and linear trend approximation is shown in Figure 4.4(b).

To better describe the proposed similarity metrics in the following sections, a set of
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denotations are formally introduced. The original reference sequence (reference BPs) is
denoted as x and the original estimated sequence (estimated BPs) is denoted as y re-
spectively. The i-th segment of the original sequences x and y are denoted as z; and y;
respectively. The approximated linear representations of the original sequences x and y
using aforementioned PLR methods are denoted as z; and y respectively. Finally, the
i-th segment of the linear trends of the compared sequences are denoted as z, and y;,
respectively.

4.2.2 Segment Similarity Measures

After pre-processing two compared sequences using PLR, the segment similarity measures
of distance, trend and the composite of them will be evaluated.

4.2.2.1 Segment Distance Similarity

The new proposed segment distance similarity evaluates the MAD between the estimated
and reference BPs, and maps the MAD to a value which is between -1 to 1. The distance
similarity metric is a logistic function customized according to IEEE Standard 1708a-
2019 [25] evaluation protocol as shown in Figure 4.2. For each segment, the MAD between
two compared sequences is calculated and then the segment distance similarity DS(x;, y;)

is defined as: 5

"1+ ¢—22(MAD;—5.5)

DS(x;,y;) = +1 (4.1)

where MAD; is the MAD of the i-th segment of compared sequences after change point
detection and segmentation, MAD, = M, x;; and y;; are the j-th measurement
values of the i-th segment of compared sequences x and y respectively, and m is number of
samples of the i-th segment (m > 2). It can be inferred from Equation 4.1 and observed
from Figure 4.2 that DS(z;,y;) € [—1,1]. DS(x;,y;) is close to 1 when MAD; < 4 mmHg,
corresponding to "Grade A" of IEEE Standard and "pass" grade of ANSI/AAMI SP10 [23]
requirement. DS(z;,y;) € [0.5,0.93) when 4mmHg < MAD, < 5mmHg, corresponding to
"Grade B" of IEEE Standard and "mostly pass" grade of ANSI/AAMI SP10 standard
respectively. DS(z;,v;) € [-0.5,0.5) when 5mmHg < MAD,; < 6mmHg (DS(x;,y;) = 0
when MAD, = 5.5 mmHg), corresponding to "Grade C" of IEEE Standard and "pass or
fail" grade of ANSI/AAMI SP10 standard respectively. DS(z;,y;) € [—0.93,—0.5) when
6mmHg < MAD; < TmmHg, corresponding to "Grade D" of IEEE Standard and "mostly
fail" grade of ANSI/AAMI SP10 standard respectively. DS(x;,y;) is close to -1 when
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MAD; > 7mmHg, corresponding to "Grade D (unacceptable)" of IEEE Standard and
"fail" grade of ANSI/AAMI SP10 standard respectively.

2
T 17 e-zzmaAb 5 T

distance
similarity
o
o

MAD 0

e oraces [N e

ANSI/AAMI SP10 pass mostly pass mostly fail
grades pass or fail fail (unacceptable)

Figure 4.2: A demonstration of the proposed segment distance similarity which is a cus-
tomized logistic function according to IEEE Standard 1708a-2019 evaluation criteria [25].

4.2.2.2 Segment Trend Similarity

The new proposed segment trend similarity metric evaluates the accuracy of the estimation
method in tracking BP trends. Firstly, the approximated linear representation of the
estimated BP y is processed such that it has the same mean to the approximated linear
representation of the reference BP z; (v;, = yr — (yz — Zr), T and yz are the mean
values of the approximated linear representations for reference BP x and estimated BP y;,
respectively). For each segment, the slopes of the approximated linear trends are calculated
to determine if the compared segments are in the same direction or not. If two compared
segment trends are in the same direction, as showing in Figure 4.3(a) and (b), both of the
segments are up or down, or at least one segment is unchanged (slope(zr,) xslope(yy ) > 0).
Therefore, the range of angular difference  between the segment linear trends xr, and y7
is [0, Omax] and the segment trend similarity is defined as T'S(z;,y;) = 1 — ﬁ. If two
compared segment trends are in different directions, as showing in Figure 4.3 (c) and (d),
one segment is up and the other segment is down (slope(zr,) x slope(yy,) < 0). Therefore,
the range of angular difference 6 between segment linear trends xz, and yj, is (0, Omax] and
0

the segment trend similarity is defined as T'S(z;,y;) = —g.— The formulations of § and

0 .x for different scenarios are illustrated in Table 4.3 and lfl‘igure 4.3.

As shown in Figure 4.3, the angular difference 6 is determined by the starting values
vyr, and vy, and the ending values v, and vyg of linear trends of the compared segments,
as well as the segment duration t¢; (¢; = t;r — t;z). The maximum angular difference
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Figure 4.3: A demonstration of the proposed angular difference based trend similarity
measures of approximated linear segments in the same direction and in opposite directions,
with the corresponding calculations of 6 and 6,,,x.

Table 4.3: Segment trend similarity for different scenarios

@z, and y; in the same direction a1, and y; in different directions
slope(z,,)x slope(y;,)> 0 slope(xr,)x slope(y, )< 0

slope(xz,)> 0, slope(y},)> 0 (Figure 4.3(a))  slope(zy,)< 0, slope(y}, )< 0 (Figure 4.3(b))  slope(zy,)> 0, slope(y;, )< 0 (Figure 43(c))  slope(zy,)< 0, slope(y},)> 0 (Figure 4.3(d))
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Omax is determined by the maximum and minimum values of the approximated PLRs of
the compared sequences x, and y;, the starting values of the compared linear trends v,
and v,r, as well as the segment duration ¢;. It can be inferred that the segment trend
similarity 7'S(z;,y;) € [—1,1] (T'S(x;,y;) € [0, 1] for segment trends in a same direction,
TS(zi,y;) € [—1,0) for segment trends in different directions). The segment trends are
more similar when 7'S(x;,y;) is close to 1 and they are more reverse when 7'S(z;,y;) is
close to -1. T'S(x;,y;) > 0 indicates the compared segment trends are in the same direction
while 7'S(z;,y;) < 0 indicates the segment trends are in different directions.

4.2.2.3 Segment Composite Similarity
The segment composite similarity C'S(x;,y;) combines both segment distance and trend

similarities using the weighted sum method which assigns different weights according to
the importance of each metric, as shown in Equation 4.2.

The existing evaluation standards and studies primarily evaluate distance metrics (e.g.,
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MAD, RMSD) between the estimations and references. In this study, we emphasize the
importance of trend tracking in cuffless BP monitoring. Therefore, we assign the weight
for distance similarity w; = 0.6 and the weight for trend similarity ws = 0.4. And these
weights can be adjusted according to different evaluation priorities.

4.2.3 Combining the Segment Similarity Measures (global evalu-
ation)

Inspired by the method used in [181], a temporal-normalization method which combines the
segment similarity measures based on the proportion of the segment duration was applied
for this study. The temporally normalized distance, trend and composite similarity of the
compared reference and estimation of BPs are therefore defined and calculated as shown
in Table 4.4.

Table 4.4: Equations of calculating temporally-normalized similarity metrics.

Temporally-normalized similarity
of distance (TN_DS)

Temporally-normalized similarity
of trend (TN_TS)

Temporally-normalized composite similarity TN
of distance and trend (TN_CS)

TN_DS(z,y) = % K DS(zi,y:) -t

TN*TS(T y) = % Z1K:1 TS(I, y,) 1

_CS(zi,y:) = %27};1 CS(xi,y:) - ti

As shown in Table 4.4, DS(xz;,y;), T'S(x;,y;) and CS(x;,y;) are the segment distance,
trend and composite similarity respectively. ¢; is the duration of the i-th segment, ¢ is the
duration of the compared sequences, K is the number of segments. Therefore, Zfil t% =
which means the temporal normalization method is similar to the weighted sum method
and the weight of each segment result contributes to the final result is determined by the
segment duration, indicating the longer the segment is, the more ratios it contributes to the
final result. Also, it can be inferred that TN _DS(z,y) € [-1,1], TN_TS(z,y) € [-1,1]
and TN _CS(z,y) € [—1, 1]. The segment distance, trend and composite similarity metrics,
as well as their temporally normalized results for whole sequence comparison of the example

shown in Figure 4.4 are illustrated in Table 4.5.

The results illustrated in Table 4.5 indicate PCC and CCC can not properly evaluate
trend similarity between the reference and estimated BPs. For example, the trends of
the 5" segment are almost parallel and the MAD between the estimations and references

is only 0.44 mmHg which are accurately evaluated by new proposed distance and trend
similarity metrics, whereas the PCC and CCC are 0.601 and 0.096. It can also be observed
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Table 4.5: Segment similarity measures of the example shown in Figure 4.4 proposed by
existing works and this study and their temporally-normalized results for whole sequences
comparison.

segment (local) whole sequence
1 2 3 4 5 6 7 8 9 10 (global)

duration [start,end] 4s [0,4) Os [4,13) 4s[13,17) 10s [17,27) 15s [27,42) 1ls [42,53) 4s [53,57) Gs [57,63) 17s [63,80) 10s [80,90] 77s [0,77]
MAD (mmHg) 12.87 5.28 9.00 4.13 0.44 1.51 3.96 1.39 1.99 0.75 2.96
PCC(xi,y:) -0.998 -0.998 -0.012 -0.082 0.601 -0.532 0.788 -0.465 0.949 -0.126 -0.016
CCC(zi, yi) -0.007 -0.625 0 -0.003 0.096 -0.113 0.019 -0.049 0.432 -0.030 -0.015
DS(xi, i) -1.000 0.240 -0.999 0.907 1.000 0.999 0.935 0.999 0.999 1 0.73
TS(zi.yi) -0.14 -0.68 0.95 -0.36 0.98 -0.18 0.93 -0.19 0.94 -0.14 0.26
CS(x,y;) -0.66 -0.13 -0.22 0.40 0.99 0.53 0.93 0.53 0.98 0.54 0.54

in Figure 4.4 that the trends of the 2°¢ segment are more distinct than the 1%* segment with
the proposed trend similarity of -0.68 and -0.14 respectively. However, the PCC values for
these two segments are identical.

4.2.4 Interpretation of the Proposed Metrics

The proposed segment distance, trend similarity metrics and their composite metric, as
well as their temporally-normalized versions for whole sequence evaluation, are normalized
metrics (defined in [183]) and they have a same range of [—1,1].

The estimation is more reliable when the distance similarity DS(x,y) > 0 (also appli-
cable to segment distance similarity D.S(z;,;)) and it is more accurate when DS(z,y) is
close to 1. The estimation is more unreliable when DS(z,y) < 0 and it is more inaccurate
when DS(xz,y) is close to -1. The estimated and the reference segment BP trends are in
the same direction when the segment trend similarity 7'S(z;,v;) > 0 and they are more
similar when 7'S(z;,y;) is close to 1. The estimated and the reference segment BP trends
are in opposite directions when the segment trend similarity 7°S(z;,y;) < 0 and they are
more reverse when 7'S(x;,y;) is close to -1. The estimated BP pattern are more similar
to the reference BP pattern when 7'S(x,y) is close to 1 and the majority of the estimated
and the reference BP trends are in the same direction when 7'S(x,y) > 0 and vice versa.

Since the composite similarity metric C'S(z,y) combines distance DS(z,y) and trend
TS(x,y) similarity metrics with weighted sum, the estimation is more accurate in terms
of both distance and trend when C'S(z,y) is close to 1, the estimation is more different to
the reference in terms of distance and/or trend when C'S(z,y) is close to -1. Therefore,
a BP estimation model is expected to have the composite similarity metric C'S(x,y) that
is as close to 1 as possible and we suggest that a BP estimation method/device can be
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considered capable for tracking BP changes if the proposed metrics TN DS>0, TN _TS>0
and TN CS>0. Detailed interpretation of the proposed metrics with a set of simulations
can be found in Appendix A.4.6.

(@)

SBP (mmHg)
T

1

1 - - I
110 |- \// 1 —ref =—--refcp !
1 est est cp !
1
1

- = start & end points :

=)
o

1
1
4 1314 17 20 27 42 53 57 63 66 8081 87 90
Time (s

segment: 1 2 3 4 5 6 7 8 9 10

1

1

o 1 1
1 1

1 s

! e ref — ref_PLR !
! est — est PLR !
1 h 1
L = = segment jndex .

4 13 17 28 42 53 57 63 80 920
Time (s)

normalized
amplitude
°
T

Figure 4.4: A demonstration of (a) segmenting the compared reference and estimated BPs
using BEAST method, the reference BP is divided into 8 segments while the estimated
BP is divided into 9 segments (¢ = 4 is a change point for both reference and estimation);
(b) the equal segment number (ESN) will re-process the change points and re-divide the
compared sequences such that the compared sequences have the same number of segments
(e.g., the reference and estimated BPs are re-processed to 10 segments), and the least
squares are used to approximate the linear trend for each segment.

4.3 Experiments and Results

To demonstrate the performance of the proposed distance, trend and composite similarity
metrics, these metrics are firstly applied to compare a set of different simulated BP estima-
tions to the reference BP for feasibility validation. Then, these new metrics are applied to
compare the estimated BPs using two SOTA models to the reference BPs of a real world
dataset.

4.3.1 Applying the Proposed New Metrics to Simulated Data

In this section, a synthetic dataset spanning a 3-minute interval was generated, simulating
BP estimations using reference experimental data characterized by substantial variations
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within that time frame. Consequently, the dataset includes waveforms with varying degrees
of fidelity such that various conventional metrics and the proposed metrics can be assessed
in tracking BP changes. The waveforms of the reference BP and simulated BP estimations
and their relations are illustrated in Figure 4.5. BP.y; and BP.y5 have almost identical
pattern to BP,¢ but with different distances. BPgo simulates a random estimation of
BP,.t. BP43 simulates an estimation model that is unable to track any BP change and
just estimates the average BP level, and BP.4 simulates a reverse estimation of BP ;.

130
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Figure 4.5: Waveforms of the reference SBP measurement (BP,¢f) and five simulated SBP
estimations (BPgy; to BPegss), and relations between the simulated SBPs and reference

SBP.

The conventional distance metrics (MD, MAD, RMSD), correlation coefficients (PCC
and CCC), a composite similarity measure GCSM |1 7], and the proposed similarity metrics
between different simulated BP estimations and the reference BP are shown in Table 4.6.

Table 4.6: Conventional distance metrics, correlation coefficients, composite similarity
measure GCSM and the proposed similarity metrics calculated between simulated BP
estimations and reference BP.

conventional metrics composite measure temporally normalized metrics (ours)

MD + SDD* MAD + SDAD* RMSD* PCC CCC GCSM TN_DS TN_TS TN_CS

BPest1&BPes  1.36 +0.34 1.36 £ 0.34 1.40 0.996 0.914 0.91 0.999 0.98 0.99
BPest2&BP et 0.08 £4.45 2.85+3.41 443 -0.23 -0.22 -0.19 0.56 0.17 0.40
BPuys&BP;  0.51 +3.16 2.27+2.26 320 -0.02 -0.004 20.012 0.81 0.34 0.62
BPesta&BPs  —0.28 £ 6.28 4.30 £4.57 6.27 -1 -0.996 -1 0.34 -0.46 0.02
BPsts&BPys  —8.14 £0.16 8.1440.16 8.14 1 024 0.68 -0.994 0.98 -0.20

*unit: mmHg

It can be observed from Table 4.6 that conventional distance metrics can only mea-
sure the dissimilarity of pairwise values for the compared sequences. Though PCC can
indicate the pattern similarities between the simulated BP estimations and the references.
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For example, BPq5 and BP4; have almost identical morphology to BP,.; and therefore
PCC=1, PCC=-1 for BP.4 indicates the estimated BP has a reverse morphology to BP,
and PCC & 0 for BP .3 indicates the estimation model does not track any BP changes. The
GCSM, which composes similarities of mean, standard deviation and PCC, demonstrates
its potential in assessing both distance and trend similarities for most of the scenarios,
except for BPeys. As previously stated, the sensitivity of si(z,y) and ss(x,y) of GCSM
(see Section 4.1.3) is significantly affected by outliers or instances where the disparity be-
tween the global maximum and global minimum values (max,, — min,, in Table 4.2) is
substantial. Consequently, s1(x,y) and ss(z,y) when comparing BP 5 and BP,¢ will still
approximate to 1 even though the MAD is 8.14 mmHg, which is a considerable large error
for cuffless BP estimation. CCC and GCSM will exhibit more limitations in cases when
the compared time series are long and noisy which can be observed from results obtained
from DailA BP in Section 4.3.2. The new similarity metrics are proposed to address the
drawbacks of the aforementioned metrics, and the results from this simulated dataset val-
idated the proposed methods can accurately quantify both distance and trend similarity
for cuffless BP studies.

4.3.2 Applying the Proposed New Metrics to Results of Two SOTA
Models

The wearable physiological and BP measurements during activities of daily living dataset
[184] (from now on referred as DailA BP) will be used to train and evaluate two SOTA
cuffless BP estimation models with proposed metrics. DailA BP includes approximately 6.5
hours’ physiological waveforms (ECG, PPG and BP) from 5 healthy subjects (4 males, age
(28+6.6) yrs) performing daily activities and several activities such as Valsalva Maneuver,
walking and hand gripping were performed to induce BP changes (see Section 2.4.2 and
Figure 2.10).

Two SOTA models , which differ in BP estimation errors and trend tracking, were se-
lected to assess the feasibility of the proposed metrics. ApproximateNet [117] which is a
deeply supervised one-dimensional U-Net model, was proposed to approximate BP wave-
form from a simultaneous PPG waveform. It was originally trained and evaluated with
127,260 subsets of simultaneous PPG and BP waveforms from UCI BP [185]. The reported
MAD=+SDAD for SBP and DBP estimation is (6.42+9.52) mmHg and (3.584+5.80) mmHg
respectively [117]. DeepRNN-4L [21], which consists of a bidirectional LSTM layer and
four forward LSTM layers with residual connections, was proposed to estimate SBP and
DBP using 7 features extracted from ECG and PPG in a time series analysis fashion.
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DeepRNN-4L was originally trained and evaluated on the static continuous BP dataset
which includes simultaneous ECG, PPG and BP data from 84 healthy subjects (51 males
and 33 females) while stationary, and the reported RMSD of SBP and DBP is 3.75 and 2.43
mmHg respectively [34]. Different training strategies were applied for ApproximateNet and
DeepRNN-4L models (details of implementation, model parameters and training processes
are described in Appendix A.4.3), also due to the fact that DeepRNN-4L model considers
temporal dependency. Therefore, these two models generate different estimations on the
same data in terms of both distance and pattern tracking accuracy. A proportion (ap-
proximate 30 minutes) of reference SBPs and estimated SBPs using two SOTA models are
shown in Figure 4.6.
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Figure 4.6: An approximate 30 minutes’ example of reference SBPs and estimated SBPs
using SOTA models (BP variations might be caused by daily activities, such us standing
up and walking), the distance, trend and composite similarities between estimated SBPs
using ApproximateNet and reference SBPs are 0.37, 0.23 and 0.32 respectively, and 0.81,
0.81 and 0.81 between estimated BPs using DeepRNN-4L and reference BPs respectively
(the composite similarities with different combinations of w; and wy are demonstrated in

Appendix A.4.7).

The conventional distance metrics (MD, MAD, RMSD), correlation coefficients (PCC
and CCC), a composite similarity measure GCSM, and the proposed similarity metrics
between BPs estimated by two SOTA models and reference BPs from DailA BP dataset
are shown in Table 4.7.

As shown in Table 4.7, DeepRNN-4L outperforms ApproximateNet in estimating BP
using DailA BP dataset by comparing distance metrics and correlation coefficients. How-
ever, these conventional metrics can not indicate the performance of these estimation
models in BP change tracking. The GCSM results almost align with PCC, this is be-
cause the denominators of the s;(z,y) and sy(x,y) can be much larger than their numer-
ators (max,, — ming, > |u, — | or (max,, — min,,)/2 > |o, — 0,]) and therefore
s1(z,y) or se(x,y) ~ 1 for long and noisy sequences. Eventually, GCSM is mostly deter-
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Table 4.7: Conventional distance metrics, correlation coefficients, composite similarity
measure GCSM and the proposed similarity metrics calculated between the estimated BPs
and reference BPs using SOTA models from DailA BP dataset.

conventional metrics composite measure temporally normalized metrics (ours)
MD £ SDD* MAD 4+ SDAD* RMSD* PCC CCC GCSM TN_DS TN_TS TN_CS
ApproximateNet SBP —582+11.77 9.88 +8.65 13.13  0.68 0.62 0.64 -0.22 0.36 0.015
(CPPTOMIMARTE DR —1m0Es01 6504502 822 065 062 0.6L 0001 034 0.13
DeepRNN-4L SBP 0.214+5.28 4.134+3.29 529 094 0.93 0.92 0.87 0.70 0.80
P DBP 0.7745.25 4.1543.30 530 0.75 0.73 0.72 0.74 0.55 0.66
*unit: mmHg

mined by s3(x,y) which is PCC of the compared sequences. The aforementioned issues are
tackled by the proposed methods through the utilization of PLR, which simplifies noisy
and high-dimensional time series with a number of line segments. This approach leads
to improved accuracy in quantifying trend similarity. The utilization of temporal nor-
malization also effectively tackles the problem associated with the evaluation strategy by
providing varying weights to the final outcome based on the duration of each segment. The
distance similarity TN DS of ApproximateNet is -0.22 and -0.001 for SBP and DBP, re-
spectively, indicating the estimations of this method more likely dissatisfy IEEE Standard.
DeepRNN-4L outperforms ApproximateNet in terms of both distance and trend tracking,
which is also indicated by the composite similarity TN CS.

4.4 Conclusion and Discussion

Continuous cuffless BP tracking has become a popular research problem recently and has
shown promising results. However, current evaluation standards, which primarily use pair-
wise distance metrics, are not robust and comprehensive. In this chapter, we first reviewed
several commonly used BP evaluation standards and then introduced BP patterns and the
importance of accurate tracking of BP changes. The conventional distance metrics, cor-
relation coefficients which are commonly used by existing studies, a composite similarity
metric GCSM were reviewed and their drawbacks in terms of BP pattern tracking were de-
scribed and demonstrated with examples. Finally, we proposed a comprehensive framework
with new distance, trend and composite similarity metrics with temporal normalization,
for continuous cuffiess BP evaluation.

The results from the simulated dataset and the re-implementation of two SOTA models
using a realistic dataset DailA BP verified the feasibility of the proposed similarity metrics
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for cuffless BP evaluation. Our results demonstrated that the composite similarity metric
has advantages in evaluating both distance and trend similarities for long and noisy time
series, compared to conventional metrics and GCSM. Additionally, the proposed metrics are
normalized metrics and range from -1 to 1, making them intuitively interpretable, similar
to well-known correlation coefficients. The proposed methods and metrics can also be used
to benchmark different algorithms for cuffless BP estimation and diagnose and improve
the estimation accuracy by analyzing proposed metrics (see Appendix A.4.5), facilitating
the adoption of this new technique in real-world applications. Future work will adapt the
proposed similarity metrics as a customizable loss function to improve the performance of
estimation models in tracking BP patterns.
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Chapter 5

Methods to Improve Generalization of
BP Estimation Models

Generalization in machine learning refers to the ability of a trained model to accurately
make predictions on new, unseen data. The purpose of generalization is to force the model
to understand the patterns and relationships within its training data and apply them to
previously unseen examples from the same distribution or even a different distribution as
the training set [L80]. Generalization is crucial to the cuffless BP estimation models because
it allows them to make accurate and reliable predictions in diverse real-world scenarios.

This chapter focuses on improving model generalization by shifting attention from iso-
lated BP value prediction to accurate BP trend tracking. Most existing studies prioritize
point-wise BP estimation, but this overlooks the importance of capturing how BP changes
over time. To address this, a new framework is explored: first, several overlooked mor-
phological features that show a strong correlation with BP trends are identified. Then,
two-time series regression models are proposed to better capture temporal dependencies
in the data. Finally, a shape-oriented loss function is introduced to guide the model in
learning features that relate to BP trend patterns, thereby enhancing generalization for
real-world, continuous BP monitoring.

5.1 Trend-Related Features for BP Estimation

As introduced and reviewed in Section 2.3, current cuffless BP estimation studies can
be categorized by the model’s input-output type. feat2bp approaches estimate BPs from
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pre-determined features from physiological signals, such as most commonly employed ECG
and/or PPG waveforms. sig2bp methods directly predict BP from physiological waveforms
and sig2sig methods first reconstruct ABP waveform from input physiological signals,
from which BP values are then derived. Even though, there has been a surge of inter-
est in both sig2bp and sig2sig methods recently, mainly facilitated by the adoption of
computer vision (CV) architectures (e.g., CNNs) for time-series feature extraction and the
growing application of large language models (LLMs) to numerical data prediction using
a transformer and various attention mechanisms. We still observe some pre-determined
morphological features that are highly related to BP changes and can outperform sig2bp
and sig2sig in terms of model generalization and trend tracking performance.

In this section, 69 morphological features are extracted from ECG, PPG and derivatives
of PPG signals based on fiducial points identified across 32 subjects. The relationships
between these features and BPs are then systematically evaluated. These fiducial points
include R peak of ECG; onset, systolic peak, dicrotic notch and diastolic peak of PPG;
u, v and w points of the first derivative of PPG (VPG); and a, b, ¢, d, e and f points
of the second derivative of PPG (APG). The demonstration and definition of fiducial
points of PPG and its derivatives can be found in Figure 5.1 and Table 5.1 (see Section
5.4.3 for details of fiducial points detection methods). These physiological features can be
categorized into eight types: 3 PATs (from ECG and PPG), 17 interval-based features (from
PPG and its derivatives), four amplitude-based features (from PPG and its derivatives),
three area-based features (from PPG), 16 ratios between interval-based features (from
PPG and its derivatives), 17 ratios between amplitude-based features (from PPG and its
derivatives), one ratio between area-based features (from PPG) and eight ratios between
combined features (from PPG and derivatives). The definitions of these morphological
features and their correlation coefficients to simultaneous SBP and DBP before and after
removing RM (respiration modulation, see Chapter 3 for details) are demonstrated in Table
5.2.
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Figure 5.1: Demonstration of fiducial points of a typical PPG pulse wave, its first derivative
PPG’ and second derivative PPG” which are also termed as VPG and APG respectively.
Their fiducial points which are widely used to extract features. The waveform can be
separated into anacrotic and catacrotic phases, which are dominated by systolic ejection
and wave reflections from periphery respectively.
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Table 5.1: Definition of PPG fiducial points, and steps to detect these fiducial points.

Step Fiducial pt. Fiducial point definitions
1 sp (PPG) systolic peak. The point with the highest amplitude of each PPG pulse.
2 u (VPG) max slope point. The point with highest amplitude of VPG pulses 0.1 pulse interval before systolic
peaks (pulse interval calculated from systolic peaks).
3  a (APG) The point with highest amplitude of APG pulse 0.1 pulse interval before point u
4 b (APG) The minimum point APG pulse between point a and 0.2 pulse interval after point a
5 on (PPG) Pulse onset. The last trough between 0.15 pulse interval before point v and point u, if no troughs
detected within this range, then select the point with minimum amplitude of APG pulse within this
range
6 e (APG) The peak point with the maximum amplitude between point b and 0.7 pulse amplitude after pulse
onset
7 ¢ (APG) The local maximum with the highest amplitude between the point b and e, or if no local maximum
is present, then the inflection point between b and e on APG
8 d (APG) The local minimum with the lowest amplitude between the point ¢ and e, or if no local minimum is
present, then use the same location of point ¢
9 [ (APG) The trough point with minimum amplitude between point e to 0.7 pulse interval after pulse onset
of APG pulse
10 dp (PPG) Diastolic peak The first local maximum of the PPG pulse after systolic peak sp and 0.7 pulse
interval after pulse onset on; if there is no maxima, then use the first local maximum of the PPG
pulse between point e and 0.8 pulse interval after pulse onset on
11  dn (PPG) Dicrotic notch If a diastolic peak is present, then it is the local minimum between systolic peak sp
and diastolic peak dp. If there is no diastolic peak, then it is the inflection point between the systolic
peak and point f
12 v (VPG) The local minimum of VPG pulse between systolic peak sp and diastolic peak dp
13w (VPG) The first peak of VPG pulse between dicrotic notch dn and 0.6 pulse interval after systolic peak sp
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Table 5.2: Definition of 69 features extracted from ECG, PPG and its deriva-
tives with correlation coefficients (r) to SBP and DBP with RM and without

RM (results represented in median (iqr) among 32 subjects).

Notation Definition r (with RM) r (without RM)
SBP DBP SBP DBP
Interval based features
1 PATon time interval between ECG R peak and PPG onset -0.32 (0.41) -0.07 (0.33) -0.36 (0.71) -0.20 (0.51)
2 PATms time interval between ECG R peak and PPG max_slope point (VPG u point) -0.54 (0.26) -0.23 (0.38) -0.51 (0.34) -0.43 (0.41)
3 PATsys time interval between ECG R peak and PPG systolic peak -0.41 (0.47) -0.14 (0.38)  -0.35 (0.68) -0.32 (0.40)
4 Tpi pulse interval, the interval between pulse onset and pulse offset 0.23 (0.36) -0.10 (0.43)  0.06 (0.54) -0.04 (0.55)
5 Toys systolic time, the interval between pulse onset and dicrotic notch -0.03 (0.25) -0.13 (0.24) -0.22 (0.49) -0.28 (0.37)
6 Tdia diastolic time, the interval between dicrotic notch and pulse offset 0.20 (0.27) -0.08 (0.40)  0.02 (0.55) -0.03 (0.46)
7 Tsp systolic peak time, the interval between pulse onset and systolic peak -0.12 (0.59) -0.06 (0.42) -0.13 (0.92) -0.09 (0.60)
8 Tap diastolic peak time, the interval between pulse onset and diastolic peak -0.20 (0.48) -0.31 (0.55) -0.24 (0.61) -0.45 (0.57)
9 AT time delay, the interval between systolic peak and diastolic peak -0.15 (0.63)  -0.27 (0.43) -0.19 (0.88) -0.32 (0.66)
10 Ty u-point time, the interval between pulse onset and u-point -0.20 (0.54) -0.16 (0.44) -0.35 (0.83) -0.20 (0.67)
11 Ty v-point time, the interval between pulse onset and v-point -0.02 (0.46) -0.09 (0.59) -0.35 (0.68) -0.21 (0.86)
12 Ty w-point time, the interval between pulse onset and w-point -0.10 (0.30)  -0.21 (0.38) -0.41 (0.53) -0.32 (0.58)
13 Tq a-point time, the interval between pulse onset and a-point -0.19 (0.47) -0.16 (0.44) -0.39 (0.72) -0.27 (0.70)
14 T, b-point time, the interval between pulse onset and b-point -0.19 (0.52)  -0.20 (0.47) -0.41 (0.77) -0.22 (0.66)
15 Tc c-point time, the interval between pulse onset and c-point -0.28 (0.36)  -0.35 (0.26) -0.48 (0.44) -0.55 (0.34)
16 Ty d-point time, the interval between pulse onset and d-point 0.09 (0.26) -0.18 (0.35) -0.15 (0.48) -0.27 (0.54)
17 Te e-point time, the interval between pulse onset and e-point -0.01 (0.38) -0.22 (0.38) -0.32 (0.50) -0.33 (0.58)
18 Ty f-point time, the interval between pulse onset and f-point -0.06 (0.20) -0.15 (0.24) -0.28 (0.53) -0.34 (0.54)
19 Ty, b-c time, the interval between b-point and c-point 2018 (0.27)  -0.27 (0.23)  -0.39 (0.44) -0.44 (0.35)
20 Tp_g b-d time, the interval between b-point and d-point 0.19 (0.26) -0.08 (0.31)  0.13 (0.52) -0.05 (0.44)
Amplitude based features
21 Agp systolic peak amplitude, the different in amplitude between pulse onset and systolic peak -0.65 (0.50) -0.48 (0.69) -0.75 (0.42) -0.47 (0.68)
22 Agn dicrotic notch amplitude, the different in amplitude between pulse onset and dicrotic notch ~ -0.10 (0.46)  0.02 (0.52) -0.41 (0.76) -0.09 (0.69)
23 Agp diastolic peak amplitude, the different in amplitude between pulse onset and diastolic peak  -0.38 (0.36) -0.21 (0.43) -0.55 (0.51) -0.27 (0.48)
24 Agyy pulse onset amplitude, the different in amplitude between pulse onset and pulse offset 0.11 (0.15)  0.13 (0.19)  0.11 (0.24) 0.26 (0.30)
Area based features
25  AUC,; pulse area, the area under the pulse wave between pulse onset and pulse offset -0.47 (0.47)  -0.44 (0.61) -0.67 (0.36) -0.45 (0.63)
26  AUCsys systolic area, the area under the pulse wave between pulse onset and dicrotic notch -0.56 (0.46) -0.44 (0.58) -0.72 (0.37) -0.47 (0.61)
27  AUCy;q diastolic area, the area under the pulse wave between dicrotic notch and pulse offset -0.22 (0.52) -0.20 (0.43) -0.37 (0.73) -0.23 (0.50)
Ratio of interval based features
28 IPR instantaneous pulse rate, 60/Tp; -0.23 (0.32)  0.11 (0.44) -0.03 (0.50) 0.02 (0.56)
29 Tsys/Tdia ratio of the systolic time versus diastolic time -0.19 (0.22)  0.04 (0.41) -0.06 (0.48) 0.01 (0.38)
30 Tsp/Tpi ratio of the systolic peak time versus pulse interval -0.23 (0.27)  0.12 (0.36) -0.15 (0.64) 0.08 (0.60)
31 Tap/Tpi ratio of the diastolic peak time versus pulse interval -0.24 (0.35)  0.01 (0.43) -0.10 (0.47) -0.05 (0.52)
32 AT/Ty; ratio of the delay time versus pulse interval -0.26 (0.44) -0.06 (0.43) -0.16 (0.64) -0.11 (0.50)
33 Tu/Tp; ratio of the u-point versus the pulse interval -0.26 (0.28)  0.04 (0.28) -0.22 (0.61) 0.02 (0.50)
34 Ty/Tps ratio of the v-point time versus pulse interval -0.10 (0.53)  0.10 (0.56)  0.04 (0.54) 0.01 (0.61)
35 Tuw/Tp: ratio of the w-point time versus pulse interval -0.15 (0.36)  0.01 (0.36) -0.22 (0.55) -0.04 (0.47)
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Table 5.2 — continued from previous page

Notation Definition r (with RM) r (without RM)
SBP DBP SBP DBP

36 Ta/Tpi ratio of the a-point time versus pulse interval -0.30 (0.40) -0.06 (0.30) -0.37 (0.69) -0.14 (0.58)
37 Ty /Tpi ratio of the b-point time versus pulse interval -0.33 (0.30)  0.02 (0.28) -0.19 (0.54) 0.05 (0.48)
38 Te/Tpi ratio of the c-point time versus pulse interval -0.32 (0.18)  -0.07 (0.31) -0.29 (0.34) -0.22 (0.48)
39 Ty/Tp ratio of the d-point time versus pulse interval -0.18 (0.35)  0.05 (0.30) -0.03 (0.45) 0.01 (0.45)
40 Te/Tpi ratio of the e-point time versus pulse interval -0.21 (0.21)  0.03 (0.37) -0.10 (0.37)  -0.03 (0.44)
41 Ty /Ty ratio of the f-point time versus pulse interval -0.19 (0.28)  0.02 (0.38) -0.12 (0.42) -0.01 (0.50)
42 (Ty — Ta)/Tpi ratio of the difference between the u-point-time and a-point-time versus pulse interval -0.15 (0.30)  0.13 (0.31)  0.04 (0.46) 0.12 (0.55)
43 (Ty —Tp)/Tps ratio of the difference between the v-point-time and b-point-time versus pulse interval -0.05 (0.38)  0.15 (0.52)  0.04 (0.59) 0.14 (0.74)

Ratio of amplitude based features
44 Asp/Aosy ratio of the systolic peak amplitude versus pulse offset amplitude 0.06 (0.12)  0.05 (0.12)  0.04 (0.24) 0.08 (0.17)
45 Agp/Asp reflection index, ratio of the diastolic peak amplitude versus systolic peak amplitude 0.42 (0.73)  0.45 (0.62)  0.66 (0.70) 0.47 (0.60)
46 (Awp— Agp)/Asp f]zils(zl;)fs}tlgfoﬁ;ffsZZT(CZIE;XEZZ systolic peak amplitude and diastolic peak amplitude -0.42 (0.73)  -0.45 (0.62) -0.66 (0.70) -0.47 (0.60)
47 Agn/Asp ratio of the dicrotic notch amplitude versus systolic peak amplitude 0.57 (0.63)  0.39 (0.51)  0.59 (0.60) 0.49 (0.43)

pulse intensity ratio, Asp/Aon, ratio of the systolic peak amplitude versus

48 PIR the pulse onset amplitude (Aon) 0.32 (0.42) 0.48 (0.42) 0.56 (0.37) 0.59 (0.43)
49  Ay/Asp ratio of the u-point amplitude versus the systolic peak amplitude 0.02 (0.08)  0.00 (0.07)  0.04 (0.22) 0.01 (0.21)
50  Ay/Ay ratio of the v-point amplitude versus the u-point amplitude -0.01 (0.07)  0.00 (0.08) -0.02 (0.25)  0.02 (0.24)
51 Ay /Au ratio of the w-point amplitude versus the u-point amplitude 0.00 (0.07)  0.00 (0.08) -0.01 (0.25) -0.01 (0.23)
52  Ap/Aq ratio of the b-point amplitude versus the a-point amplitude -0.01 (0.06)  0.01 (0.05)  0.02 (0.26)  0.02 (0.24)
53  Ac/Aa ratio of the c-point amplitude versus the a-point amplitude 0.01 (0.08) -0.01 (0.07)  0.03 (0.20) 0.01 (0.18)
54  Agq/Aa ratio of the d-point amplitude versus the a-point amplitude 0.00 (0.10) -0.01 (0.08) -0.01 (0.25) -0.01 (0.13)
55  Ac/Aq ratio of the e-point amplitude versus the a-point amplitude -0.01 (0.11)  0.00 (0.09) -0.01 (0.25) -0.02 (0.21)
56  Ap/Aa ratio of the f-point amplitude versus the a-point amplitude 0.00 (0.07) -0.01 (0.06)  0.00 (0.22) 0.01 (0.28)
57 (Ae — Ap)/Aa Z}a}gz_c;)fotilr: :;f;ﬁii;i between the b-point amplitude and c-point amplitude versus 0.00 (0.08) 0.00 (0.06) -0.02 (0.19)  -0.02 (0.17)
58 (Ag — Ap)/Aa zi‘;ma-(;fo‘z};s :fslriillllzz between the b-point amplitude and d-point amplitude versus 0.01 (0.08) 0.00 (0.06) 0.00 (0.20) 0.01 (0.20)
59 AGI aging index, (Ay — Ac — Ag — Ac)/Aq -0.01 (0.09)  0.00 (0.05) -0.03 (0.23)  0.00 (0.22)
60  AGI;; informal aging index, (A, — Ac)/Aa 0.00 (0.09)  0.01 (0.08)  0.01 (0.28)  0.03 (0.26)

Ratio of area based features
61 IPA inflection point area, AUC\;,/AUCsys 0.35 (0.49)  0.27 (0.50)  0.58 (0.43) 0.37 (0.55)

Ratio of combined features
62 Tsp/Asp ratio of the systolic peak time versus the systolic peak amplitude 0.56 (0.63)  0.42 (0.68)  0.67 (0.49) 0.42 (0.61)
63 Asp/AT stiffness index, ratio of the systolic peak amplitude versus the time delay -0.60 (0.47) -0.42 (0.64) -0.71 (0.39) -0.43 (0.67)
64 Asp/(Tpi — Tsp) ;igossitgiecsg:;ilfngzak amplitude versus the difference between the pulse interval -0.68 (0.49)  -0.30 (0.66) -0.70 (0.42) -0.37 (0.64)
65  Tsys/Adn ratio of the systolic time versus the dicrotic notch amplitude 0.10 (0.57) -0.03 (0.41)  0.31 (0.74) -0.01 (0.57)
66 Tap/Adp ratio of the diastolic peak time versus the diastolic peak amplitude 0.31 (0.38)  0.12 (0.42)  0.45 (0.54) 0.19 (0.49)
67 WN Womersley number: Aoy - 4/1060 - IPR/Asp, Aon is the pulse onset amplitude 0.31 (0.32) -0.02 (0.50)  0.39 (0.51) 0.14 (0.43)
68 SC spring constant, APG(Tup)/((Asp — Au)/(Asp) -0.02 (0.09)  -0.02 (0.07) -0.04 (0.34)  -0.07 (0.24)
69 IPAD inflection point area normalized d-point amplitude, AUCy;q/AUCsys + Agq/Aa 0.03 (0.12)  0.01 (0.10)  0.07 (0.24)  0.06 (0.20)




Previously, PATs which is considered as the surrogate to PTT which relates to BP
changes via Moens-Korteweg equation (as described in Section Section 2.3.1.1) have been
long and widely for cuffless BP estimation, a number of other features extracted from
PPG and its derivatives have been reported strongly relate to BPs, such as PIR [187], and
Womersley number [78], and features extracted from the second derivative of PPG (APG)
which can reflect age-related arterial stiffness, like e/a, ¢/a were found to have median
ranking coefficients of 0.89, 0,84 to BPs [66]. Our experiments showed that some rarely
discussed features have strong correlations to BP changes.

The PPG pulse amplitude (feature 21, denoted as A, in Table 5.2) which is an indi-
cator of the pulsatile changes in blood volume caused by arterial blood flow around the
measurement site [183, 189] has the highest median correlation coefficient of -0.75 to SBP
after removing respiration modulation using the method proposed in Chapter 3, some A,
related features also demonstrated strong correlation to SBP, for example, the median cor-
relation coefficients between Ay, /AT, Asp/(Ty —T'sp) and Ty, /A, (feature 63, 64 and 62 in
Table 5.2), and SBP are -0.71, -0.70 and 0.67 respectively among 32 subjects from BCG
BP dataset. Additionally, the median correlation coefficients between (A, — Aap)/Asp,
Ay /Ay and Ay, /A, (feature 46, 45 and 47 in Table 5.2), and SBP are -0.66, 0.66 and
0.59 respectively which are all greater than widely used and generally agreed important
features, PAT,s and PIR, with the median correlation coefficients to SBP of -0.51 and
0.56. These findings indicate that the PPG pulse amplitude Aj, is strongly inversely pro-
portional to SBP and can be potentially used for BP trend tracking. Previous study [189]
also demonstrates the similar results. The correlation coefficient between reference and
estimated SBP using PPG pulse amplitude is 0.70, comparing to the correlation coeffi-
cient of 0.43 when using PAT and subject is in supine posture with spontaneous breathing.
Another study [190] found that PPG pulse amplitude was more effective than PAT for
estimating SBP during sleep.

It is also worth noting that the relationship between physiological features and BPs
may vary depending on the subject’s posture. For example, the correlation coefficient
between reference and estimated SBP when subject is standing with spontaneous breathing
using PAT is 0.64, comparing to 0.34 of using PPG pulse amplitude. And this study also
indicates that BP estimations are more accurate when using PAT and PPG pulse amplitude
together for both supine and standing postures [189]. Since the results shown in Table 5.2
are obtained from the BCG BP dataset where physiological signals such as PPG, ECG
and ABP were collected when subjects were asked to recline in a customized bed, which
may indicate different sets of important features should be evaluated and extracted for
more accurate BP estimation. This hypothesis needs to be studied and verified by future
studies.
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5.2 Cuflless Blood Pressure Estimation Models

In this section, two cuffless BP estimation models are proposed to predict BPs using trend-
related features via time series regression.

5.2.1 A TCN-SENet-KAN Model

The proposed model combines Temporal Convolutional Network (TCN), Sqeeze-and-Excitation
Network (SENet) and a Kolmogorov-Arnold Network (KAN). TCNs aim to capture tempo-

ral dependencies within the input physiological features, SENet is employed to adaptively
recalibrate channel-wise feature importance, and KAN inspired linear layers to enhance
modeling non-linear relationships. The structure of this proposed TCN-SENet-KAN model

is demonstrated in Figure 5.3.

3,
=3,

input
ECG and PPG features

1
1

dilation=

channel
channel

dilation

32, kernel
64, kernel

SENet — KAN linear —[| output
=} SBP or DBP

batch x seq_len x num_features batch x 1

TCN block1 TCN block2

Figure 5.2: The framework of the proposed TCN-SENet-KAN model for BP estimation
via time series regression method.

5.2.1.1 Temporal Convolutional Network (TCN) Block

TCNs [191] are a class of neural network architectures specifically designed for sequence
modeling tasks. TCNs adapt a convolutional approach to processing time series data,
providing an alternative to RNN. TCNs improve the ability to capture long-range tempo-
ral dependencies through a combination of causal convolutions, dilated convolutions, and
residual connections. The TCN block employed for this model is demonstrated in Figure
5.3 (a).
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5.2.1.1.1 Causal Convolutions A fundamental property of TCNs is causality, mean-
ing that the output at time step ¢ can only depend on inputs at time ¢ and previous time
steps (t—1,t—2,...). This is achieved by using one-dimensional (1D) convolutional layers
where the kernel is constrained to only capture past and current information. For an input
sequence X = (xg,r1,...,oy) and a filter £ = (fy, f1,..., fr_1) of kernel size k, the causal
convolution output y; at time ¢ is given by:

k—1

ye=(x*0)(t) = fi i (5.1)

=0

5.2.1.1.2 Dilated Convolutions TCNs employ dilated convolution to efficiently cap-
ture long-range dependencies without requiring a very deep network or excessively large
kernels. A dilated convolution introduces gaps between kernel taps, effectively expanding
the receptive field. For a 1D input sequence x, a kernel f of size k, and a dilation factor d,
the dilated convolution operation at time ¢ is defined as:

k—1
Y = Z fi ®eqi (5.2)
i=0

By stacking layers of dilated convolutions with exponentially increasing dilation factors
(e.g.,d=1,2,4,8,...), TCNs can achieve very large receptive fields with a modest number
of layers and parameters.

5.2.1.1.3 Residual Connections TCN blocks typically incorporate residual connec-
tions [192]. As shown in Figure 5.3 (a), the designed TCN block consists of two dilated
causal convolutions, Chomp modules to remove paddings and a non-linear activation func-
tion (e.g., ReLU). The input to the block x;, is added to the output of these convolutional
layers F'(x;,) via residual connection. If the input and output have different dimensions, a
1x1 convolution is used on X;, to match the dimensions. The output of a residual block is:

o = Activation(x;, + F(Xin)) (5.3)

5.2.1.2 Squeeze-and-Excitation Network (SENet) Block

The Squeeze-and-Excitation Network (SENet) [193] is an architectural unit designed to
improve the representation of a network by enabling it to perform dynamic channel-wise
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Figure 5.3: The structures of (a) TCN block, (b) SENet block employed for the proposed
BP estimation model.

feature recalibration. Essentially, SENet allows the network to explicitly model interdepen-
dencies between channels and adaptively re-weight feature maps, emphasizing informative
features while suppressing less useful ones. The SENet block operates in two main steps:
Squeeze and Excitation.

5.2.1.2.1 Squeeze Operation The Squeeze operation aggregates global spatial or
temporal for 1D signal information into a channel descriptor. This is typically achieved
using global average pooling across the spatial /temporal dimensions of each feature map.
For an input feature map U € RY*L (where C is the number of channels and L is the
length of the sequence), the c-th element of the squeezed vector z € R is calculated as:

2o = Fyyu,) = %Zuc(i) (5.4)

This descriptor z. embeds the global receptive field information for channel c.

86



5.2.1.2.2 Excitation Operation The Excitation operation aims to learn a non-linear,
channel-wise gating mechanism based on the information aggregated by the Squeeze step.
This is typically implemented using two fully connected (FC) layers with a dimensionality
reduction and subsequent increase, followed by a sigmoid activation function. The channel-
wise statistics z are passed through these layers to produce channel weights s € R®":

s =F.(z, W) = 0(W3J(W;2)) (5.5)

where ¢ is the ReLLU activation function, o is the sigmoid activation function, Wy € R *C
is the weight matrix for the first FC layer which is used to reduce dimensionality by a
ratio r, and W € ROXT is the weight matrix for the second FC layer which is employed
to restore dimensionality. The learned weights s. which range from 0 to 1 represent the
importance of each channel.

5.2.1.3 Recalibration

The final output of the SE block is obtained by rescaling the original input feature map U
with the learned channel activations s. The c-th channel of the output feature map X, is:

)N(c = Fscale(“ca Sc) =S¢ Ue (56)

This operation allows the network to selectively amplify useful feature channels and dimin-
ish less relevant ones. The structure of the SENet employed for the proposed BP estimation
model is demonstrated in Figure 5.3 (b).

5.2.2 Kolmogorov-Arnold Network (KAN) Linear Layer

Kolmogorov-Arnold Networks (KANs) [194] present an alternative to traditional Multi-
Layer Perceptrons (MLPs). Inspired by the Kolmogorov-Arnold representation theorem,
KANSs place learnable activation functions on the edges (weights) of the network, rather
than having fixed activation functions at the nodes like conventional MLP. These learn-
able activation functions are typically parameterized as splines. This architectural design
allows KANs to learn complex non-linear relationships with potentially greater accuracy
and parameter efficiency compared to MLPs, which rely on the composition of linear trans-
formations and fixed non-linear activation functions. The KAN model and its difference
to MLP model are demonstrated in Figure 5.4. The KAN linear layer, as adapted in this
model, aims to capture intricate non-linearities. A general KAN layer transforms an input
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Figure 5.4: Architectures of the KAN and MLP. The diagram highlights the layer com-
position and activation function differences between the KAN and MLP models (figure
adapted from [195]).

vector X = (x1,...,%,,,) to an output vector y = (yi, ..., Yn,.,) Where the j-th output y;
is given by:

vp =D Grili) (57)
i=1
Here, each ¢;; : R — R is a learnable 1D function which is an activation function on the

edge connecting input x; to the computation of y;, parameterized as a spline.

This study employs an implementation of KAN linear layer [196] which combines a
traditional linear transformation with a spline-based transformation to predict SBP or
DBP with the last step of the extracted feature representations from SENet. The function
¢;.i(x;) can be conceptualized as consisting of two parts: a base component and a spline
component.

M
i (1) = Whase,, - V(i) + Y _ cjinBilxs) (5.8)
k=1
where:

e (x;) is a fixed base activation function (e.g., SiLU) applied to the input x;.

® Whase;,; 18 a learnable weight for the base activated component of input z; contributing
to output y;.

38



e By (z;) are B-spline basis functions evaluated at z;. B-splines are piecewise polyno-
mials that provide a flexible way to approximate functions. The k-th order B-spline

basis function, B,, x(z), defined over a knot vector to, t1, ..., tmikt1, can be computed
recursively using the Cox-de Boor formula:
1 ift, <z <t
B,,o(z) = - 5.9
o() {0 otherwise (5.9)
r—t, tinakse1 — T
Bpa(@) = —— Bja(@)+ 1L B @) (5.10)
tm+k —tm tm+k+1 - tm+1

For t,,1x =t O tyipr1 = time1, the respective term is taken as zero.
e ¢, are learnable coefficients for the B-spline basis functions.

e M is the number of B-spline basis functions used.

The KAN linear layer’s output is thus a sum of a linear transformation of base-activated
inputs and a linear combination of B-spline transformations of inputs, allowing it to model
complex non-linear functions effectively. The splines’ control points (coefficients c¢;; x)
and the grid on which they are defined can be learned during training, providing greater
adaptability than fixed activation functions. Regularization terms can be employed to
encourage smoother or sparser spline functions.

5.2.3 A Parallel Transformer-BiGRU Model with Attention Mech-

anisms

A parallel model which consists a transformer encoder branch to capture global relation-
ships and long-range dependencies from model input, a Bidirectional Gated Recurrent Unit
(BiGRU) with global attention mechanism branch is employed to capture sequential con-
text and temporal order, and a cross-attention block to fuse feature representations of both
branches for BP estimation. The structure of this model is shown in Figure 5.5

5.2.3.1 Transformer Encoder Branch

This branch utilizes a Transformer Encoder architecture introduced by Vaswani et al. [197].
Each layer in the Transformer Encoder primarily consists of two sub-layers: Multi-Head
Self-Attention (MHSA) and a position-wise Feed-Forward Network (FFN), with residual
connections and layer normalization applied to each.
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Figure 5.5: The structure of a parallel transformer and BiGRU with attention mechanisms
for BP estimation.

5.2.3.1.1 Multi-Head Self-Attention (MHSA): The MHSA allows Transformer
block to evaluate the significance of different parts of the input sequence. For each position
in the sequence, self-attention computes a weighted sum of all other positions, where the
weights (attention scores) indicate relevance. This allows the model to capture context
by directly relating different segments of the sequence, regardless of their distance. The
"multi-head" aspect allows this process to be performed multiple times in parallel with
different learned linear projections (queries Q, keys K, and values V), capturing various
types of relationships. The fundamental scaled dot-product attention is:

Attention(Q, K, V) = softma (QKT) \% (5.11)
ntion(Q, K, V) = softmax :
Vg

The outputs from multiple heads are then concatenated and linearly projected.

5.2.3.1.2 Position-wise Feed-Forward Network (FFN): Following the MHSA mod-
ule, each position’s representation is independently processed by a fully connected feed-
forward network which consists of two linear transformations with a ReLU activation in
between, allowing further non-linear transformation of the attended features.

5.2.3.2 Bidirectional GRU (BiGRU) Branch with Global Attention

This parallel branch focuses on capturing sequential context and temporal order using
BiGRUs, enhanced by a subsequent global attention mechanism.

5.2.3.2.1 Bidirectional GRU (BiGRU): GRUs [198] are a type of RNN designed
to better capture dependencies in sequences and mitigate issues like the vanishing gradient
problem. GRUs employ gating mechanisms which consists of an update gate and a reset
gate. These gates collaboratively control the amount of the past information (previous
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hidden state) to retain and the amount of the new input information should be integrated
to form the current hidden state. A BiGRU processes the input sequence in two direc-
tions, a forward GRU reads the sequence from start to end, and a backward GRU reads
it oppositely. The hidden states from both directions at each time step are combined,
providing a representation that incorporates both past and future context for every point
in the sequence.

5.2.3.2.2 Global Attention Mechanism: Following the BiGRU layers, a global at-
tention mechanism [199] is employed to computes a single, fixed-length context vector that
summarizes the entire output sequence from the BiIGRU (Hg,,). This is achieved by calcu-
lating attention weights for each BiGRU hidden states which can indicate their relevance
with respect to a query (often derived from the final BIGRU hidden state or a separate
learnable query vector). The context vector c is then a weighted average of all BIGRU
hidden states:

L
c=> ahf™ (5.12)
t=1

where o are the attention weights. This allows the model to dynamically focus on the most
salient parts of the BiGRU-processed sequence when forming its summary representation.

5.2.3.3 Cross-Attention Fusion

To integrate the distinct feature representations learned by the Transformer and the
BiGRU-GlobalAttention branches, a cross-attention mechanism is employed. This allows
one branch’s representation to selectively draw information from the other, facilitating
a synergistic fusion of global and sequential features. In this setup, one set of features
(e.g., the sequence output from the Transformer branch, Hy,..,s) can act as the "query"
sequence. The other set of features (e.g., the context vector or sequence output from
the BiGRU-GlobalAttention branch, Hyg,,) provides the "keys" and "values." The cross-
attention mechanism then computes attention scores to indicate the relevance between the
key/value sequence (Hy,,,) and the query sequence (Hyqns). The output is a weighted
sum of the values, where weights are determined by query-key similarities calculated by
scaled dot-product attention:

KT
CrossAttentionOutput(Q, K, V) = softmax (Q ) \'% (5.13)
Vdy
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Here, Q would be derived from Hy.4,s, and K,V from Hyg,,. This results in a refined
representation of the query sequence, enriched with context from the other branch. A fully
connected (FC) layer is then added to predict SBP and DBP from the output of cross
attention module.

5.3 Loss Function

As described in the last section, both proposed TCN-SENet-KAN and a parallel Transformer-
BiGRU-Attention aim to capture the temporal dependencies and extract important fea-
tures from the model inputs to enhance BP trend tracking via time series regression. In
this section, a shape-oriented loss function-sDTW is introduced and customized to further
improve the performance and generalization of BP estimation model for trend tracking.

5.3.1 Pointwise Distance-Based Loss Function

Conventionally, pointwise distance metrics, such as MAE and Mean Squared Error (MSE)
are commonly used as the loss function for regression problems using deep learning models.

5.3.1.1 Mean Squared Error (MSE)

The MSE loss is one of the most widely used loss functions for regression tasks. Formally,
for a dataset containing N samples with predictions g, and true targets y;, the MSE is
defined as:

N
1 - 2
Luse = 5 ;(% — i) (5.14)
MSE penalizes large errors more severely than small errors due to the square term.

5.3.1.2 Mean Absolute Error (MAE)

The MAE loss computes the average absolute difference between predictions and targets:

N
1 .
Luap = > 15— vil (5.15)
=1
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Unlike MSE, MAE is less sensitive to outliers because errors are not squared. However,
MAE is not differentiable at zero, although in practice sub-gradient methods or smooth
approximations are used to train deep networks. MAE typically leads to a more robust
estimation when the training data contains significant noise or outliers.

5.3.2 A Shape-Oriented Loss Function

Dynamic Time Warping (DTW) is a well-established algorithm used to measure the sim-
ilarity between two temporal sequences, which may vary in speed, phase, or length [200].
sDTW [201] is a differentiable surrogate for the classic DTW algorithm, meaning it can be
used as the loss function for deep learning models.

5.3.2.1 Dynamic Time Warping (DTW)

Unlike pointwise distance measures (e.g., MSE and MAE mentioned in Section 5.3.1) that
compare the distance the i-th points of two compared sequences, DTW finds an optimal
non-linear alignment between the sequences by "warping" the time axis. This process
makes it particularly effective for comparing time series that are qualitatively similar but
locally out of phase.

Let two time series for comparison be X = (z1,%,...,xy) of length N and Y =
(y1,Y2, .-, yn) of length M. The core idea of DTW is to construct a cost matrix, C €
RY*M " where each element C(i, j) represents the distance between point z; from sequence
X and point y; from sequence Y. This local distance d(x;,y;) is calculated by Euclidean
distance, such as squared error:

d(zi,y;) = (2 — y;)” (5.16)
or the absolute difference d(z;,y;) = |x; — yj.

The goal is to find a warping path W = (wy,ws, ..., wg) where each wy = (ig, Jx)
is a pair of indices from X and Y respectively, mapping x;, to y;, . This path starts at
wy; = (1,1) and ends at wx = (N, M), and must satisfy certain conditions like monotonicity
(indices are non-decreasing) and continuity (steps are to adjacent cells). The optimal
warping path is the one that minimizes the total cumulative cost of aligned points. A
demonstration of locating the optimal warping path for two compared sequences using
DTW is shown in Figure 5.6 (a).
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This optimal path is found using dynamic programming. An accumulated cost matrix
D € RV*M is constructed, where D(i,5) is the minimum cumulative cost of any warping
path from (1,1) to (i,7). The recurrence relation to compute D(%, j) is:

D(i—1,7)
D(i,7) = d(z;,y;) + min { D(i,j — 1) (5.17)
D(i—1,j—1)

with initial conditions D(1,1) = d(z1,41), and D(i,1) = S p_, d(zx, v1), D(1,5) = S9_, d(21,ys)
(or by setting costs for out-of-bounds indices to infinity).
The DTW distance between sequences X and Y is then the final accumulated cost

D(N,M). A lower DTW distance indicates higher similarity between the shapes of the
two sequences, irrespective of minor shifts or scaling in the time dimension.

5.3.2.2 Soft Dynamic Time Warping (sDTW)

The standard DTW algorithm’s reliance on the non-differentiable min operator in its dy-
namic programming formulation (Equation 5.17) prevents its direct application as a loss
function in gradient-based optimization, which is prevalent in deep learning.

The key innovation of SDTW is the substitution of the min operator with a differentiable
"soft-minimum" operator, denoted as min”. Given a smoothing parameter v > 0, the soft-
minimum of a set of values {ay, as, ..., a;} is defined as:

k
v
min(ag,...,a;) = —Vlogz exp <—%) (5.18)
s=1

This operator effectively computes a smoothed, differentiable approximation of the min-
imum value. Using this soft-minimum, the recurrence relation for computing the sDTW
accumulated cost, denoted as D7(i, j), becomes:

5 D’Y(Z - 17])
D(i,§) = d(x;,y;) +min{ DV(i,j — 1) (5.19)
DYi -1 1)

The local cost d(z;,y;) is the same as defined in Equation 5.16. The final sDTW score
between sequences X and Y is D7(N, M).
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As the smoothing parameter v — 0, the min” operator converges to the standard
(hard) min operator, and consequently, sSDTW converges to the standard DTW value.
However, for any v > 0, the sDTW score DY(N, M) is smooth and differentiable with
respect to the elements x; and y; of the input sequences (via the local cost d(z;,y;)). This
differentiability allows for the computation of gradients of sDT'W with respect to its inputs.
A demonstration of locating the optimal warping path for two compared sequences using
sDTW is shown in Figure 5.6 (b). This property is crucial for deep learning applications,
as it enables SDTW to be used directly as a loss function. By optimizing a model against
an sDTW loss, the network can be trained to produce output sequences that are not
only close in value but also similar in shape and temporal structure to target sequences.
This is particularly beneficial for tasks such as BP trend estimation, where capturing the
morphological characteristics and dynamic patterns of the BP waveform is often more
important than minimizing pointwise errors like MAE. The sDTW loss encourages the
model to learn these shape-oriented features, potentially leading to more accurate BP
trend tracking performance and enhanced model generalization.

(a) Dynamic Time Warping (DTW) Visualization (b) Soft Dynamic Time Warping (sDTW) Visualization (y=1.0)
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Figure 5.6: Demonstrations of (a) dynamic time warping (DTW) and (b) soft dynamic
time warping (sDTW) of v = 1.0.
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5.3.2.3 Customized sDTW for Accurate BP Trend Tracking

As described in the last section that sDTW quantifies the difference of both distance
and shape between two compared sequences. The previous findings indicate that the
extracted features from ECG and PPG waveforms can be used as indicators for BP trend
tracking (see Section 5.1), but personal calibrations are still required for accurate BP
estimation. Therefore, the customized loss function is defined as the sSDTW of the reference
and prediction at zero mean, such that the model can exclusively focus on the shape
similarity between the estimation and reference in terms of pattern and scale. Then this
customized sDTW loss function is defined as:

SDTWloss = SDTW(yref - %7 Ypred — ypred) (520>

where ¥ref and Ypreq are the mean of the reference and estimation respectively.

5.4 Experiments

5.4.1 Bed-Based Ballistocardiography Dataset

The Bed-based Ballistocardiography (BCG) Dataset [202] (referred as BCG BP) which
collects three-lead ECG, finger PPG, BCG, simultaneous reference ABP and respiration
waveforms. These physiological waveforms are sampled at 1 KHz which enhances the
resolution of extracted features and can potentially improve BP estimation accuracy. This
dataset includes 40 participants (17 males) whose ages range from 18 to 65 years and their
body mass indices (BMIs) range from 18 to 48 kg/m?, and four participants indicated that
they had some form of past or current cardiovascular-related conditions. Each subject was
asked to recline in a customized bed with BCG sensors and an average of 6.97 minutes’ data
were collected. To ensure fiducial points of physiological signals and morphological features
are accurately detected and extracted for RM evaluation and cuffiess BP estimation, 8
subjects who has abnormal physiological waveforms are excluded from this study (e.g.,
a subject’s PPG shows multiple ripples in diastolic phase is demonstrated in Figure 5.8
(b)). The mean and standard deviation of SBP and DBP of 32 selected subjects are
122.62+15.02 mmHg and 67.03+9.41 mmHg respectively and distributions of SBP and
DBP are demonstrated in Figure 5.7.

The BCG BP dataset, though relatively small in size, provides high-quality waveforms
sampled at 1 kHz. This high sampling rate enables more precise feature extraction and
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potentially improves estimation performance (see Appendix A.5), in contrast to datasets
like MIMIC datasets [203], which are sampled at only 125 Hz and also demonstrate an
unknown time delay between ECG and PPG waveforms (see Appendix A.1). Additionally,
the BCG BP dataset demonstrates substantial BP variability. Among the selected 32
subjects, the SBP and DBP ranges, represented by the median and interquartile range
(IQR), are 18.25 (12.68) mmHg and 9.87 (6.32) mmHg, respectively. Furthermore, the
dataset provides continuous recordings, which are more suitable for BP trend tracking
compared to segmented datasets such as PulseDB [108|, where ECG, PPG, and ABP

waveforms are limited to 10-second segments.
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Figure 5.7: Distribution of BP readings of selected 32 subjects in BCG BP dataset.
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Figure 5.8: Demonstration of (a) a good quality PPG waveform segment, and (b) abnor-
mal PPG waveform which has multiple ripples in diastolic phase is excluded from further

analysis.
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5.4.2 Pre-processing

A 4th-order Chebyshev Type II bandpass filter, with a low cut-off frequency of 0.5 Hz and a
high cut-off frequency of 12 Hz, is applied to the PPG waveform to remove baseline wander
and high-frequency noise. This filter design was recommended by previous studies [142,143]
for more accurate detection of onsets and dicrotic notches of PPG waveforms, as it can
make these PPG fiducial points more prominent. A demonstration of applying a 4-th order
Butterworth bandpass filter and a 4-th order Chebyshev Type II bandpass filter to PPG
waveform can be found in Figure 5.9. A low-pass filter with a cut-off frequency of 12 Hz
was applied to the ABP waveform to eliminate high-frequency components. A 2-nd order
Butterworth bandpass filter with low cut-off frequency of 0.5 Hz and high cut-off frequency
of 30 Hz was applied for ECG waveform.

While the application of distinct filter architectures for ECG and PPG signals intro-
duces a theoretical differential group delay, empirical validation was conducted to quantify
the impact on temporal features like PAT. At the 1 kHz sampling frequency, the measured
inter-signal temporal offset was minimal and confirmed to have no statistically important
effect on extracted features or final estimation performance (see Appendix A.6 for details).

—— original
— Butterworth
—— Chebyshev

Amplitude

Time (s)

Figure 5.9: A demonstration of applying both 4-th order Butterworth bandpass filter and
Chebyshev Type II bandpass filter with low cut-off frequency of 0.5 Hz and high cut-off
frequency of 12 Hz to a 5-second PPG segment. Chebyshev bandpass filter can make onset
and dicrotic notch of PPG more prominent.

5.4.3 Fiducial Points Detection

The fiducial points of ECG and PPG are detected for feature extraction, and fiducial points
of ABP waveforms are detected to obtain reference SBP and DBP values.
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5.4.3.1 ECG Fiducial Point

The ECG R peaks are detected and used for PAT calculation. The waveform of the ECG
signal varies between subjects. The QRS complex is obvious and ECG R peak can be
easily located for some subjects like shown in Figure 5.10(a). However, it can be challenge
to locate the R peaks using a simple peak detection method which detects local maxima
for some subjects as the amplitude of their ECG T wave can be higher than R wave like
shown in Figure 5.10(b). In this case, an improved ECG R peak detection algorithm is
developed and the procedures are explained below.

1. The high frequency components of the ECG signal are extracted by applying a But-
terworth bandpass filter with the low cut-off frequency of 10Hz and high cut-off
frequency of 25Hz to the original ECG signal.

2. The upper envelope of the extracted high frequency components is then detected. For
example, the ECG high frequency components (blue curve) and the upper envelope
(orange curve) are shown in Figure 5.11(b).

3. The peaks of the extracted upper envelope are detected by locating the local maxima,
then the exact ECG R peaks are corrected by detecting the local maxima from
original ECG waveform within a range of + 20 samples around envelope peaks. A

demonstration of upper envelope peak detection and ECG R peak correction is shown
in Figure 5.11(c).

Amplitude

04l " " " s H . " " . " "
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Figure 5.10: Examples of ECG pulses, (a) ECG waveform with a distinct QRS complex,
(b) ECG waveform with a minor R wave.
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Figure 5.11: The demonstration of the proposed ECG R peak detection method. (a) an
original ECG waveform with minor QRS complex, (b) the high frequency components (10-
25 Hz) of the ECG signal (blue curve) and its upper envelope (orange curve), (c¢) the upper
envelope (orange curve) with its peaks (black dots) and the corrected ECG R peaks (red
dots).

5.4.3.2 PPG Fiducial Points

The fiducial points (onset, systolic peak, dicrotic notch and diastolic peak) of PPG, fiducial
points (u, v and w points) of the first derivative of PPG (VPG) and fiducial points (a, b,
¢, d, e and f points) of the second derivative of PPG (APG) are detected. These fiducial
points are demonstrated in Figure 5.1.

Several different PPG fiducial points detection methods proposed, and Python libraries
and MATLAB toolboxs were developed [145,204,205]. Even though they claimed their
methods can accurately detect these fiducial points for PPG waveforms with different
morphological characteristics and signal qualities. We observe their detection results are
distinct, meaning the morphological features extracted from PPG and PPG derivatives may
be different by using different methods. A demonstration of PPG fiducial points detection
using three proposed methods—PulseAnalyse [205], PPGFeat [201] and pyPPG [115] is
shown in Figure 5.12.

In this study, these PPG fiducial points are detected using an adjusted and improved
method based on pyPPG algorithm [115]. The definitions of these fiducial points, as well
as steps and methods to detect them from PPG and its derivatives are described in Table
5.1.
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5.4.3.3 ABP Fiducial Points

Similar to PPG, the systolic peak and pulse onset of ABP waveform are detected to extract
SBP and DBP values.

5.4.4 Feature Extraction and Processing

After detecting fiducial points, a total of 69 morphological features (see Table 5.2 for
details) are extracted from ECG, PPG and derivatives of PPG (VPG and APG), as well
as simultaneous SBP and DBP are detected.

These extracted beat-to-beat features and simultaneous BPs are then resampled to a
fixed sampling rate of 2 Hz to form uniformly sampled time series, and the outliers caused
by inaccurate fiducial point detection especially for features extracted from VPG and
APG are detected using the three-sigma rule and then replaced by piecewise cubic hermite
interpolating polynomial ('pchip’) interpolation method. Then the variations modulated
by respiration are removed from both features and BPs using the method proposed in
Chapter 3 before using them for model training and evaluation.

5.4.5 Implementation Details

To evaluate the model generalization and performance of BP trend tracking, two proposed
models (described in Section 5.2) as well as three SOTA models, CNN-LSTM [93] (sig2bp),
HGCTNet [111] (feat&sig2bp) and UNet [95] (sig2sig) are implemented. As these models
predict BPs using different strategies, different data preparation methods, as demonstrated
in Figure 5.13, are implemented to ensure fair comparisons. The implementation details
of each model are described below:

¢ TCN-SENet-KAN: the proposed model structure is demonstrated in Figure 5.3.
The kernel size, dilation factor for two stacked TCN blocks are 3 and 1 respectively.
The number of filters for TCN blockl and TCN block2 is 32 and 64 respectively.
ReLU activation and a dropout layer (dropout rate=0.2) are included in TCN blocks.
The reduction ratio of SENet is 16. For KAN layer, SiLU and the third order spline
(see Equation (5.8)) are employed for fixed based activation function and spline
component respectively. Other parameters are grid size = 5, grid range = [-1,1], grid
epsilon = 0.02 , noise scale = 0.1 for KAN regression layer. The last step of the
SENet output is used as the input of KAN layer with output size of 1 for either SBP
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or DBP prediction. 11 important morphological features PAT,,, AUC,;, AUCj,s,
Aap/Asps (Asp — Aap)[Asps Aan/Asp, PIR, Top/Asp, Asp/ AT, A /(T — Typ) and
Tup/Aap (see Section 5.1 and Table 5.2 for details) which exhibit strong correlation
to BP changes are selected for BP estimations, these features are windowed into
segments of 4 seconds with 2 seconds overlap, resulting in 8 time steps of 11 features
within each segment (as extracted features are resampled to a fixed rate of 2 Hz). The
reference SBP and DBP values of the last time step of each segment are extracted for
model training and evaluation. The data segmentation process is demonstrated in
Figure 5.13 (a). When training this model, batch size is set to 32 and Adam optimizer
with learning rate of le-4 is applied. Both proposed shape-oriented loss function
sDTW,,s and MAE is used as the loss function. Additionally, to demonstrate the
effect of KAN layer, it is replaced by a regular FC layer with linear activation function
to predict SBP or DBP and this model is named as TCN-SENet-Linear.

A parallel model of Transformer-BiGRU with Attention Mechanisms: the
proposed model Transformer-BiGRU-Attention is demonstrated in Figure 5.5.
For transformer branch, the expected input feature size is 32, number of heads is 2
for MHSA block and model dimension is 128. For BiGRU-Global attention branch,
two BiGRU layers with filter number of 32 and 64 are used. The attention dimension
for global attention mechanism is 128. The FC layer with input dimension of 32 and
output dimension of 1 is added to predict SBP and DBP. Identical to TCN-SENet-
KAN, the model estimate the SBP or DBP for the last time step from 4 seconds’
segment of selected 11 importance features. When training this model, batch size is
set to 32 and Adam optimizer with learning rate of le-4 is employed. MAE is used
as the loss function.

CNN-LSTM (sig2bp): as proposed in the original work [93], the difference of ECG
and PPG waveforms (ECG-PPG) is used as the model input to predict both SBP
and DBP. The data segmentation process is demonstrated in Figure 5.13 (b). The
ECG and PPG waveforms of the original BCG BP are downsampled to 125 Hz,
and a segment of 2.048 seconds’ (256 samples) waveforms which is centered at BP
extraction point is extracted as the model input. This is because the original model
uses a global average pooling layer between the CNN-LSTM module output and FC
layer for BP estimations. When training this model, batch size is set to 32 and Adam
optimizer with learning rate of le-4 is employed. MAE is used as the loss function.

HGCTNet (feat&sig2bp): similar to CNN-LSTM model, the PPG, VPG and
APG waveforms of the original BCG BP are downsampled to 125 Hz. A 2.048
seconds’ (256 samples) segment of PPG, VPG and APG waveforms which is centered

102



at BP extraction point is extracted, together with 26 important features (selected
using Relief method) at the BP extraction point are used as the model input to
predict SBP and DBP respectively. The data segmentation process is demonstrated
in Figure 5.13 (¢). When training this model, batch size is set to 32 and Adam
optimizer with learning rate of 1le-3 is employed. MAE is used as the loss function.

e UNet (sig2sig): the PPG, VPG and APG waveforms of the original BCG BP
are downsampled to 250 Hz. A segment of 4.096 seconds’ (1024 samples) segment
of PPG, VPG and APG waveforms which is centered at BP estimation point is
extracted (as shown in Figure 5.13 (b)). The mean SBP and DBP of each predicted
ABP segment are then extracted and calculated as the segment estimation results.
When training this model, batch size is set to 32 and Adam optimizer with learning
rate of le-3 is employed. MAE is used as the loss function.

For each of the subject from BCG BP dataset, the inputs and outputs are prepared
for different models using aforementioned methods. The inputs and outputs of a same
subject are then split into batches (batch size=32) according to chronological order which
ensures the proposed sDTW loss function compares the reference and predicted BP trends
correctly and facilitates the estimation model extracting shape-oriented features. The BP
estimation models were trained for a maximum of 100 epochs. Early stopping is used as
a regularization technique which monitors the validation loss with a patience setting of 10
epochs to prevent overfitting.

5.4.6 Leave-One-Subject-Out Cross Validation

To evaluate the model generalization and BP trend tracking performance of the proposed
methods described in this chapter, Leave-one-subject-out (LOSO) cross validation is em-
ployed. As the BCG BP dataset contains 32 subjects, 32 separate folds are created. In
each fold, one subject is designated as the testing subject, while the remaining 31 subjects
are used as training subjects. For each training subject, the first 80% of the batches are
used for model training and the remaining 20% batches are used for validation. Conse-
quently, 32 distinct models are trained and evaluated, with each model tested on the data
from the testing subject which is completely unseen during model training stage.
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5.5 Results

The mean and standard deviation of the Absolute Error (AE) between the reference and
estimated BPs, as well as the median and interquartile range (IQR) of Pearson correlation
coefficient () which can implicitly quantify the similarity between the reference and esti-
mated BP trends using different estimation models for all 32 subjects of BCG BP dataset
using LOSO cross-validation are calculated in Table 5.3. Since the customized sDTW loss
function only evaluates the shape similarity between the reference and estimated BP trends
after zero-mean normalization, distance-based metrics are not meaningful for assessing the
performance of TCN-SENet-Linear and TCN-SENet-KAN under the sDTW,. scenario.

Table 5.3: The mean and standard deviation of absolute error between reference and es-
timated BPs for all subjects, and the median (IQR) of the Pearson correlation coefficient
between each subject’s reference and estimated BPs using different models and loss func-
tions.

Model 4 params Loss function Grand AE (mean=std) r (median, IQR)
SBP DBP SBP DBP
SOTA models
CNN-LSTM 181.2K MAE 11.27 41046 7.72+5.97 0.002 (0.07) 0.001 (0.07)
HGCTNet 2.4M MAE 13.81+£11.70 10.41+£8.16 0.03 (0.12) 0.04 (0.10)
UNet 10.5M MAE 1268+ 1017 7.70£6.67 040 (0.54)  0.09 (0.41)
Proposed by this study
Transformer-BiGRU-Attention 126.7K MAE 15.80 £12.82 8.838+£7.85 0.25 (0.76) 0.28 (0.69)
TCN-SENet-Linear 259K MAE 12.84 +£11.66 9.07+7.76  0.57 (0.95) 0.40 (0.66)
TCN-SENet-Linear 259K sDTWioss - - 0.74 (0.39)  0.44 (0.53)
TCN-SENet-KAN 26.5K MAE 19.47+£14.25 12.84 £824 0.48 (0.89) —0.04 (0.54)
TCN-SENet-KAN 265K  sDTWeu 0.74 (0.42)  0.56 (0.47)

The results in Table 5.3 demonstrate that the proposed models significantly outperform
existing SOTA models in tracking BP trends, particularly under a LOSO cross-validation
evaluation setting. This setting reflects a realistic and challenging scenario for assessing
model generalization. The SOTA models (CNN-LSTM, HGCTNet, UNet) show extremely
low correlation, with correlation coefficients almost equal to zero, indicating poor trend
tracking capability and suggesting that these models fail to learn meaningful temporal or
shape-related information from the model inputs. In contrast, the proposed models, espe-
cially the models trained with the shape-oriented sDTW loss function, achieve substantially
higher correlation values (e.g., up to 0.74 for SBP and 0.56 for DBP). This improvement
highlights the benefit of optimizing for shape similarity, which encourages the model to
align better with the overall BP trend. Furthermore, the application of the KAN layer,
designed to enhance non-linearity modeling, consistently outperforms models with con-
ventional fully connected (FC) layers. For example, the median correlation coefficients
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for both SBP and DBP using TCN-SENet-KAN model are greater than the model with
conventional FC layer.

Figures 5.14-5.19 demonstrate examples of SBP estimations from three subjects us-
ing different models and loss functions. All estimations were produced under a LOSO
cross-validation setup. To allow for clearer visual comparison, each estimated SBP was
adjusted to match the mean level of the reference. As shown in these examples, HGCTNet
produces noisy predictions, while the CNN-LSTM model fails to capture BP fluctuations,
instead generating flat, average-like estimations. Although the proposed Transformer-
BiGRU-Attention and TCN-SENet-Linear models apply time series regression, they still
cannot track BP trends effectively. This is mainly due to the MAE loss, which focuses on
pointwise accuracy rather than shape similarity. In contrast, the TCN-SENet-KAN model
trained with the shape-aware sDTW loss produces estimations that highly similar to the
actual BP trends, despite having no access to the test subject’s data. These results high-
light that the combination of the KAN layer and sDTW loss enables the model to capture
trend-related patterns across individuals, leading to improved generalization in BP trend
tracking and facilitating easier personalization for new subjects.

5.6 Conclusion and Discussion

In conclusion, this chapter demonstrates that the proposed TCN-SENet-KAN model effec-
tively addresses the challenge of BP trend tracking, a critical yet underexplored aspect of
cuffless BP estimation. Despite its lightweight architecture which has significantly fewer
trainable model parameters compared to existing SOTA models and a parallel Transformer-
BiGRU-Attention model, TCN-SENet-KAN achieves superior performance in tracking BP
trends under LOSO cross-validation. This highlights its strong generalization capability
across unseen subjects. A key innovation contributing to this improvement is the adoption
of the shape-oriented sDTW loss function, which changes the model’s focus from pointwise
accuracy to overall trend similarity. This not only enhances the model’s ability to track
BP changes but also facilitates more personalized and robust long-term BP monitoring.
Overall, the findings emphasize the importance of both model design and task-specific loss
functions in improving the accuracy and generalization of cuffless BP estimation models.

The personalization stage which uses very few calibration measures from the new sub-
ject for subject-specific adaptation methods will be introduced in the next chapter.
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Figure 5.12: Examples of detecting fiducial points from PPG waveform and the second
derivative of PPG (APG) using methods proposed by PulseAnalyse, PPGFeat and pyPPG,
resultinng in different detection results (data extracted from BCG BP dataset, sampling
frequency is 1 KHz).
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Figure 5.13: Data preparation strategies for model training, (a) strategy for time series
regression models, TCN-SENet-KAN and a parallel transformer-BiGRU with attention
mechanisms which takes 4 seconds’ of physiological features to predict BPs, (b) strategy
for sig2bp model-CNN-LSTM which uses 2.048 seconds’ waveform segments to predict BPs,
(c) strategy for a hybrid model-HTCTNet which uses 4.096 seconds’ waveform segments
as well as physiological features to predict BPs.
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Figure 5.14: Reference and estimated SBP of Subject 1 using (a) SOTA models and TCN-
SENet-KAN with sDTW loss function, (b) UNet model, (¢c) CNN-LSTM model.
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Figure 5.15: Reference and estimated SBP of Subject 1 using (a) proposed Transformer-
BiGRU attention, TCN-SENet-Linear model using MAE loss function, (b) proposed TCN-
SENet-Linear and TCN-SENet-KAN model with MAE and sDTW loss functions.
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Figure 5.16: Reference and estimated SBP of Subject 3 using (a) SOTA models and TCN-
SENet-KAN with sDTW loss function, (b) UNet model, (¢) CNN-LSTM model.
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Figure 5.17: Reference and estimated SBP of Subject 3 using (a) proposed Transformer-
BiGRU attention, TCN-SENet-Linear model using MAE loss function, (b) proposed TCN-
SENet-Linear and TCN-SENet-KAN model with MAE and sDTW loss functions.
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Figure 5.18: Reference and estimated SBP of Subject 5 using (a) SOTA models and TCN-
SENet-KAN with sDTW loss function, (b) UNet model, (c) CNN-LSTM model.
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Figure 5.19: Reference and estimated SBP of Subject 5 using (a) proposed Transformer-
BiGRU attention, TCN-SENet-Linear model using MAE loss function, (b) proposed TCN-
SENet-Linear and TCN-SENet-KAN model with MAE and sDTW loss functions.
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Chapter 6

Accurate BP Estimation with Few
Calibrations

In this Chapter, the methods for accurately estimating BPs for a new unseen subject with
only few calibrations are described. First, a Bayesian hierarchical regression based approach
[206] which was proposed previously is introduced. Then, a number of new methods with
different strategies, including commonly used model fine-tuning, few-shot learning methods
such as meta-learning and domain adaptation, as well as simple statistic transformation
methods are applied to the TCN-SENet-KAN which is proposed in the previous chapter
(Chapter 5) with great model generalization and accurate BP trend tracking to quickly
adapt the pre-trained models to new subjects.

This chapter presents methods for accurately estimating BP for new, unseen subjects
using only a limited number of calibration samples. It begins by introducing a previously
proposed approach based on Bayesian hierarchical regression. Subsequently, several new
strategies are explored to enable quick adaptation of pre-trained models to individual sub-
jects. These include conventional model fine-tuning, few-shot learning techniques such as
meta-learning and domain adaptation, as well as simple statistical transformation meth-
ods. All approaches are applied to the TCN-SENet-KAN model which demonstrated strong
generalization ability and accurate BP trend tracking in the previous chapter, making it a
promising method for subject-specific adaptation.
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6.1 A Bayesian Hierarchical Regression Model for Few-
Shot BP Estimation

Publication: a version of the method described in this section was previously published

by IEEE EMBC 2021 [206].

A Bayesian hierarchical regression based few-shot BP estimation model was proposed
so that the BP can be accurately estimated for a new patient with just few measurements
and avoid overfitting.

6.1.1 Theoretical Introduction

In Bayesian hierarchical regression modelling, the regression coefficients are themselves
given a model, whose parameters are also estimated from data. Compared with classical
regression, hierarchical modelling is always an improvement, as shown for example in the
prediction of home radon levels in U.S counties [207]. In this section, the BP will be
estimated using a one-level hierarchical model by optimizing the parameters of the non-
linear relationship (equation (2.3), BP = a + § - In(PAT)) between PAT and BP at both
individual level (each subject) and group level (between subjects), and the comparison
between this approach and classical regression methods will be demonstrated.

To estimate BP using a Bayesian hierarchical regression model, the equation (2.3) can
be algebraically expressed as:

BP ~ N(p=a+ 5 -In(PAT), ¢) (6.1)

That is, the data vector BP is assumed to be distributed as a normal distribution with a
mean of a + 3 - In(PAT), and a standard deviation of the measurement noise .

The probabilistic model and the Ordinary Least Squares (OLS) method should have
similar performance in optimizing model parameters on a large dataset. However, the
parameters a and  are unbounded when the dataset is extremely small, for example, only
one data point but OLS method requires at least two points to fit a line. This extreme
problem can be solved by the a hierarchical model and setting strong priors for the unknown
parameters o and 5. Another way to convey information is by defining hierarchical models,
since hierarchical models allow information to be shared between subjects, shrinking the
plausible values of the estimated parameters [203].
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In a hierarchical model, the parameters can be estimated directly from the data by
placing shared priors over them, instead of fixing the parameters of our priors to some
constant numbers. These higher-level priors are known as hyperpriors and their parameters
are hyperparameters, and informative priors will be assigned based on the fact that the
hyperpriors will shrink to the group mean. The mean and standard deviation of a and
[ derived from each subject’s PAT and SBP values are —1 4 30.85 and —116.35 4 32.24
using OLS method. Thus, the framework of the one-level hierarchical model for this study
with the definition of the parameters and priors for each level is shown in Figure 6.1(a).
The parameters o and [ that mainly determine the distribution of BP have their priors
in normal distributions. The hyperparameters ji, and 13 have their hyperpriors in normal
distributions and the hyperparameters o, and og have their hyperpriors in half-normal
distributions.
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Figure 6.1: (a) The Kruschke diagram of the proposed hierarchical model and the selection
of the hyperpriors. (b) A demonstration of SBP estimation for one subject using the
proposed hierarchical regression (red), OLS (green) with only 3 calibrations, while the
true regression is the black line. (¢) The estimated SBP trend (red) using the hierarchical
regression and the reference SBP trend (adapted from [200]).
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6.1.2 Implementation and Results

To demonstrate the feasibility of the proposed hierarchical regression method, a small
dataset which is collected by our research team from ten healthy subjects (5 males, 28.3+8.3
years’ old). For each subject, 10 minutes’ simultaneous ECG, PPG and beat-to-beat ref-
erence BP values were measured. PAT s which is the time interval between ECG R peaks
and PPG systolic peaks (as demonstrated in Figure 2.4) and corresponding SBP values
were retrieved. For each subject, the PAT and SBP values of the other nine subjects and
n (n=1,3) calibration measurements of PAT and SBP were used to train the hierarchical
regression model; the SBPs were then predicted using the trained model and this subject’s
remaining PATs. The model parameters of interest are estimated using posterior distri-
butions which are determined by analytical integration. The Markov Chain Monte Carlo
(MCMC) method was employed for parameter estimation and No U-turn sampler (2000
samples for each channel with 1000 tuning samples) was used to evaluate the posterior
distributions. Figure 6.1 (b) illustrates a comparison if SBP estimation for a subject using
hierarchical regression versus the OLS approach with only three calibrations. OLS results
in overfitting, whereas the regression line derived using hierarchical regression is almost
identical to the actual one. The grand mean and standard deviation of AE between the
estimated SBP and reference SBP for these ten subjects using hierarchical regression and
OLS method with one and three calibrations can be found in Table 6.1, it indicates that
the proposed hierarchical regression can accurately just using few calibration(s) and it is
feasible for quick adaption problem within a same dataset.

Table 6.1: The mean and standard deviation of the absolute error between estimated
SBP and reference SBP using different approaches(Note: it is impossible to conduct OLS
regression one a single measurement).

# of calibrations OLS regression Hierarchical regression

3 6.96+3.77 4.35+1.43
1 —— 4.36+1.17

6.1.3 Limitations

Although the proposed Bayesian hierarchical model has demonstrated feasibility in accu-
rately estimating BP for a new subject using a small number of calibration measurements,
it still has limitations.
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e The proposed hierarchical model is feasible for intra-domain adaptation as the basic
assumption is that data of one type come from one distribution. If data are acquired
using different devices, the data may not have the same distribution; hence, this
model is not appropriate.

e The Bayesian model is computationally intensive; for each new subject, the model
must be retrained using the training dataset and calibration measurements. This
problem may be more severe as the data increases and more features are added.

Therefore, several different models will be introduced in the following to address the
limitation of this Bayesian hierarchical regression based method and improve the perfor-
mance for estimating BPs for new subjects via very limited amount of calibrations.

6.2 Problem Formalization for Few-Shot Adaptation

In this section, the problem of adapting a model which is pre-trained using a group of
subjects to a new subject who is completely unseen during model training with very limited
number of calibrations is formalized. Since this study uses the BCG BP dataset which
includes 32 subjects and LOSO cross validation is applied, the problem can be described
as:

Consider a dataset D comprising data from N (N = 32 for BCG BP dataset used
in this study) distinct subjects. Let S; denote the i-th subject, for i = 1,2,...,32. Each
subject S; has a collection of input-output pairs D; = { (xiym,yi,m)}%izl, where x;,, € R?
represents a d-dimensional input vector which is pre-determined features extracted from
ECG and PPG waveforms, and ¥;,, € R corresponds to continuous scalar output which
is SBP or DBP values, indicative a regression problem. The total number of samples for
subject S; is M;. In each fold of the LOSO cross validation, one subject Sies is held out as
the test subject, while the remaining N — 1 (which is 31 subjects in this study) subjects
form the training subjects. The objective is to train a robust and generalized model with
great model initialization that can quickly adapt to the held-out subject Si.s; via a small
calibration set D, = {(Xtest.1 Yrestt) 11—y of k samples. Finally, the adapted model is used

to predict for the remaining data (query set) Dfﬁst = {(Xtest.m» Ytest,m) f\n@l (Mg is the
number of samples for prediction) of the test subject for performance evaluation.
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6.3 Model Fine-Tuning for Subject-Specific Adaptation

Fine tuning is a common and straightforward approach to adapt a pre-trained model to a
new subject. This method leverages the knowledge encoded in the parameters of a model
trained on a large dataset and then refines these parameters using a small amount of data
from the target subject. This section describes the process of adapting a pre-trained model
to the held-out test subject using their limited adaptation data.

Overview: amodel fp- is pre-trained on the data from N—1 (31 in this study) subjects.
This pre-training is accomplished by minimizing the regression loss (e.g., Mean Squared
Error) over all available samples from these N — 1 subjects. The objective of this pre-
training is to learn a set of parameters 6* that capture general features and relationships
relevant to the regression task across a diverse population. Then this pre-trained model
fo is personalized for the held-out test subject Siest via a small adaptation set Dfest =

{(Rtestis Yrest) }ry of k samples.

6.3.1 Adaptation via Fine-Tuning

For the test subject Siest, a small adaptation set (or support set) D2 = {(Xest.1, Yrest.1) ey
which consists of k labeled input-output pairs specific to subject Sie is utilized. Fine-
tuning involves continuing the training process of the pre-trained model fy«, but exclusively
using this small, subject-specific adaptation set DY ..

The objective of fine-tuning is to adjust the model parameters 6* to better fit the
characteristics of Siest, thereby updating parameters 6f,,. This is achieved by minimizing
the regression loss £ (e.g., Mean Squared Error) on the adaptation set D2, and the
optimization process starts with 6 = 6*:

k
eéest = arg mgin ; ‘C(fG (Xtest,l)a ytest,l) (62)

Several strategies are commonly employed during fine-tuning, such as full fine-tuning,
partial fine-tuning, using a smaller learning rate and number of iterations (see Appendix A.7

for details). Once the fine-tuning process is complete, the adapted model Jo,.. is used
to predict for the remaining test samples (query set) of the test subject Spes: yored =

f9éest (Xtest,m) .
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6.4 Meta-Learning for Subject-Specific Adaptation

Overview: within the meta-learning framework, each subject S; of the N — 1 meta-
training subjects is considered as a distinct "task", denoted 7;. The objective is to learn a
model fp parameterized by 6 such that it can generalize effectively on a new, unseen task
which is the held-out subject Si.t with minimal, subject-specific data. This adaptation is
performed in a k-shot learning setting, where £ > 0 and k£ is a small integer. For any given
task 7, (either during meta-training or meta-testing on Siet), two disjoint subsets of its
data D; are defined as:

1. Support Set (D7): a small set of k input-output pairs, DY = {(x;,, y;0)}/_;, used
to adapt the general model parameters 6 to become task-specific parameter 6.

2. Query Set (D]Q) the remaining samples from Dj, DJQ = D;\ Df, are used to

evaluate the performance of the adapted model f@; on task 7;.

The ultimate goal is to find initial set of parameters 8* that generates accurate predic-
tions on its query set Dgst, after adaptation using only the k samples in the support set of
the held-out subject Sies;. This requires the meta-learning process to capture underlying
commonalities across the 31 training subjects that are transferable to new subject.

Model-Agnostic Meta-Learning (MAML) [209] is a widely recognized meta-learning
algorithm designed to optimize an initial set of model parameters that are well-suited for
quick adaptation to new tasks with only a few samples. Its "model-agnostic" nature implies
that it can be applied to any model trained with gradient descent, making it a versatile
choice for various regression architectures. The Model-Agnostic Meta-Learning (MAML)
algorithm operates via a bi-level optimization process, comprising an inner loop for task-
specific adaptation and an outer loop for meta-optimization across tasks.

6.4.1 Inner Loop: Task-Specific Adaptation

During meta-training, for each task 7; sampled from the set of N —1 training subjects, the
goal of the inner loop is to quickly adapt the shared model parameters 6 to task-specific
parameters ¢’. This adaptation is achieved by taking one or a few gradient descent steps
with respect to the loss on the support set Df for that specific task.

Let L7 (fo, Df ) be the loss function for task 7; evaluated on its support set Df using
the model fy. For a regression problem, Fuclidean metrics such as MSE can be used as
this loss function:
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Z fo(x0) = y0)* (6.3)

Starting from the initial parameters ¢, the adapted parameters 0’ for task 7; after one
gradient step are computed as:

(9; =0-— OéV9£7;. (fg, DJS) (64)

where « is the learning rate for the inner loop. If multiple adaptation steps are used in
the inner loop, this process will then be repeated. It is worth noting that the 8;- is directly
derived from 6 and is specific to task 7; during inner loop optimization stage [210].

6.4.2 QOuter Loop: Meta Optimization

The objective of the outer loop is to update the initial model parameters 6 such that
the adapted parameters 0; perform well on the query sets D]Q of their respective tasks.
Essentially, the meta-learner aims to find an initialization € that is highly sensitive to task-
specific data which will potentially improve model performance with minimal inner loop
adaptation.

The meta-objective function J(#) is the sum (or average) of the losses on the query sets
of the meta-training tasks which is evaluated using the respective adapted parameters 6

J0)= Y. Ly(fe, DY) (6.5)

73 Np(Tmetaftrain)

where p(Tmeta—train) represents the distribution of meta-training tasks. In the LOSO setup
of this study, this involves iterating through the 31 training subjects. The loss L7 ( fg;, DJQ)
is calculated using the query data and the adapted parameters:

ﬁﬂ(fe;,DjQ):% > (fa/.(x)—?J)Q (6.6)

The meta-parameters 6 are then updated by taking a gradient step with respect to this
meta-objective:
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0+ 60-8Yy > Ly(fy,D}) (6.7)

73' Np(,ﬁneta—train)

where (3 is the meta-learning rate (outer loop learning rate). Notably, the computation of
VoLlr (f o DJQ) requires differentiation through the inner loop update rule, which involves
second-order derivatives (as ¢ is a function of #). This process can be computational
intensive, some novel methods such as FOMAML [211] (First-Order MAML) are proposed
and developed to approximate this gradient.

6.4.3 Meta-Testing Stage

Once the meta-training stage is complete and an optimal 6* is obtained, the model is then
evaluated on the held-out test subject Siest. Given k samples in its support set Dfest, the
parameters 0* are adapted using the same inner loop update rule:

/
etes

t 9* - VG*E'Ttest (f9*7 D‘ts(;st) (68>

The performance is then evaluated on the query set Dgst of the test subject using the

adapted parameters 0;.. This process is repeated for each subject when it serves as the
held-out test subject, providing a robust evaluation of the meta-learned model’s ability to
generalize and adapt to new individuals via very limited calibration measures.

6.5 Domain Adaptation for Subject-Specific Adaptation

An alternative to meta-learning approaches like MAML is to explicitly train a feature
representation that is invariant across the training subjects. This section describe the use
of domain adaptation methods, Domain Adversarial Neural Network (DANN) specifically,
to learn subject-invariant features from the N — 1 training subjects, followed by a k-shot
adaptation for the held-out test subject. Unlike MAML’s episodic training, DANN aims
to utilize all available data from the N —1 training subjects to learn the invariant features.
The final adaptation on Sies will then use a small support set D2 = {(Xest.1, Yrest.1) ey
of k samples, then the performance is assessed on a query set D, = Diey \ DS ..

The DANN method aims to learn features that are both discriminative for the main
task (regression for this study) and indiscriminate with respect to the "domain" from which
the data originates. In the LOSO cross validation context of this study, each of the N — 1
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training subjects is treated as a distinct domain. The DANN architecture typically consists
of three main components described below and demonstrated in Figure 6.2:

1. Feature Extractor (Gj): this network which is parameterized by 6, maps the
input data x to a feature representation f = Gy(x;60y). The goal is to make these
features domain-invariant but task relevant.

2. Target Predictor (G,): this network which is parameterized by the 6,, takes the
extracted features f and predicts the output for the main regression task, i.e., y =

Gy(f:0y)-

3. Domain Classifier (Gg): this network which is parameterized by 6,4, takes the
extracted features f and attempts to predict the domain (i.e., via subject ID) from
which the input data originated, i.e., d = G4(f;0q)-

6.5.1 Adversarial Training

e The parameters 6 of the feature extractor are trained to maximize the loss of the do-
main classifier, thereby making the features f as indistinguishable (domain-invariant)
as possible.

e Simultaneously, 0; and 6, are trained to minimize the loss on the main regression
task.

e The parameters 0, of the domain classifier are trained to minimize the domain clas-
sification loss, i.e., to be as good as possible at identifying the subject from the
features.

This adversarial objective is often implemented using a Gradient Reversal Layer (GRL).
The GRL is placed between the feature extractor G ¢ and the domain classifier G4. During
the backward pass, it multiplies the gradient flowing back from the domain classifier by
—A\ (where X is a positive hyperparameter that balances the trade-off between the two
objectives before passing it to the feature extractor.

Let Diain—an = Ujvz_ll D; be the combined dataset from the N — 1 training subjects.
For each sample (X;,, yjm) from subject S; in Diyain—an:

1. Regression Loss (L£,): it measures the discrepancy between the predicted output
and the true output. For a regression task, MSE can be used:

Ly(Gy(Gp(xjm;07);0y), yjm) = (Gy(Gr(Xjm; 0); 0y) — yjm)z
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2. Domain Classification Loss (£,): it measures the accuracy of the domain classifier
in predicting the subject S; (represented by a domain label d;, e.g., Subject ID) from
the features Gy(x;m;0f). This is a cross-entropy loss as subjects are treated as
distinct classes:

2

Li(Ga(Gy(xjm30); b4 Z 1[d; = c]log P(Ga(Gy(xjm; 0y); 0a) = c)

c=1

where 1[-] is the indicator function and P(-) is the probability determined by the
domain classifier for class c.

Therefore, the overall objective function optimized during the DANN training stage is:

N-1 M;
%yune%xE 0,0,,0q) ]Zlm Ly(Gy(Gr(%m; 05);04)s Yim)

1
N-1 M;
—AD > La(GalGy(Xjm; 05); 0a), d;) (6.9)
7j=1 1

=1 m=

Due to GRL, this min-max problem can be solved by standard gradient descent methods
where 6y, 0, are updated to minimize the combined objective and 6, is updated to minimize
its own classification loss. The parameter A controls the influence of the domain adversarial
component. The parameters are updated as follows:

oL, 0L,
P Y
U a0, "0,

oL,
O = Oy g,
0Ly
0 O — ——
d$< g — 6,

where g is the learning rate. This DANN training uses all available samples from the
N — 1 training subjects, contrasting with MAML’s task-specific few-shot updates during
its meta-training. The rationale is that more data across varied domains (subjects) allows
for a more robust estimation of domain-invariant features.
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Figure 6.2: A demonstration of key process of domain adversarial neural network (DANN)
(figure adapted and modified based on [212]).

6.5.2 K-shot Adaptation for the Test Subject

After the DANN model, specifically, G¢(+;0}7) and Gy (+; ;) has been trained on the N —1
subjects, it is then adapted to the held-out test subject Sies;. The domain classifier Gy is
discarded at this stage.

Given the k support samples D2 = {(Xiestss Yrestt) 5y from Sie, the pre-trained
feature extractor and target predictor are fine-tuned. This adaptation aims to specialize
the model to Siest using limited data. The fine-tuning objective is to minimize the regression
loss on the support set D3

o' test,%ftest argmmZE (G (Xtest,t507);0y), Yyoni) (6.10)

The optimization starts from the pre-trained parameters ¢} and 6;. Usually, only the
target predictor G, or the final layers of Gy are fine-tuned to prevent overfitting with small
k. The performance of the adapted model fy- is then evaluated on the query set

D¢ . of the test subject.

f test 7yf test

tes
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6.6 Statistical Post-Hoc Methods for Subject-Specific
Adaptation

Besides fine-tuning or meta-learning strategies, a pre-trained model’s predictions for a new
subject can be adapted using statistical post-hoc calibration techniques. This approach
assumes that a model, pre-trained on data from N — 1 subjects in a standard supervised
manner (e.g., by minimizing a standard regression loss over all their data), captures general
patterns but may exhibit systematic biases when applied to a new, held-out subject Sieg.
The adaptation then aims to correct these biases using a small number of labeled samples
from Siegt-

In the LOSO cross validation context, a model fp« is pre-trained using the combined
data from N — 1 subjects. This pre-training typically involves minimizing a standard
regression loss (e.g., MAE and MSE) across all samples from these N — 1 subjects, without
any explicit mechanism for domain invariance or meta-learning.

For subject Siest, a small adaptation set D2 = {(Xiest.1, Ytests) J5oy is available. For
cach sample in this set, the true reference output yies;; and the prediction from the pre-
trained model, §,..; = fo (Xtesty) are used to learn a transformation for subject-specific
adaptation. Once the transformation parameters are learned, they are applied to adjust
the pre-trained model’s predictions §,,. ., = fo (Xtest,m) for the actual test samples (query

M, .
Set) Dgst = {Xtest,m}mgl of SUbJeCt Stest-

6.6.1 Affine Transformation

The affine transformation provides a simple linear correction involving scaling and trans-
lation. For the regression output, the adjusted prediction 7,4; is related to the pre-trained
prediction g, by:

gadj =S5 @pre +1 (611>
where s is the scaling factor and ¢ is the translation (offset or intercept). The parameters

s and t are estimated using the k samples in the adaptation set D2, by minimizing the
sum of squared errors between the transformed predictions and the true reference values:

k
(s*,t%) = arg n;ltn Z((s “Ypres T t) — ytest’l)2 (6.12)
=1

122



The optimal s* (slope) and ¢* (intercept) can be found using ordinary least squares. The
scaling factor s* can be positive or negative, allowing for correction of both magnitude and
potential reflection of the bias. Once s* and t* are determined, the predictions for the real
test samples §,. ,, from Qe are adjusted as: §oqi p = 8™ Yprem + 17

6.6.2 Procrustes Analysis

Procrustes analysis [213,211] is a statistical shape analysis method to find the optimal
similarity transformation via translation, rotation and scaling to map a set of points to
another. To use Procrustes analysis which is typically used for multi-dimensional data, the
data used for transformation need to be formed as 2D points first. A common coordinate
(e.g. time stamps) is added to both pre-trained prediction and the true reference value of
the adaptation samples, and this common coordinate, denoted u; for the [-th sample in
the adaptation set of the test subject D2, . Then the adaptation set (references, referred
to source points) is denoted as Ts = {t; = (u, Yrests) }5—; and the pre-trained predictions
(estimations, referred to target points) are denoted as Pg = {p; = (s, Jpes) }ioy- Pro-
crustes analysis aims to find an optimal non-negative scale factor s > 0, a 2D rotation
matrix R, and a 2D translation vector ¢ = (¢,,¢,)” that minimize the sum of squared
Euclidean distances between the transformed source points and the target points:

k
(s, R",c") :arg;nRig;Hstl—i—c—tlHQ (6.13)

Then the procedures of Procrustes analysis to find these parameters involves:

1. Centering the Point Sets: Calculate the centroids (means) of Ps and Tg:

k

1 N
p:EZpl and t:EZtl
=1

=1

Then, center the points: p.; = py —p and t.; = t; — t. Let P. and 7. be k x 2
matrices whose rows are p!; and t!; respectively.

2. Optimal Rotation R*: Compute the covariance-like matrix M = PIT.. Perform
Singular Value Decomposition (SVD) on M: M = UXVT. The optimal rotation
matrix is R* = VUT. If det(R*) = —1, adjustments are required by flipping the sign

123



of the column of V' corresponding to the smallest singular value before computing
R*.
trace(R*T M) trace(X)

3. Optimal Scale s*: The scale factor is computed as s* = race(FTR) — S il

which ensures s* > 0.

*

4. Optimal Translation c*: The translation vector is: ¢* =t — s*R*p.

Once the optimal parameters (s*, R*, c*) are determined from the adaptation set DZ

they are applied to adjust the pre-trained predictions ¢, for the real test samples in

Dt%st. For each query sample m, a common coordinate u,, is added to form 2D points p,, =
(U Yprem)- Then the learned Procrustes transformation is applied p), = (uy,, Yagjm) =
s*R*p.,, +c*. The final adjusted BP prediction is the second component of the transformed
point p;,, which is §,4; -

6.7 Experiments

In this section, the aforementioned subject-specific adaptation methods are applied to the
TCN-SENet-KAN model which can accurately track BP changes and has great model
generalization even with LOSO cross-validation setup (as demonstrated in Chapter 5).
Unlike the previous related studies which requires additional 20% data [112] or a minimal
of 50 samples [113] from the test subject to fine-tune the pre-trained models for satisfactory
results, this study aims to use extremely few calibrations for personal adaptation. In this
study, the first 20% of samples (corresponds to the additional 20% of samples required for
personal fine-tuning proposed in [112]) of the test subject are selected as the adaptation
window, which also simulates a real-world application scenario where a new user conducts
very few initial reference BP measures to calibrate a newly bought device. Since the
test subject only has approximately 190 samples (corresponding to ~ 6.3 minutes) due
to the data segmentation process described in Section 5.4.5, this adaptation window (~
190 x 0.2 = 35 samples) is still considerably small. To reveal the impact of different number
of calibration samples to adaptation results, from the first 20% adaptation window, k
samples (k = 1,2,4,10, 15 and all 20%) are equally extracted from this adaptation window
for subject-specific adaptation. The remaining 80% samples are used for performance
evaluation. This developed data usage method is demonstrated in Figure 6.3.

To prevent the pre-trained model overfitting on these small number of calibration points,

a smaller learning rate and number of iterations are set for adapting using fine-tuning,
MAML and DANN methods.
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Figure 6.3: Demonstration of adaptation window, evaluation set and calibration samples
selection method applied to each test subject of LOSO cross validation for this study.

6.8 Results

In this section, the results of the experiments by applying different adaptation methods
with different number of adaptation samples are demonstrated. The mean and standard
deviation of AE between the reference and estimated BPs for all 32 subjects using differ-
ent subject-specific adaptation methods with different number of calibration samples are
demonstrated in Table 6.2.

The results presented in Table 6.2 and 6.3 highlight the effectiveness of various subject-
specific adaptation methods applied to both TCN-SENet-KAN and TCN-SENet-Linear
models under different numbers of calibration samples. Among all methods, the DANN
pre-training with subject-specific adaptation via fine-tuning with sDTW loss function and
Procrustes analysis consistently delivers the best performance in terms of both estima-
tion accuracy and trend tracking, across all adaptation settings. This approach combines
three key components: domain adversarial training to encourage subject-invariant feature
learning, shape-aware fine-tuning using sDTW loss to preserve BP trends, and a simple
Procrustes transformation to align predictions with the reference BP levels.

From Table 6.2, this method achieves lowest MAEs and standard deviations across
different calibration sizes. Notably, even with just 2 calibration samples, the model achieves
4.34 £ 4.34 mmHg (SBP) and 2.70 &+ 2.67 mmHg (DBP), which meets the IEEE cuffless BP
estimation standard (MAE<7 mmHg) and even can be considered as "Grade A" (MAE<5
mmHg). This performance is better than other methods, including the DANN and mean
adjustment method (4th row), which yields higher errors (e.g., 4.3944.38 mmHg for SBP
and 2.634+2.45 mmHg for DBP at 2 samples). Moreover, in settings with 4 or 10 calibration
samples, the combined method maintains high accuracy, showing its robustness in low-data
personalization.

Table 6.3 further confirms these findings in terms of trend tracking performance. The
DANN + Procrustes method consistently achieves the highest median Pearson correlation
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coefficients across different calibration settings. For example, with 4 calibration samples,
it achieves 0.790 (IQR: 0.410) for SBP and 0.603 (IQR: 0.423) for DBP, indicating strong
alignment with true BP fluctuations. In comparison, the MAML method fails to provide
meaningful estimates which constantly producing negative correlation values (e.g., —0.383
for SBP at 2 samples), suggesting the model cannot even capture the correct direction of
BP trends. This poor performance stems from the nature of MAML: during both meta-
training and adaptation, only a few samples (k-shots) are used, which is insufficient for a
model to learn complex physiological relationships needed for BP estimation. Even with
the maximum 20% sample setting (~30 samples), MAML still yields poor accuracy (e.g.,
24.00 + 21.03 mmHg for SBP, 13.41 £+ 14.65 mmHg for DBP), indicating it practically
unusable for this task.

The DANN method alone without Procrustes transformation also outperforms regular
pre-training strategies, even with limited calibration data. For example, with 2 samples,
DANN achieves 4.39 £+ 4.38 mmHg for SBP compared to 9.50 4+ 20.04 mmHg from fine-
tuning the TCN-SENet-Linear baseline. This confirms that DANN’s subject-invariant
representation learning is more suitable for generalizing to new subjects. However, by
incorporating Procrustes analysis, the estimation can be further aligned to the subject’s
BP range, leading to additional improvements in both MAE and correlation coefficient,
particularly in small-sample scenarios.

As demonstrated in Figure 6.5, which illustrates box plot of subject-wise AEs using
only two calibration measures, the MAML adaptation method performed notably poorly.
MAML consistently showed the highest median MAEs for both SBP and DBP, approx-
imately 13.22 mmHg and 9.17 mmHg respectively, coupled with the widest error distri-
butions. This indicates significant inaccuracies and a lack of reliability across subjects
with minimal calibration settings. In contrast, several other adaptation strategies, in-
cluding DANN, affine transformation, Procrustes analysis, and particularly the combined
DANN-+Procrustes method, consistently achieved the lowest median MAEs with two cal-
ibration samples. The DANN+Procrustes approach, for instance, yielded a median SBP
MAE of approximately 3.58 mmHg and a DBP MAE of about 2.28 mmHg. Standard
fine-tuning techniques generally yielded moderate performance.

These findings with two calibration samples are almost identical with the observations
from Figure 6.4, which utilized four calibration measures. While using more calibration
data generally led to slightly lower MAEs for all adaptation methods, the relative perfor-
mance ranking of the adaptation methods remained similar, with MAML performing worst
and approaches like DANN+Procrustes performing best.

As demonstrated in Figure 6.6 and 6.7. The proposed 3-step DANN-Procrustes adap-
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tation method and DANN with fine-tuning framework generates similar BP estimation
results, and both estimations are almost identical to the reference BP trend. In contrast,
the BP estimations using MAML and fine-tuning methods are inaccurate in terms of both
trend and scale.

Finally, it is important to emphasize that the TCN-SENet-KAN model is lightweight,
with only ~26.5K trainable parameters, allowing full-model fine-tuning without significant
computational burden. The statistical Procrustes step is simple and fast to compute.
Together, these properties make the entire adaptation process efficient and practical for
real-time implementation on edge devices such as smartwatches.
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Table 6.2: Mean and standard deviation of AE between the reference and estimated BPs for all 32 subjects
using different subject-specific adaptation methods with different number of calibration samples

20% samples 15 samples 10 samples 4 samples 2 samples 1 sample

Model & Loss function
adapt method SBP DBP SBP DBP SBP DBP SBP DBP SBP DBP SBP DBP
TON-SENet-Lincar  pre-train: MAI 95542008  458+£958 05242000 457958  950+£19.94  456+£9.55  9.52+2005  A57+£954  950+£20.04 458+9.54 102342017 520+ 9.56
fine-tuning (last) fine-tune: MAE
TON-SENet-Lincar  pre-train: MAE 90241728 4374809  9.01+17.28 4364816  897+17.14  436+817  898+17.13 4364810  899+17.12  4.38+825 1009+19.37 5144918
fine-tuning (all) adapt: MAE
TCN-SENet-Lincar  pre-train: MAI 24.40£21.23  14.01+£13.49 241143463 13.14+14.05 22.06+25.03 1458+ 1532 19.06+15.55 13.08+13.75 24.43+23.62 11524993 27.26+39.60 13.02+12.31
MAML adapt: MAE
TON-SENet-KAN  pre-train: sDTWioss 3.99 + 4.62 2.40 + 2.67 3.97 +4.57 2.42 + 2.66 4.03 +4.57 2.45 + 2.66 4.15+4.51 252+ 2.64 439+4.38  265+263  471+5.05 2.91 +3.20
DANN adapt:sDTWige
TON-SENet-KAN - pre-train: sDTWigss 4624511 2504302 4614508 2474304  460£508 246308 486590 2814370  9.06+1459  4.14%6.07 B B
Affine transform adapt:squared errors
TCN-SENet-KAN - pre-train: sDTWioss 4.18 + 4.67 2.54 +2.73 418 +4.59 2.55+2.73 4.22 + 4.65 2.58 + 2.74 4.32+4.62 2,69+ 2.79 4.57+448  2.92+2.87
Procrustes analysis _adapt:squared errors
TON-SENet-KAN — pre-train: sDTWioss 3.98 + 4.60 2.40 + 2.67 3.99+459  240+2,64  4.03+4.58 2.45 + 2.67 418 +4.54 2.53 + 2.66 4344434 2.70+2.67

DANN-+Procrustes

adapt:sDTWoss & squared errors

Table 6.3: Median and interquartile range (IQR) of Pearson correlation coefficient (r) between the reference
and estimated BPs for each of the 32 subjects using different subject-specific adaptation methods with
number of calibration samples

different

Model &
adapt method

20% samples

15 samples

10 samples

4 samples

2 samples

1 sample

Loss function

SBP

DBP

SBP

DBP

SBP

DBP

SBP

DBP

SBP

DBP

SBP DBP

TCN-SENet-Linear
fine-tuning (last)

pre-train: MAE
fine-tune: MAE

-0.038 (0.732)

0.088 (0.653)

-0.038 (0.732)

0.088 (0.653)

-0.038 (0.732)

0.088 (0.653)

-0.038 (0.732)

0.088 (0.653)

-0.038 (0.732)

0.088 (0.653)

-0.038 (0.732)  0.088 (0.653)

TCN-SENet-Linear
fine-tuning (all)

pre-train: MAE
adapt: MAE

0.016 (0.722)

0.111 (0.635)

0.017 (0.722)

0.088 (0.577)

0.006 (0.720)

0.100 (0.610)

0.010 (0.702)

0.094 (0.587)

0.020 (0.696)

0.077 (0.609)

-0.008 (0.714)  0.092 (0.695)

TCN-SENet-Linear
MAML

pre-train: MAE

adapt: MAE 0.

479 (0.625)

-0.476 (0.500)

-0.635 (0.394)

-0.504 (0.525)

-0.638 (0.289)

-0.322 (0.584)

-0.695 (0.574)

-0.463 (0.495)

-0.721 (0.520)

-0.383 (0.496)

-0.683 (0.677)  -0.381 (0.590)

TCN-SENet-KAN
DANN

pre-train: sDTWges
adapt:sDTW)ge

0.789 (0.393)

0.602 (0.428)

0.788 (0.398)

0.600 (0.434)

0.786 (0.401)

0.590 (0.429)

0.789 (0.403)

0.593 (0.466)

0.782 (0.413)

0.601 (0.405)

0.783 (0.435)  0.549 (0.537)

TCN-SENet-KAN
Affine transform

pre-train: SDTW o
adapt:squared errors

0.783 (0.496)

0.524 (0.495)

0.783 (0.496)

0.524 (0.495)

0.783 (0.623)

0.545 (0.427)

0.65.

3 (1.317)

0.470 (0.802)

-0.187 (1.560)

0.285 (1.233)

TCN-SENet-KAN

Procrustes analysis

pre-train: SDTWiou
adapt:squared errors

0.783 (0.435)

0.549 (0.537)

0.783 (0.435)

0.549 (0.537)

0.783 (0.435)

0.549 (0.537)

0.783 (0.435)

0.549 (0.537)

0.783 (0.435)

0.549 (0.537)

TCN-SENet-KAN
DANN-{Procrustes

pre-train: sDTWios
adapt:sDTWyoy & squared errors

0.788 (0.393)

0.602 (0.432)

0.788 (0.396)

0.598 (0.437)

0.786 (0.398)

0.590 (0.410)

0.790 (0.410)

0.598 (0.418)

0.781 (0.411)

0.603 (0.403)

Table 6.4: Median and interquartile range (IQR) of the proposed distance, trend and composite similarities
between the reference and estimated BPs for each of the 32 subjects using different adaptation method with
different number of adaptation samples (k = 1,2,4).

Model& Loms fnction 4 samples 2 samples 1 sample
adapt method SBP DBP SBP DBP SBP DBP

DS TS cs DS TS cs DS TS cs DS TS cs DS TS cs DS TS cs
TCN'S};N“"L‘:f)““‘ }:;“:f"“"."‘ Eif -0.08 (0.66) 0.22 (0.31) 0.06 (0.34) 0.83 (0.30) 0.23 (0.33) 0.56 (0.26) 0.02 (0.81) 0.22 (0.31) 0.09 (0.43) 0.82 (0.35) 0.23 (0.32) 056  -0.003 (0.75) 0.22 (0.31) 0.07 (0.42) 0.72 (0.60) 0.22 (0.32) 0.50 (0.32)
fine tuning (al) ar ‘a‘;‘;t “’A“];‘ -0.05 (0.62) 0.22 (0.26) 0.00 (0.34) 0.82 (0.32) 0.22 (0.35) 0.55(0.22) 0.01 (0.84) 0.19 (0.33) 0.08 (0.44) 0.82 (0.36) 0.19 (0.37) 0.54 (0.25) 0.004 (0.80) 0.18 (0.21) 0.07 (0.45) 0.71 (0.44) 0.22 (0.20) 0.50 (0.28)
I&?'&EN%L“‘G" S(‘i;:”f:[:éAE -0.89 (0.58) 0.07 (0.39) -0.46 (0.42) -0.69 (1.40) 0.16 (0.31) -0.29 (0.77) -0.93 (0.38) 0.006 (0.30) -0.48 (0.28) -0.74 (1.37) 0.26 (0.34) -0.32 (0.74) -0.96 (0.58) 0.08 (0.28) -0.46 (0.25) -0.78 (1.29) 0.10 (0.32) -0.42 (0.86)
gﬁﬂ';EN“’KAN :(’E'l”'a'g:&g:iv'”*> 0.73 (0.77) 0.49 (0.26) 0.56 (0.51) 0.96 (0.29) 0.37 (0.21) 0.70 (0.21) 0.59 (0.72) 0.47 (0.26) 0.47 (0.51) 0.93 (0.31) 0.36 (0.22) 0.67 (0.17) 0.71 (0.71) 0.48 (0.22) 0.58 (0.38) 0.94 (0.42) 0.32 (0.28) 0.64 (0.27)
ifh‘ﬁ::;j'“‘:ﬂffr:h' f:g‘dpt:bqu;:: X:r';";: 0.70 (0.90) 0.40 (0.20) 0.56 (0.60) 0.93 (0.20) 0.20 (0.26) 0.66 (0.23) 0.14 (1.08) 0.28 (0.64) 0.12 (0.81) 0.86 (0.65) 0.28 (0.29) 0.62 (0.35)
Ei}t’jiﬁ;ﬁg:g ;’Z?;:T(‘l‘ua‘r‘ggz‘n'm 0.68 (0.90) 0.48 (0.24) 0.57 (0.50) 0.96 (0.29) 0.32 (0.33) 0.64 (0.22) 0.50 (0.80) 047 (0.22) 0.45 (0.48) 0.94 (0.36) 0.32 (0.30) 0.65 (0.20) - - - - - -
Egﬁ;?gzcﬁi& pre-train: sDTWioss 0.73 (0.76) 0.50 (0.28) 0.57 (0.52) 0.96 (0.28) 0.39 (0.22) 0.70 (0.24) 0.58 (0.71) 0.47 (0.31) 0.49 (0.48) 0.94 (0.32) 0.37 (0.20) 0.68 (0.20)

adapt:sDTWio. & squared errors




Box plot of MAE between estimation and reference using 4 calibration measures
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Figure 6.4: Box plot of MAE between reference and estimated BPs using different adap-
tation methods with 4 calibration measures.

6.9 Conclusion and Discussion

This chapter presented several subject-specific adaptation methods to quickly personalize
a pre-trained BP estimation model using very few calibration samples. The main goal was
to reduce the amount of calibration required while maintaining accurate BP prediction and
trend tracking for new, unseen subjects.

Among all methods evaluated, the 3-step DANN pre-training and fine-tuning using
sDTW loss function and Procrustes analysis framework demonstrated the best overall per-
formance. It consistently achieved the lowest MAE and the highest correlation coefficients
across various calibration settings. This method improves model generalization by using
domain adversarial training, which encourages the model to learn subject-invariant fea-
tures, in contrast to regular pre-training that treats all subject data equally. This makes
the model more robust when applied to new subjects with limited data.

To further personalize the model, shape-aware fine-tuning using sDTW loss was ap-
plied. This helped the model capture subject-specific BP trends, although improvements
in MAE were limited when only a few calibration samples were available. Finally, Pro-
crustes analysis was used to align the estimated BP values with the subject’s reference
range through a simple transformation. This step significantly improved both estimation
accuracy and trend similarity, especially in few-calibration settings.
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Box plot of MAE between estimation and reference using 2 calibration measures
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Figure 6.5: Box plot of MAE between reference and estimated BPs using different adap-

tation methods with 2 calibration measures.
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Figure 6.6: SBP estimation for three selected subjects using different adaptation methods

with only 2 calibration measures.
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Compared to traditional fine-tuning or meta-learning methods like MAML, this com-
bined approach exhibits significant improvements. MAML failed to provide useful esti-
mates, especially with 1-4 calibration samples, and constantly produced predictions with
negative correlation values, indicating an inability to track correct BP trends.

The proposed method meets the IEEE cuffless BP estimation standards and even can
be considered as "Grade A" for both SBP and DBP estimation using only 2 calibration
samples (MAE<5 mmHg, [25]), making it practical for real-world use. The overall frame-
work remains lightweight and efficient. The TCN-SENet-KAN model has a small number
of parameters and allows full-model fine-tuning without high computational cost. The Pro-
crustes transformation is a simple statistical adjustment that can be easily implemented
on edge devices such as smartwatches.

In summary, the DANN-based adaptation method with shape-aware fine-tuning and
Procrustes transformation provides a simple yet effective solution to reduce calibration
burden while maintaining high accuracy and trend tracking performance in subject-specific
BP estimation.
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Chapter 7

Conclusions and Future Work

7.1 Conclusions

This thesis addresses four critical challenges in cuffless BP estimation: respiration-induced
variations in morphological features and BPs, unsatisfactory trend tracking performance,
poor generalization and inefficient personalization and inadequate evaluation metrics. A
novel deep learning model TCN-SENet-KAN is introduced, incorporating temporal, feature-
specific, and non-linear modeling components, and is optimized using a shape-oriented
sDTW loss to enhance trend learning. To improve model generalization and adaptation,
several personalization strategies are explored. A 3-step framework is proposed, includ-
ing DANN-based pre-training, sDTW-based fine-tuning, and Procrustes analysis, which is
highly effective in adapting a pre-trained model for completely new subjects with extremely
limited calibrations (e.g. 2 and 4 initial calibrations) while maintaining accurate BP value
estimation and trend tracking. Additionally, a VMD method is proposed to remove respi-
ratory modulation effects from physiological features and BPs before model training and
consequently enhances model performance. A new composite evaluation metric is also de-
veloped to assess both trend and distance similarity, addressing limitations of conventional
performance metrics. Overall, these contributions form a robust and practical framework
for real-world cuffless BP monitoring.

The key findings corresponding to these objectives are summarized below.

In Chapter 3, the often-overlooked impact of respiration on cuffless BP estimation ac-
curacy is investigated. The experimental results indicate that respiration can modulate a
wide variety of physiological features and BPs to varying degrees and at different phases,
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which makes accurate BP estimation more challenge. To address this problem, a VMD
based method with frequency analysis was proposed to separate and remove respiratory-
induced variations from these features. Experiments comparing BP estimations derived
from both original respiration-modulated features and the RM-suppressed features showed
notable performance improvements in terms of both estimation accuracy and trend track-
ing, as measured by MAE and Pearson correlation coefficient. These findings underscore
the critical importance of accounting for and mitigating respiratory effects on physiologi-
cal features prior to model training to enhance the reliability of cuffless BP estimation in
future research and practical applications.

Chapter 4 addresses the inadequacy of current evaluation protocols for continuous cuf-
fless BP estimation, which primarily rely on distance-based metrics and fail to properly
assess a model’s ability to track BP changes over time. A comprehensive evaluation frame-
work is proposed, incorporating novel normalized metrics to quantify both distance and
trend similarity, along with a composite metric. By applying these metrics to SOTA al-
gorithms, the results demonstrate that even models with low distance errors can poorly
track short-term BP variations. The proposed metrics range from -1 to 1, offering an in-
tuitive interpretation similar to correlation coefficients. These new evaluation metrics are
recommended for regular use in cuffless BP estimation.

Chapter 5 aims to enhance model generalization particularly for BP trend tracking. In
Chapter 5, two time series regression models, TCN-SENet-KAN and Transformer-BiGRU-
Attention models are proposed to improve BP trend tracking. The TCN-SENet-KAN
which utilizes TCN to capture temporal dependencies from input physiological features,
SENet to amplify informative features and KAN to enhance non-linearity modeling, in-
corporating a shape-oriented loss function sDTW to encourage the estimation model to
focus on BP trend instead of pointwise error like most existing studies. The experiment re-
sults indicate the proposed TCN-SENet-KAN model with sDTW loss function significantly
enhanced model generalization for BP trend tracking even under LOSO cross-validation
settings, with the median Pearson correlation coefficient between the reference and esti-
mated SBP and DBP trends of 0.74 and 0.56 respectively. The results also indicate that
the shape-oriented loss function can also notably improve trend tracking performance for
a same model architecture.

In Chapter 6, several few-shot adaptation methods were introduced, including model
fine-tuning, meta learning using MAML, domain adaptation using DANN methods and
statistical transformation methods, affine transformation and Procrustes analysis. The
main goal is to reduce the amount of calibration required while maintaining accurate BP
prediction and trend tracking for new, unseen subjects. Among all methods evaluated,
the DANN pre-training and fine-tuning with sDTW loss and Procrustes analysis approach
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demonstrated the best overall performance. It consistently achieved the lowest MAE and
the highest correlation coefficients across various calibration settings. This method im-
proves model generalization by using domain adversarial training, which encourages the
model to learn subject-invariant features. To further personalize the model, shape-oriented
fine-tuning using sDTW loss was applied. This helped the model capture subject-specific
BP trends, although improvements were limited when only a few calibration samples were
available. Finally, Procrustes analysis was used to align the estimated BP values with the
subject’s reference range through a simple transformation. The proposed method meets
the IEEE cuffless BP estimation standards and even can be considered as "Grade A" for
both SBP (MAE=4.34 mmHg) and DBP (MAE=2.70) estimation using only 2 calibration
samples (MAE<5 mmHg [25]), making it practical for real-world use.

7.2 Future Work

Though this thesis successfully addresses the two primary objectives outlined at the outset,
several limitations remain that require further investigation in future work.

This study utilizes the BCG BP dataset comprising 32 subjects, where the proposed
model integrated with a shape-oriented loss function and efficient adaptation strategies,
demonstrates excellent performance. However, its real-world applicability remains to be
fully validated. Future work should focus on evaluating the model using larger, publicly
available datasets such as MIMIC [203] and VitalDB [215], which encompass a broader
study population with more diverse cardiovascular conditions and greater inter-subject
variability. These datasets can better simulate real-world complexities and provide a more
rigorous assessment of the model’s generalizability. Moreover, the concept of pre-training
the model on large-scale datasets and transferring it to target domains with different distri-
butions, such as the BCG BP dataset, provides a promising direction for improving model
robustness and adaptability in practical deployment scenarios.

As demonstrated in Section 5.1, some features such as PPG pulse amplitude, PAT and
PIR are highly related to BP changes. However, the accuracy of BP estimation models
that rely heavily on features extracted from PPG waveforms can be significantly affected
by external factors, particularly contact force between the sensor and the skin. Studies,
such as [216], have demonstrated that increasing contact force reduces PPG pulse am-
plitude due to restricted blood flow, and may even distort or block the signal entirely.
Additionally, factors like skin temperature, sensor placement, subject motion, and light
wavelength further alter waveform morphology. For example, lower temperatures decrease
pulse amplitude, and differences in sensor configurations (transmission vs. reflection) can
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shift diastolic peak positions. These morphological changes can lead to inconsistencies in
extracted features even for the same subject, ultimately degrading BP estimation accu-
racy. Future work should systematically investigate the effects of contact force and other
external influences on PPG waveform integrity. This will help in developing signal qual-
ity assessment or correction techniques to enhance model robustness and ensure reliable
cuffless BP monitoring in real-world applications.
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Appendix A

Database, Signal Preprocessing and
Feature Extraction

A.1 Research Database

Currently, there are several open access database that includes BP waveforms together with
several different physiological waveforms, such as ECG, PPG, respiration. A summary of
some popular databases can be found in Table A.1.

However, the drawbacks of these databases limit the use for accurate cuffiess BP es-
timation. As described by MIMIC-III waveform database, the waveform data contain
unspecified /unknown filtering delays and/or inter channels delays and there may be a
changing time delay of up to 500 ms between different waveforms in the data. For exam-
ple, Figure A.1 shows the ECG and PPG waveforms from MIMIC-II database and collected
by our devices respectively. As there are no physical filters employed in our data collection
system and both ECG and PPG were pre-processed by a 3"d order Butterworth bandpass
filter with different cutoff frequencies, it can be considered there is no extra time delay for
ECG and PPG at data collection stage. Comparing Figure A.1 (a) and Figure A.1 (b), it
can be observed that the PATs (time differences between ECG R peaks and PPG systolic
peaks) are smaller than regular PATs collected using a system without additional delays
which indicates the PAT collected from these databases may be unreliable for PAT-based
cuffless BP estimation [218].
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Table A.1: Four widely used open access databases for cuffless BP estimation

Database Population Sampling Rate Contents Length

Waveform (up to 8)

e PPG

e ECG

e ABP several hours
Numeric records

¢ HR

MIMIC-IIT waveform . 125 Hz
database [203] 30,000 ICU patients (waveform)

Waveform
e ECG
¢ PPG
6,388 surgical patients 500 Hz e ABP
(non-cardiac) (waveform) Numeric record
e HR
L] SpOQ
e temperature ...

]
vet C.uff—I.Jce,s Blood Pressure 12,000 patients 125 Hz e PPG Less than 10 minutes
Estimation Data Set [98] .

77777777777777777777777777777777777777777777777777 Waveform
o ECG
e PPG
University of Queensland . 100 Hz e ABP ...
Vital Signs Dataset [217] 32 patients

VitalDB databank [215] several hours

. 13 minutes to 5 hours
(waveform) Numeric record

e HR
e temperature

e RR ...

A.2 Features Employed for Cuffless BP Estimation

Although there is a great number of features extracted and employed for machine-learning
or deep-learning based cuffless BP prediction [78,79], only parts of them are related to BP
physiologically. In this section, several important features with physiological support are
introduced.

A.2.1 PPG Features

1. Pulse Area (Area_ Sys, Area Dia and IPA)
The pulse area is measured as the total area under the PPG curve. The research [219]
found the PPG area response to skin incision to differ between movers and non-
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Figure A.1: (a) a demonstration of unknown time delay during data collection which causes
unreliable PAT values (MIMIC database); (b) regular PAT extracted from ECG and PPG
signals without extra time delay.

movers. In [220], the PPG pulse was divided into two areas at the dicrotic notch and
the ratio of the two areas can be used as an indicator of total peripheral resistance,
a demonstration of systole area (Area_Sys, shown as Al in Figure A.2(b)) and
diastole area (Area Dia, shown as A2 in Figure A.2(b)) can be found in Figure
Figure A.2(b). This ratio is called the inflection point area ratio (IPA) and is defined

as: )
Area_ Dia

IPA =
Area_Sys

(A.1)

2. Systolic Amplitude (Amp _Sys)
As shown in Figure A.2(a), Systolic amplitude is the PPG value at systolic peak. It
has been explored as an indicator of the pulsatile changes in blood volume caused
by arterial blood flow around the measurement site in [188, 189]. In [221], systolic
amplitude has been proved to be related to stroke volume which is proportional
to blood pressure. Dorlas and Nijboer found that systolic amplitude is directly
proportional to local vascular distensibility over a remarkably wide range of cardiac
output [222]. It has also been observed that systolic amplitude is potentially a more
suitable measure than pulse arrival time in continuous BP estimation [190]. However,
the systolic amplitude of PPG can be affected by several different factors, such as
relative elevation of measurement site and sympathetic activation (e.g. stress, cold)

[223].

3. Diastolic Amplitude (Amp_Dia)
Diastolic amplitude is the PPG value at diastolic peak, as shown in Figure A.2(a).

4. Augmentation Index (AI )
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Figure A.2: The demonstration of PPG feature extraction

The augmentation pressure is the measure of the contribution that the wave reflection
makes to the systolic arterial pressure, and it is obtained by measuring the reflected
wave propagating from the periphery to the center. Reduced compliance of the
elastic arteries in an earlier return of the 'reflected wave’, which arrives in systole
rather than in diastole, causing a disproportionate rise in systolic pressure and an
increase in pulse pressure, with a consequent increase in ventricular after load and a
decrease in diastolic blood pressure and impaired coronary perfusion. In this study,
the augmentation index is defined as [224]:

_ Amp_Dia

Al (A.2)

~ Amp_Sys

5. AT
As shown in Figure Figure A.2(a), the time delay between systolic and diastolic peaks
(or, in the absence of a second peak, the point of inflection) is related to the transit
time of pressure waves from the root of the subclavian artery to the apparent site of
reflection and back to subclavian artery [225].

6. Systolic Time (ST)
The systolic time is defined as the time interval from foot point of PPG pulse to the
systolic peak, as shown in Figure A.2(a).

7. Diastolic Time (DT)
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The diastolic time is defined as the time interval from systolic peak to the end point
of PPG pulse, as shown in Figure A.2(a).

A.3 Examples of Respiratory Effects on Extracted Fea-
tures

Examples of respiratory effects on extracted features and BPs for two subjects (subjectl
and subject8 of BCG BP dataset) are shown in Figure A.3 to Figure A.14.

A.4 Supplementary Material for Novel Evaluation Met-
rics

A.4.1 MLP Model for Example Shown in Figure 2.9(a)

A simple multilayer perceptron (MLP) model (hidden layer 1-4: 32-128-64-32 nodes, ReLU
activation; output layer: 2 nodes, linear activation) was implemented to estimate SBP and
DBP using 20 features extracted from ECG and PPG waveforms. A total of 147 subsets
were selected from UCI cuffless BP estimation dataset [161], 117 subsets (~80%) were used
for training and 30 subsets (~20%) were used for testing (no overlap between training and
testing set). The mean and standard deviation of absolute difference (MAD+SDAD) of
the testing set is 9.00 £ 7.31 and 7.05 £ 6.60 mmHg for SBP and DBP, respectively. The
MAD=+SDAD of a 543 seconds’ testing subset shown in Figure 1(a) is 3.77 4+ 2.51 mmHg
for SBP. However, the model is unable to track one acute BP change occurred between
325 and 375 seconds.

A.4.2 Pearson Correlation Coefficient (PCC) and Concordance
Correlation Coefficient (CCC)

The relation between CCC (p.) and PCC (p) can be represented as:
Pc = Cb “p (A3>

2 _ o1 . _ U1—p2 s . .
Tl V=g 82 scale shift factor and u e is a location shift factor

relative to the scale. o5 is the covariance of two variables, BP. and BP,.¢. 01 and o, are

where C}, =
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Figure A.3: The demonstration of extracted features without respiratory effect removal
(featurel-featurel2, exemplary on subjectl from BCG dataset).
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Figure A.4: The demonstration of extracted features without respiratory effect removal
(featurel3-feature24, exemplary on subjectl from BCG dataset).

the standard deviations of BP. and BP,, respectively. u; and us are the mean values of
BP. and BP,., respectively.

An experiment was implement to demonstrate that CCC is more robust in detecting
scale and location shifts than PCC. BP,.y is a reference measure of systolic blood pressure.
The BP.y in Figure (a) to (d) to represent (1) location shift (BP.y = BPs — 2.5), (b)
scale shift (BPes; = 1.05 * BPf), (c) location and scale shift (BPoy = 1.05 % BPf — 5),
and (d) no concordance (BPey = mean(BP,¢)), as shown in Figure A.15.
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Figure A.5: The demonstration of extracted features without respiratory effect removal
(feature25-feature36, exemplary on subjectl from BCG dataset).

A.4.3 Re-implementation of SOTA Models

Two SOTA cuffless BP estimation models were selected and re-implemented using DailA
BP [184]. Their results were used to demonstrate and compare the performance of con-
ventional metrics and proposed metrics for BP pattern tracking.

Different training strategies were applied for ApproximateNet and DeepRNN-4L mod-
els with different training strategies and due to the fact that The model diagrams and
parameters are demonstrated in Figure A.16 and experiment details are described below:
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Figure A.6: The demonstration of extracted features without respiratory effect removal

(feature37-feature48, exemplary on subjectl from BCG dataset).

e Data preparation: For each subject, an average of 2.3 hours of continuous ECG,
PPG and BP waveforms were extracted from DailA BP. The sampling rate is 64 Hz
and 2" order Butterworth bandpass filters with pass band of 0.5-30 Hz and 0.5-10

Hz were applied to ECG and PPG signals for noise removal respectively.

e ApproximateNet: each subject’s continuous PPG and BP waveforms were divided
into a number of 16 seconds’ (fs=64 Hz, 16 x 64 = 1024 samples, same to the segment
length of the original work [117]) segments. Five-fold cross validation was applied
for model training (5 folds as DaliA BP includes 5 subjects). For each iteration,
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Figure A.7: The demonstration of extracted features without respiratory effect removal

(feature49-feature60, exemplary on subjectl from BCG dataset).

the model was trained on four subjects and estimate BP for the left out subject.
Then, the first three segments of reference BP waveform were used to calibrate the
estimated BP waveforms, BPy = BP. — (mean(BP_, ) —mean(BP, . )). The
SBP and DBP values were then detected from the calibrated BP waveforms and then
resampled to uniformly sampled time series sequences (fs=1 Hz). The MAD+SDAD
is 9.88+8.65 and 6.5045.02 mmHg for SBP and DBP respectively.

DeepRNN: as the data of different subjects are independent, a personalized model
was trained for each subject. Seven features (demonstrated in Appendix A.4.4)

170



feature61 (ratio: area) 102 feature62 (ratio: combined)

<107
06 4
05
2
/\ 04
0
0 20 40 60 0

© o
N kS

N
oé

0 20 40 60 80 100 0.2 05 80 100 02 05
Time (s) Freq (Hz) Time (s) Freq (Hz)
feature63 (ratio: combined) feature64 (ratio: combined) 102
0.01
0.9
08 03 1
0.005
07 05
06 02
05 ° °
0 20 40 60 80 100 0 0.2 05 0 20 40 60 80 100 0 02 05
Time (s) Freq (Hz) Time (s) Freq (Hz)
feature65 (ratio: combined) feature66 (ratio: combined)
55
6 002 001
5 A 5 0005
4 oLl 45 o
[ 20 40 60 80 100 0 02 05 0 20 40 60 80 100 0 02 05
Time (s) Freq (Hz) Time (s) Freq (Hz)
feature67 (ratio: combined) feature68 (ratio: combined) 10%
-26 2000 10
-28 0.1
.30 o 5
-32
-34 0 -2000 ° Mo
[ 20 40 60 80 100 0 02 05 0 20 40 60 80 100 0 02 05
Time (s) Freq (Hz) Time (s) Freq (Hz)
feature69 (ratio: combined)
5000
400
200
0
-200
0 An
0 20 40 60 80 100 0 02 05
Time (s) Freq (Hz)
SBP DBP
8 2
110 62
6 15
105 60
4 1
58
100
2 - 05
0 ]
0 20 40 60 80 100 0 0.2 05 0 20 40 60 80 100 0 02 05
Time (s) Freq (Hz) Time (s) Freq (Hz)

Figure A.8: The demonstration of extracted features, SBP and DBP without respira-
tory effect removal (feature61-feature69, SBP and DBP, exemplary on subjectl from BCG
dataset).

were extracted from the first 25 minutes of ECG and PPG waveforms, as well as
corresponding SBP and DBP values were used for model training, then predict SBP
and DBP with the rest data. Then the delay between estimation and reference which
is caused by the lagged training set was compensated, and the estimated SBP and
DBP values were resampled to uniformly sampled time series sequences (fs=1 Hz)
for performance evaluation. The MAD+SDAD is 4.1443.29 and 4.15+3.30 mmHg
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Figure A.9: The demonstration of extracted features without respiratory effect removal
(featurel-featurel2, exemplary on subject8 from BCG dataset).

for SBP and DBP respectively.

“Please note: the purpose of this study is not to compare which model is better for
cuffless BP estimation. Since two models were trained in different ways, their performance
does not indicate DeepRNN-4L model outperforms ApproximateNet for BP estimation. In
this study, we just intend to use different results of two SOTA models to demonstrate the
workflow and performance of the proposed methods.
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Figure A.10: The demonstration of extracted features without respiratory effect removal
(featurel3-feature24, exemplary on subject8 from BCG dataset).

A.4.4 Features Used for DeepRNN-4L

Seven features extracted from simultaneous ECG and PPG waveforms for BP estimation
using DeepRNN-4L model is demonstrated in Figure A.17
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Figure A.11: The demonstration of extracted features without respiratory effect removal
(feature25-feature36, exemplary on subject8 from BCG dataset).

A.4.5 Benchmark and Diagnose Estimation Algorithms

The proposed methods and metrics can be used to benchmark and diagnose the BP estima-
tion algorithms. For example, two SOTA models, ApproximateNet [117] and DeepRNN-
AL [84], were re-implemented with a same dataset DailA BP [181]. Therefore, the per-
formance of these two estimation algorithms can be compared in terms of the similarities
of distance, trend and the composite of both. For example, the percentages (the percent-
age is obtained by calculating the ratio between the duration of all segments meet the
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Figure A.12: The demonstration of extracted features without respiratory effect removal
(feature37-feature48, exemplary on subject8 from BCG dataset).

requirement and the duration of the sequence) of segments with different MAD levels of
two estimation models are shown in Figure A.18.

It can be observed that the majority of both SBP and DBP estimations obtained using
DeepRNN-4L can be considered as "Grade A" of IEEE Standard (SBP: > 80%, DBP:
> 70%). However, only a small proportion of the estimations using ApproximateNet can
be considered as "Grade A" of IEEE Standard (SBP: ~ 25%, DBP: ~ 25%) and even
~ 50% of SBP estimations using ApproximateNet dissatisfy IEEE Standard (MAD>7
mmHg).
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Figure A.13: The demonstration of extracted features without respiratory effect removal
(feature49-feature60, exemplary on subject8 from BCG dataset).

The percentages of segments with correct trend tracking (7°S(z;,y;) > 0) for SBP and
DBP estimations using ApproximateNet and DeepRNN-4L are shown in Figure A.19. It
can be observed that DeepRNN-4L performs better than ApproximateNet in terms of trend
tracking for both SBP and DBP.

The percentages of segments with MAD< 5 mmHg and correct trend tracking for SBP
and DBP estimation using ApproximatNet and DeepRNN-4L are shown in FigureA.20. It
can be observed that DeepRNN-4L performs significantly better than ApproximateNet in
terms of both distance and trend. Approximate 78% and 58% of SBP and DBP estimations
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Figure A.14: The demonstration of extracted features, SBP and DBP without respira-
tory effect removal (feature61-feature69, SBP and DBP, exemplary on subject8 from BCG

dataset).

have MAD< 5 mmHg and correct trend tracking (7°S(z;,y;) > 0) using DeepRNN-4L. On
the contrary, only around 16% and 25% of SBP and DBP estimations using Approxi-
mateNet with MAD< 5 mmHg and correct trend tracking.

With the examples shown in this section, the proposed methods and metrics can be used
to benchmark different estimation algorithms using a same dataset. Also, an estimation
algorithm can diagnose and improve its performance by analyzing the similarity metrics
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Figure A.15: Demonstration of concordance correlation coefficient (p.) and Pearson corre-
lation coefficient (p) for different scenarios, (a) location shift, (b) scale shift, (c¢) location
and scale shift, (d) no concordance.
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Figure A.16: (a) Diagram of ApproximateNet [117], which is a deeply supervised one-
dimensional U-Net to approximate ABP waveforms from preprocessed PPG waveforms;
(b) Diagram of DeepRNN-4L [31], each rectangle box is an LSTM cell (unit = 128), and
the sequence length of each training sample is set to 32. The bottom green dashed block is
a bidirectional LSTM layer (unit = 128); there is a dropout layer (rate = 0.2) applied after
each bidirectional and forward LSTM layer; residual connections are also applied between
LSTM layers. The last layer (unit = 2, activation=linear) was added for SBP and DBP
prediction.

proposed in this thesis. For example, the DeepRNN-4L already performed well in BP trend
tracking, and can just focus on minimizing the estimation error (e.g., MAD). However for
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Figure A.17: Illustration of 7 ECG and PPG features used for SBP and DBP estimation
proposed in [34]. tf;, tp;, tn; and td; indicate the time index of foot point, systolic peak,
dicrotic notch and diastolic peak of i* PPG pulse, respectively.
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Figure A.18: Percentage of segments with different MAD levels for SBP and DBP estima-
tion using ApproximateNet and DeepRNN-4L.

ApproximateNet, it needs to improve in terms of both distance and trend tracking accuracy.

A.4.6 Detailed Interpretation of the Proposed metrics

To better interpret the proposed metrics, a set of references and estimations of BP are
simulated with different distance and trend similarities and different combinations of w;
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Figure A.19: Percentage of segments with correct BP trend tracking for SBP and DBP
using ApproximateNet and DeepRNN-4L.
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Figure A.20: Percentage of segments with MAD<5 mmHg and correct BP trend tracking
for SBP and DBP using ApproximateNet and DeepRNN-4L.
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and wy for composite similarity calculation. The simulated reference and estimated BPs,
as well as the corresponding distance (TN _DS), trend (TN _TS) and composite similarity
(TN _CS) with different w; and wy are shown in Figure A.21. Please note we assume
MAD(zp,y;) ~ MAD; (in Equation 1) when calculating distance similarity, since z; and
y; are the approximated linear representation of the original reference and estimated BP
segment x; and y; respectively. It can be observed in the simulationl of Figure A.21 that
both distance and trend similarities (DS(zp,y};) and T'S(xr,y;)) equal to 1 when the com-
pared segments are identical. It is shown in Figure A.21 simulation11 that both distance
and trend similarities (DS(zg,y;) and T'S(zr,y;)) equal to -1 when the MAD between
two compared segments is significantly large and their trends are exactly reversed. It can
also observed from Table in Figure A.21 that the segment distance and trend similarities
range from -1 to 1, and the segment composite similarity C'S(z;,y;) always range from -1
to 1 for different combination of w; and w,.
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CS(Cxy,yp) = wy * DS(Cxy, yp) +wa * TS(x,, 1)
wy=1, w,=0 1 0.99 0.5 0.99 0.5 -1 1 0.91 0.5 0.05 -1
w;=0.8, w,=0.2 1 0.94 0.6 0.84 0.4 -0.6 0.76 0.54 0.2 -0.16 -1
w;=0.6, w,=0.4 1 0.87 0.7 0.68 0.3 -0.2 0.52 0.18 -0.1 -0.37 -1
w;=0.4, w,=0.6 1 0.81 0.8 0.52 0.2 0.2 0.28 -0.19 -0.4 -0.58 -1
w;=0.2, w,=0.8 1 0.75 0.9 0.36 0.1 0.6 0.04 -0.55 -0.7 -0.79 -1
wy=0, wy=1 1 0.68 1 0.20 0 1 -0.2 -0.91 -1 -1 -1

Figure A.21: Reference and estimated BPs with different distance and trend similarities,
and composite measure of both distance and trend similarities with different weights com-
bination wy and wy (assume t;gr — t;;, = 10, max(zr,y;) — min(zy, — y7) = 10 mmHg for
simulation1-10 s and max(zy,y;) — min(zr, — y;) = 20 mmHg for simulationll (refer to
Table4 and Figured).
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A.4.7 Composite Similarity of Examples Shown in Figure 4.6 with
Different w; and wy; Combinations

In this section, we will demonstrate the composite similarity between the estimations using
DeepRNN-4L, ApproximateNet and reference shown in Figure 4.6 with different w; and w,
combinations. The temporally-normalized distance (TN _DS) and trend (TN _TS) similar-
ities are 0.81 and 0.81 between estimations using DeepRNN-4L model and reference respec-
tively. The temporally-normalized distance (TN DS) and trend (TN _TS) similarities are
0.37 and 0.23 between estimations using DeepRNN-4L model and reference respectively.
The temporally-normalized composite similarity (TN CS) combines distance and trend
similarity with the weighted sum method, TN CS=w;- TN _DS+wy- TN _TS. The compos-
ite similarities with different w; and wy are shown in Figure S9 (w;=[0,0.2,0.4,0.6,0,8,1], ws
= 1-wy). It can be observed that the distance and trend similarity between estimated BPs
using DeepRNN-4L model and the reference are identical, therefore the composite similar-
ity remains the same for different w; and wy combinations, as wi +wy = 1. The composite
similarity between estimated BPs using ApproximateNet and the reference equals the dis-
tance similarity when w; = 1 and equals to trend similarity when ws = 1. The range
of the composite similarity is TN _CS € [min(TN_DS, TN _TS), max(TN_DS, TN TS)],
according to different values assigned to w; and ws.

TN_CS value with different w1 and w2 combination

[ =) a a a a 0.81 DeepRNN-4L
38
10.5 0.31 0.34 037 .
z 0.29
Z 0.23 0.26 il B ApproximateNet
+
— —— —a—

0 1 1 1 I I |
0 0.2 04 0.6 0.8 1

w1 (w2=1-w1)
Figure A.22: the composite similarity metric (TN _CS) between estimations of DeepRNN-
41, ApproximateNet model and reference shown in Figure7 with different combinations of
wy and ws.

A.5 Impact of Sampling Frequency

To investigate the impact of sampling frequency on feature precision and its relationship
with BP, a downsampling experiment was conducted. ECG and PPG signals originally
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sampled at 1 kHz from BCG BP dataset were downsampled to 500 Hz and 125 Hz, sim-
ulating the rates used in VitalDB dataset [215] and MIMIC dataset [203] respectively.
Subsequently, key morphological features, particularly PAT (calculated as the time inter-
val between the ECG R-peak and the PPG max-slope point, PAT ), were extracted from
the signals at three sampling frequencies (1 kHz, 500 Hz, and 125 Hz).

The analysis revealed a noticeable degradation in the precision of PAT measurements
and its correlation with SBP at lower sampling frequencies. As illustrated in Figure A.23
(a), the PAT sequence extracted from signals sampled at 1 kHz exhibits finer granularity
compared to those from 500 Hz and 125 Hz. Specifically, the 125 Hz PAT sequence shows
distinct quantization steps, as its temporal resolution is limited to 1/125s = 8 milliseconds.

(@) (b)

PATSs extracted from ECG and PPG signals sampled at different rates Scatter plot of SBP and PAT sampled at different rate
0 = PAT_100pHz PAT_500 PAT_1 i o
035 ,ll | N | [ 1 l Il 5110 g'eéé
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Figure A.23: Impact of sampling frequency on PAT precision and its correlation with
SBP for an example subject. (a) PAT extracted from signals sampled at 1 kHz (blue),
downsampled to 500 Hz (green), and downsampled to 125 Hz (megenta), showing increased
quantization at lower sampling rate. (b) Scatter plot of SBP versus PAT for the three
sampling frequencies, illustrating a wider range of SBP values for a given PAT measurement
at lower sampling rate and decreased correlation.

The reduced resolution at lower sampling frequencies leads to increased ambiguity in
the relationship between PAT and SBP. As shown in the scatter plot in Figure A.23 (b) for
an example subject, a single PAT value derived from the 125 Hz signals often corresponds
to a substantially wider range of SBP values compared to PAT derived from 1 kHz signals.
For instance, when PAT was measured as 0.336 s from the 125 Hz downsampled signals, the
corresponding SBP values spanned a range of 14.72 mmHg (from 97.54 mmHg to 112.26
mmHg). In contrast, PAT values derived from the original 1 kHz signals within the same
approximate temporal vicinity exhibited a narrower SBP range of only 7.11 mmHg (from
99.11 mmHg to 106.21 mmHg). This precision difference directly impacted the correlation
between PAT and SBP. For the example subject shown in Figure, the Pearson correlation
coefficient (1) between PAT and SBP decreased as the sampling rate was reduced (1 kHz:
r = —0.62, 500 Hz: r = —0.59, 125 Hz: r = —0.525).
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The experimental results confirm that the 1 kHz sampling rate of the BCG BP dataset
provides enhanced temporal resolution for extracting time interval based features like PAT
compared to lower frequencies typical of other datasets. This higher precision leads to a
stronger and less ambiguous correlation between the extracted features and BP, which can
potentially improve BP estimation performance.

A.6 Impact of Differential Filter Orders

To quantify the impact of using distinct filter configurations for ECG and PPG signals,
an experiment was conducted to compare the PAT values derived using two different pre-
processing pipelines applied to the same raw ECG and PPG data segments sampled at 1
kHz:

1. Set 1 (Thesis Configuration): ECG was filtered using a 2-nd order Butterworth
bandpass filter (0.5-30 Hz), and PPG was filtered using a 4-th order Chebyshev Type
IT bandpass filter (0.5-12 Hz). PAT was calculated from these differentially filtered
signals.

2. Set 2 (Control Configuration): Both ECG and PPG were filtered using 4-th
order Chebyshev Type II bandpass filters with respective passbands (ECG: 0.5-30
Hz, PPG: 0.5-12 Hz). PAT was calculated from these signals filtered with the same
filter type and order.

The PAT sequences derived from both filter sets were compared for the example sub-
jects.

e Magnitude of Difference: The absolute difference in PAT values between the two
sets was found to be minimal. For Subject 1 (Figure A.24), the absolute difference
was typically around 1 ms. For Subject 2 (Figure A.25), the absolute difference
ranged between 2 ms and 4 ms.

e Correlation and Trend: Despite the small offsets, the PAT sequences generated
by both configurations exhibited almost identical temporal patterns and trends. The
Pearson correlation coefficient between the PAT sequences from Set 1 and Set 2 was
extremely high for both subjects (Subject 1: r = 0.9978; Subject 2: r = 0.9945).
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Figure A.24: Comparison of PAT calculated using different filter configurations for Subject
1. Time series plot of PATs, with blue line representing PAT extracted from the thesis con-
figuration and red line representing PAT extracted from the control configuration, showing
high temporal agreement. The scatter plot (bottom left) confirms near-perfect linear cor-
relation (r > 0.99). The Bland-Altman plot (bottom right) illustrates the small magnitude
and near-constant nature of the difference between the two filter configurations.

e Visual Inspection: As shown in the time series plots and Bland-Altman plots in
Figure A.24 and Figure A.25, the difference between two PAT sequences appears as a
small, near-constant offset, rather than a distortion of the shape or dynamic changes.

The results demonstrated that while using different filter types and orders for ECG
and PPG introduces a small difference in the absolute PAT values, this difference is highly
consistent and primarily manifests as a minor offset. Crucially, the relative changes and
dynamic trends within the PAT sequence, which are the primary focus for the trend-
tracking models developed in this thesis, are preserved with very high fidelity (correlation
r > 0.99). Given the high sampling rate of 1 kHz and the model’s emphasis on trend
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Figure A.25: Comparison of PAT calculated using different filter configurations for Subject
2. Time series plot of PATs, with blue line representing PAT extracted from the thesis con-
figuration and red line representing PAT extracted from the control configuration, showing
high temporal agreement. The scatter plot (bottom left) confirms near-perfect linear cor-
relation (r > 0.99). The Bland-Altman plot (bottom right) illustrates the small magnitude
and near-constant nature of the difference between the two filter configurations.

similarity over absolute point-wise accuracy, the minimal and consistent temporal shift
introduced by the differential filtering is considered negligible and does not significantly
impact the feature extraction or the final estimation performance reported in this thesis.

A.7 Few-Shot Fine Tuning Strategies

1. Full Fine-tuning: All parameters 0* of the pre-trained model are updated based
on the gradients computed from D2 . Then the model is more flexible to adapt but
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is easier to overfit with a small dataset.

. Partial Fine-tuning (Layer-wise Tuning): To mitigate overfitting and preserve
general features, only a subset of the model’s parameters is fine-tuned. For instance,
the "feature extractor" of a regression model (e.g., the TCN and SENet modules)
can be frozen and only fine-tune the target predictor (e.g., the last KAN layer). The
choice of which layers to fine-tune is a critical design decision and often depends on
the architecture and the assumed transferability of features at different depths.

. Learning Rate Adjustment: The learning rate used for fine-tuning is typically
set to a value smaller than that used during the initial pre-training. A smaller
learning rate ensures that the parameter updates are modest, preventing the model
from drastically moving away from the well-generalized solution #* and potentially
forgetting the knowledge acquired from the N — 1 training subjects.

. Number of Iterations: Fine-tuning is generally performed for a limited number of
epochs or gradient update steps. Excessive training on the small set A can quickly
lead to overfitting.
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