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The  main  goal  of  this  dissertation  is  to  improve  the  early  detection  and  management  of  

cardiovascular  (CV)  disease  by  developing  novel  ultra-convenient  CV  health  and  risk  

predictor  monitoring  techniques  based  on  a  physiological  signal  called  ballistocardiogram  

(BCG).  BCG  is  the  recording  of  heart-induced  body  movements.  It  has  great  potential  to  

enable  ultra-convenient  CV  health  monitoring  due  to  its  close  association  with  cardiac  

functions  and  its  amenity  for  convenient  measurement  (i.e.,  measurement  devices  such  as  

weighing  scales  and  wearables).  Nonetheless,  the  shortage  of  physical  understanding  of  the  

BCG  is  a  serious  challenge  that  has  hampered  its  effective  use  in  CV  health  and  risk  

assessment.  The  scope  of  this  dissertation  can  be  explained  under  three  themes:  (i)  physics-

based  modeling  of  BCG,  (ii)  BCG  recording,  and  (iii)  challenges  in  wearable  BCG-based  

cuffless  blood  pressure  monitoring.   



 
 

In  the  first  part  of  the  dissertation,  a  closed-form  physics-based  model  is  developed  to  

estimate  BCG  from  a  single  blood  pressure  waveform.  The  feasibility  of  this  model  in  the  

estimation  of  CV  risk  predictors  is  studied.  This  model  is  inspired  by  our  team’s  prior  

work  hypothesizing  that  the  main  mechanism  for  the  genesis  of  the  head-to-foot  BCG  is  

the  pressure  gradients  in  the  ascending  and  descending  aorta  (the  major  artery  in  the  body).  

In  addition,  a  systematic  BCG  feature  selection  approach  is  introduced  leveraging  the  

developed  closed-form  BCG  model.  This  model-based  approach  is  superior  to  previous  ad-

hoc  feature  selection  techniques  in  that  it  incorporates  physiological  knowledge  of  the  

arterial  system  and  unlike  ad-hoc  approaches  which  are  data  specific  its  findings  can  be  

generalized  to  different  independent  datasets.   

BCG  waveforms  recorded  with  different  sensors  and  devices  have  morphological  differences.  

Therefore,  the  next  part  of  this  work  is  dedicated  to  the  study  of  different  BCG  recording  

devices  and  the  construction  of  a  BCG  measurement  apparatus  that  enables  the  recording  

of  true  BCG  (as  estimated  in  the  mathematical  model).  The  efficacy  of  the  BCG  recording  

apparatus  in  measuring  BCG  is  shown  in  two  human  and  animal  experiments. 

Finally,  BCG  can  enable  cuff-less  blood  pressure  (BP)  tracking  by  virtue  of  two  perks.  It  

can  easily  be  instrumented  using  wearables  and  it  can  be  used  as  a  proximal  timing  

reference  to  calculate  pulse  transit  time  (PTT)  which  is  the  basis  of  the  most  common  

technique  for  cuff-less  BP  tracking.  However,  most  wearable  BCG-based  studies  for  cuff-

less  BP  monitoring  have  resorted  to  only  one  posture  (standing  with  hands  placed  on  the  

sides).  Therefore,  in  this  work,  the  effect  of  posture  on  wrist  BCG-PPG  PTT  is   investigated.  

This  work  reveals  the  posture-induced  changes  in  PTT  in-depth  for  the  first  time,  by  



 
 

invoking  and  quantifying  the  effect  of  possible  physical  mechanisms  responsible  for  such  

changes. 
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Chapter 1: Introduction 

1.1. Background 

Cardiovascular disease (CVD) is the leading cause of mortality and morbidity that imposes a 

profound impact on health and the economy in the United States as well as globally. According to 

the recent statistics reported by the American Heart Association, CVD is currently responsible for 

more deaths each year than cancer and chronic lower respiratory disease (the second and third 

causes of death, respectively) combined in the U.S. CVD also represents a considerable economic 

burden to society: by 2035, 45.1 % of the U.S. population will have some form of the disease and 

the total healthcare costs are expected to reach $1.1 trillion. In 2014, 7.4 million cardiovascular 

(CV) surgical procedures were performed in the U.S., making it one of the two most frequently

performed surgical procedures [1]. 

Considering the profound negative effect of CVD on public health and the economy, its effective 

and early detection and management are paramount. Achieving this goal requires ubiquitous and 

ultra-convenient CV health and risk predictor monitoring. However, existing technologies for non-

invasive measurement of CV risk predictors (such as central systolic pressure (SP) and central 

pulse pressure (PP)) and cardiovascular parameters (e.g. stroke volume (SV) and cardiac output 

(CO)) suffer from a subset of the following factors that hamper their widespread use: requirement 

of a cuff or costly equipment, inconvenient measurement site, or the need for trained operators 

[1]–[7]. Consequently, novel technologies that complement current techniques through 

ultraconvenient measurement and tracking of CV risk predictors will be beneficial in enhancing 

the prevention, detection, and treatment of CVD. 
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It has been known for over a century that the body recoils every time the heart beats. 

Ballistocardiogram (BCG) is the recording of these heart-induced body movements. In recent 

years, there has been a resurgence of interest in BCG for CV health monitoring due to its close 

relation to cardiac function and amenity for convenient measurement. In fact, early investigators 

have shown that there may be a close association between BCG morphology and some cardiac 

events [8]–[11]. Besides, recent technological advances in electronics have led to ultraconvenient 

and noninvasive BCG instrumentation [12].  

Blood pressure (BP), an important CV health factor, can particularly benefit from the new 

resurgence in BCG through cuff-less BP trend tracking. There are currently two popular 

approaches for cuff-less BP monitoring: (i) Pulse transit time (PTT) [13] and (ii) pulse wave 

analysis (PWA) [14]. PTT is the time required for an arterial pulse wave to travel between two 

different sites in the arterial tree. PTT is inversely related to BP. The PWA approach leverages 

state-of-the-art machine learning approaches to use fiducial points detected in an arterial pulse 

wave (e.g. BCG) as predictors of BP. Some recent studies use a fusion of PTT and PWA for 

ubiquitous BP monitoring.  

1.2. Research Motivation 

Efforts to understand the underlying mechanism of the BCG using phenomenological models have 

been rare and mostly unsuccessful due to either their failure to reproduce major BCG waves [15], 

[16] or their substantial complexity [8], [17]. In the absence of a mechanistic understanding of 

BCG, most studies have resorted to brute force data mining approaches in which they rely on ad-

hoc correlation analysis between a subjectively chosen set of BCG features and CV parameters of 

interest [7], [18]–[21].  
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Recently, Kim et. al. hypothesized a mathematical model that could elucidate the underlying 

mechanism of BCG force generation in the head-to-foot direction of the body [22]. This model 

suggests that the generation of the BCG force is mainly due to pressure gradients in the ascending 

and descending parts of the aorta. Despite its significant success in explaining the mechanism 

underlying the genesis of the BCG, this model leaves some open questions.  

First, a challenge with the current model is that it requires three central blood pressure (BP) 

waveforms at different arterial sites to predict BCG. In other words, it relates three arterial BPs to 

the BCG waveform. Therefore, in its current form the model is not practically useful for BCG-

based CV risk predictor measurement because it only shows how the BCG results from the three 

aortic BP waves but not how the three aortic BP waves or CV risk predictors can be derived from 

the BCG. To address this challenge, a closed-form BCG model must be developed that can 

internally estimate two of the arterial BP waveforms from a single recorded BP waveform and use 

these waveforms to predict the BCG.  

The question of associating the BP waveforms at different locations of the arterial tree is an open 

and popular problem among researchers. Tube-load (TL) model is a prevalent and effective 

physics-based model of arterial hemodynamics which is mathematically tractable, and its 

parameters are equipped with physiological meanings [23]. Different simplifying assumptions on 

the hemodynamics of the arterial tree have resulted in the development of a wide variety of TL 

models with different levels of accuracy and complexity. Most studies involving TL models 

considered the aorta as a tube with a constant diameter [24], [25], although in reality, this is not 

the case. Available anatomical data shows a gradual reduction in the diameter of the aorta as the 

measurement site gets farther from the heart [26]. Only a handful of studies have considered 
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geometrical tapering and among those studies validation efforts in human data have been rare [27]–

[29]. This fact has motivated us to assess the effect of incorporating arterial tapering on the 

estimations of the TL model.  

Second, the model predicted BCG is not validated against the reference BCG measured in the 

same subject. For this purpose, experimental ground truth BCG waveforms (as well as invasive 

BP waveforms) should be recorded in the same subject. BCG waveforms recorded with different 

sensors and different devices have morphological differences [30]. Therefore, the challenge here 

is to experimentally instrument BCG in a way that has a close morphology to the model predicted 

BCG (a.k.a. “true BCG”). Hence, a BCG instrumentation device is constructed that can measure 

“true BCG”. This BCG measurement apparatus would enable “true BCG” instrumentation in 

animal subjects that eventually can be used for the purpose of BCG model validation.  

Third, it has been shown that BCG, measured by a scale-like device (i.e., whole-body BCG), along 

with a second pulse waveform can be used for PTT-based cuff-less BP monitoring, and even the 

BCG-based PTT-PWA fusion has the potential for independent monitoring of systolic and 

diastolic pressure (SP and DP, respectively) [31]. However, the majority of the existing work on 

PTT-PWA fusion largely resorts to ad-hoc approaches in the selection of PWA features and the 

aggregation of these features into BP predictors [7], [18]–[21]. Therefore, an open challenge in 

the cuff-less BP tracking via whole-body BCG is the systematic selection of the BCG PWA 

features.  

Fourth, as mentioned earlier, PTT as the time interval between the fiducial points in BCG and a 

distal pulse wave (i.e., Photoplethysmogram or PPG) has a remarkable correlation with BP. 

However, a major shortcoming of the current studies on the BCG-PPG PTT is that their 
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investigation is only limited to one posture standing with arms vertically held down in the head-

to-foot direction. Considering the low signal-to-noise ratio associated with the wrist BCG signal, 

its acquisition must ideally be performed under minimal body motions. While standing posture is 

reasonably convenient, there are body postures more convenient than standing (e.g., sitting and 

supine) that may yield less body motion. In addition, constraining the arm to the main trunk (e.g., 

by placing the hand on the chest or by putting the hand on the shoulder) rather than holding it down 

vertically in the head-to-foot direction may help in suppressing the wrist motions during BCG 

acquisition. However, neither the influence of the postural deviation from standing with arms 

vertically held in the head-to-foot direction on the efficacy of wrist BCG-PPG PTT in cuff-less BP 

tracking nor the physical mechanisms responsible for the influence, is known. A prior work 

reported that posture influences the BCG signal [32]. Hence, it is possible that BCG-PPG PTT 

varies with respect to posture even when BP remains constant. Yet, prior research to understand 

the impact and mechanism of posture on the BCG and PTT is very rare. Therefore, another open 

challenge is to investigate the versatility and generalizability of wrist BCG-PPG PTT in cuff-less 

BP tracking in other body and arm postures. 

1.3. Dissertation Scope 

The scope of this dissertation can be placed under four general topics: BCG Modeling, application 

of BCG in CV health monitoring, BCG recording, and challenges in the way of using BCG for CV 

health monitoring.  
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1.3.1 BCG Modeling 

CLOSED-FORM BCG MODEL: A closed-form mathematical model is developed that can predict 

the BCG waveform from an arterial BP waveform. The modeling effort comprises two parts. In 

the first section, a model is built that relates BP waveforms at different locations in the aorta to 

each other (model of arterial hemodynamics). In the next part, the final closed-form model is 

generated by leveraging the mathematical model describing the mechanism underlying the genesis 

of BCG (BCG mechanism model) and integrating it with the model of arterial hemodynamics. The 

validity of the closed-form BCG model is tested by comparing the predictions of the model with 

the BCG recordings in the literature.  

1.3.2 Application of BCG Model in CV Health Monitoring 

MODEL-BASED BCG SENSITIVITY SCHEME: A model-based scheme is developed for the 

systematic selection of BCG features using the developed closed-form BCG model. To do so, the 

BCG model is integrated with the physiological knowledge of the arterial system to develop a 

scheme for sensitivity analysis. The sensitivity analysis scheme is equipped with a small set of 

physiologically interpretable parameters and allows for the investigation of the effect of changes 

in the CV state [including changes in the underlying BP level as well as cardiac and vascular 

functions such as stroke volume, arterial load impedance, and heart rate)] on the morphology of 

the BCG waveform. The relationship between the BCG waves and various CV parameters is 

investigated by perturbing the CV variables that are input to the model. Next, we propose a set of 

a few BCG PWA features that are most sensitive to the CV parameters of interest. In the end, to 

show the efficacy of the model-based feature selection, the selected PWA features are used to 

develop predictors of BP and tested in an experimental human study.  
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1.3.3 BCG Recording 

BCG APPARATUS CONSTRUCTION: A BCG apparatus is constructed to enable the reliable 

instrumentation of the BCG waveform in human and animal subjects. A BCG measurement 

apparatus is designed and manufactured based on the literature survey of the previous designs and 

updated with modern electronic sensors. Then, the apparatus is tested in human and animal 

experiments to confirm its efficacy in acquiring the BCG waveform.  

1.3.4 Challenges in CV Health Monitoring with BCG 

POSTURE DEPENDENT VARIABILITY OF PTT: We investigate the posture-dependent 

variability in the wrist BCG-PPG PTT. BCG and PPG signals are acquired from human subjects 

under the different body and arm postures. PTT is computed as the time interval between fiducial 

points in BCG and PPG waves, and its variability with respect to the different postures is analyzed 

by invoking an array of possible physical mechanisms.  

1.4. Summary of Contributions 

The unique contributions of this dissertation are as follows: 

1. Validation of exponentially tapered tube-load model as a mathematical representation of arterial 

hemodynamics in human data. 

2. Development of a new closed-form mathematical model that relates BP waveforms in different 

locations of the arterial tree to each other and provides the transfer function between a single BP 

waveform and a single BCG waveform. 
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3. Development of a new model-based sensitivity analysis scheme for the systemic selection of 

BCG PWA features.  

4. Construction of a BCG measurement apparatus capable of recording BCG waveforms in 

humans and large animals for the purpose of future model validation 

5. Study of posture-dependent variability in BCG-PPG PTT and proposing the physical 

mechanisms responsible for this variability 

1.5. Dissertation Structure 

The dissertation is arranged in the following format. In chapter 2, the current work on the existing 

CV health monitoring techniques, modeling of the arterial hemodynamics, the definition of BCG 

and its instrumentation techniques, and cuff-less BP measurement methods are reviewed. In 

chapter 3, a comparative study on two models of wave propagation in the human aorta is discussed. 

Chapter 4 is dedicated to the study of the BCG mechanism model and the development of the 

closed-form model of BCG that estimates BCG waveform from a single arterial blood pressure 

waveform. To this end, the model of arterial hemodynamics selected from the study in chapter 3 

is integrated with our team’s prior hypothesis that the BCG is generated from the pressure gradients 

in the ascending and descending portions of the aorta, the major artery in the body. Chapter 5 is 

on the application of the closed-form BCG model for developing a sensitivity analysis scheme for 

systematic BCG feature selection. This model-based selection method is tested in an algorithm 

developed for cuff-less BP trend tracking using human experimental data. Chapter 6 consists of 

the study of the physical basis of the BCG measurement device and its design and fabrication. 

Chapter 7 contains a study on the posture-dependent variability in wearable BCG-based pulse 

transit time (PTT). PTT is the basis of the most common technique for cuff-less BP tracking and 
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this study can facilitate enabling the wearable BCG-based PTT and consequently cuff-less BP 

monitoring. Chapter 8 summarizes the contributions of this dissertation. Finally, chapter 9 

proposes future directions to continue this research. 
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Chapter 2: Literature Review 

In this literature survey, current CV health monitoring techniques, modeling of arterial 

hemodynamics, the definition of BCG and its instrumentation techniques, and cuff-less BP 

measurement methods are reviewed. 

2.1. State-of-the-art Techniques for Cardiovascular Health Monitoring 

Prevention of cardiovascular disease (CVD) can greatly benefit from the identification of proper 

biological markers. According to a standard definition introduced by an NIH working group in 

2001, “a risk marker or biomarker is a characteristic that is objectively measured and evaluated as 

an indicator of normal biological processes, pathological processes or pharmacological responses 

to therapeutic interventions” [33]. Several studies identified arterial biomarkers, such as arterial 

stiffness, central BP, pulse wave velocity (PWV), pressure pulse amplification (PPA), and wave 

reflection indices as predictors for CVD morbidity and mortality.  

1. Central and peripheral BP 

BP waveforms vary continuously as they propagate further away from the heart down the arterial 

tree. This phenomenon happens because of wave propagation and reflection in the arterial tree 

[34]. Therefore, due to its proximity to the heart, central BP has more clinical value in CV risk 

assessment than its peripheral counterpart [35]–[37]. Yet, measurement of central BP has greater 

risk and cost which hampers its widespread clinical use. Peripheral BP is in general easier to 

measure than the central BP and that’s why it has been widely used in clinical practice.  
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Fig.  2-1: BP waveforms as they move from the aorta to the radial artery [34] 

Central BP waveforms can be measured using invasive and noninvasive techniques: in the invasive 

method, a catheter is placed inside the artery to measure the BP waveform. The strain gauge in the 

catheter contacts the fluid and measures the BP waves [24], [38]. An alternative non-invasive 

method of central BP measurement is carotid tonometry, which involves costly probes and trained 

operators [5], [6].  

Several non-invasive methods have been developed for peripheral BP measurement: (i) 

auscultation, (ii) oscillometry, (iii) volume clamping, and (iv) tonometry. In the auscultation 

technique, an air cuff is placed around the arm and the systolic (SP) and diastolic pressures (DP) 

are found using the Korotkoff sounds. Oscillometry is like auscultation in that it requires a cuff. 

Small fluctuations of the cuff are measured to detect SP, DP, and mean arterial pressure (MAP). 

The volume clamp method needs a finger cuff and an optical sensor on the finger to measure BP. 

Tonometry is performed by applying the appropriate amount of pressure on an artery that is located 

near the surface to detect BP. When the sensor flattens the wall of an artery, tangential pressures 

are eliminated, and the sensor is exposed to the pressure within the artery which it records 

accurately. To apply the appropriate amount of “hold-down pressure” this technique requires 

trained operators.  
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In sum, all current methods of non-invasive BP measurement face one or more of these limitations: 

They need an external cuff, are bulky, and require a trained operator.  

2. Pulse pressure amplification  

Pulse pressure amplification (PPA) is the ratio between peripheral and central pulse pressures (PP) 

(pulse pressures = systolic pressure - diastolic pressure). Aortic-brachial PPA is a measure of 

arterial elasticity and an independent CV risk predictor [39]. To measure the PPA, a carotid-

femoral tonometry procedure must be employed [2].  

3. Pulse wave analysis (or equivalently Pulse transit time) 

Pulse wave analysis (PWV) (or pulse transit time (PTT)) is the speed (or time) at which the arterial 

waveform propagates through the artery. It is an indicator of arterial stiffness. Measurement of 

PWV necessitates the inconvenient carotid-femoral tonometry technique [1], [3], [4].  

2.2. Physics-Based Models of Arterial Hemodynamics 

White box models of arterial hemodynamics have been long-standing. Researchers have used these 

physics-based mathematical models for making predictions and testing their understanding of the 

physiology underlying arterial hemodynamics. The available physics-based models may be 

divided into two classes: high-dimensional models and low-dimensional models as shown in Fig.  

2-2. High-dimensional models including 2D and 3D models can give detailed descriptions of the 

local flow of the blood. These high-dimensional models are computationally complex and are 

generally used to simulate the local hemodynamics of specific arterial sites instead of the whole 

arterial tree [40]. In contrast to high-dimensional models, although less accurate, low-dimensional 

models have small computation costs, are more robust to inter-subject variability, and can 

reproduce many of the hemodynamic phenomena. Thus low-dimensional modeling has been 
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employed by many researchers as an effective way to model the hemodynamic properties of the 

arterial tree in practice.   

 

Fig.  2-2: The structure diagram of physical-based models in the cardiovascular system (source: [40]) 

The low-dimensional models mainly consist of lumped parameter models, and distributed 

parameter models [40]. Lumped parameter models have a quite simple structure and are 

characterized by a small number of parameters that can be more easily estimated from clinically 

available arterial waveforms. The lumped parameter models are characterized by their pulse 

waveform, a function of time only. The most prevalent lumped parameter model is the 

“Windkessel” model proposed by Frank [41]. It models the arterial system as a capacitor, 

representing the large artery compliance (C), in parallel with a resistor, modeling the total 

peripheral resistance (TPR). Fig.  2-3 shows a simple Windkessel model. Although suitable for 

parameter estimation purposes, Windkessel models assume infinite pulse wave velocity (PWV) 

and therefore are unable to reproduce wave propagation and reflection phenomena that are 

essential in shaping the arterial waveforms.  
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Fig.  2-3: Simple arterial Windkessel [42] 

By contrast, distributed parameter models are capable of reproducing wave propagation and 

reflection dynamics by permitting finite PWV. Many distributed parameter models use the 

simplified Navier-Stokes equations to reproduce pressure and flow at any position in the entire 

arterial tree. Although these models tend to offer a much more accurate estimation of arterial 

hemodynamics, they need a large amount of computation. In addition, due to their excessively 

large number of parameters, they are difficult to identify which hampers their application in 

clinical practice [40].  

Taking advantage of both Windkessel and distributed models, a middle ground model structure 

has been developed. This class of models is called tube-load (TL) models and has undergone much 

investigation by virtue of its ability to describe wave propagation and reflection and its 

mathematical tractability. These models are highly simplified transmission line models, which 

consist of multiple parallel tubes with terminal loads. The tube represents the wave propagation 

path in the large conduit arteries, whereas the load signifies the wave reflection site (e.g. arterial 

bed distal to a peripheral artery) [23]. Based on different assumptions, a wide variety of tube-load 

models with different complexities have been developed and investigated. The tube can be 

elastically and/or geometrically tapered or uniform as well as lossy (which exhibits energy 
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dissipation) or lossless. There can also be different assumptions for the load. It can be non-

parametric or parametric [23].  

The most well-known TL model is the uniform lossless TL model [23], in which an artery of 

interest is modeled as a uniform lossless tube (or transmission line) terminated with a load that is 

in general frequency-dependent. In conjunction with the advances in novel techniques for 

estimating subject-specific parameters therein (e.g., (i) by fitting the TL model to diametric (such 

as arm and leg) BP waveforms and exploiting the fact that both of the diametric BP waveforms 

originate from the unknown yet common central BP [43], [44], or (ii) by fitting it to a distal BP 

waveform with physiologically relevant constraints that central blood flow is zero during diastole 

and/or central BP is smoother than distal BP [45]–[47]), the uniform lossless TL model is effective 

and robust in providing valuable insights related to the CV hemodynamics [48]–[56].  

Despite its success thus far, the simplicity of the uniform lossless TL model motivates 

investigations for its potential improvement by incorporating more realistic components. In 

particular, arteries exhibit tapering, bifurcations, and BP loss. Due to the potential applicability of 

these models in clinical settings especially in the estimation of the central aortic waveforms, a lot 

of effort has been put into the validation of the tube-load models. Though, most of these validation 

efforts have been geared toward the validation of these models in animal data [42]. 

Among the handful of validation studies on human data, some of the extensions of uniform loss-

less TL models have been investigated. It’s been shown that the TL models equipped with 

bifurcations and pressure loss demonstrate small but statistically significant improvement in their 

goodness of fit [57], [25].   
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However, the studies investigating the benefit of incorporating the geometric tapering into the TL 

model are mostly limited to animals. Table 2-1 shows the studies on the development and 

validation of the tapered tub-load models. To the best of our knowledge, only one study 

investigated the effect of geometric tapering in which the TL model was considered as a collection 

of multiple tubes in series with each other with variable diameters. No effort on the validation of 

exponential tapering in human data has been done. 

Table 2-1: Studies on TL models with geometrical tapering 

Year Author Validation data Model description 

1988 Einav, S. et. al. [58] Model estimated data 20 segments, variable 
diameters 

1995 Chang, K. et. al.[59] Canine data Linear tapering 

1997 Fogliardi, R. et al. [27] Canine data Exponential tapering 

2000 Segers, P., Verdonck, P. [28] Hydraulic model data Linear tapering 

2007 Westerhof, B. et. al. [60] No validation  7 segments, variable 
diameters 

2018 Westerhof, B., Westerhof, N. [29] Human data 
(literature) 

Multiple segments, 
variable diameter 
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2.3. BCG Waveform, Mechanism, and Its Association with Cardiac Events 

2.3.1 Cardiac Cycle 

Every cardiac cycle is composed of different phases. A brief description of the events in the cardiac 

cycle can provide insights into the morphology of the ballistocardiogam and its association with 

cardiac events.  

A single cardiac cycle can be divided into two basic phases: diastole and systole. Diastole 

represents the period of the time when ventricles are not contracting. Systole represents the time 

during which the left and right ventricles contract and eject blood into the aorta and pulmonary 

artery. During systole, the aortic and pulmonic valves open to permit ejection into the aorta and 

pulmonary artery. To analyze systole and diastole in more detail, the cardiac cycle is divided into 

multiple phases. The phases of the cardiac cycle are as follows:  

1. Rapid filling of the ventricles 

2. Slow filling of the ventricles 

3. Atrial systole 

4. Isovolumetric contraction 

5. Rapid ejection 

6. Slow ejection 

7. Protodiastole 

8. Isovolumetric relaxation 

Fig.  2-4, often called the Wiggers diagram, shows the different events during the cardiac cycle for 

the left side of the heart. The top three curves show the pressure changes in the aorta, left ventricle, 
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and left atrium respectively. The fourth curve shows the changes in left ventricular volume, the 

fifth depicts the electrocardiogram (ECG), and the sixth depicts a phonocardiogram, which is a 

recording of the sounds produced by the heart (mainly by heat vales) as it pumps [61].  

 

Fig.  2-4: Events in the cardiac cycle for left ventricle [61] 

 

2.3.2 BCG Waveform 

At every heartbeat, the blood traveling through the arterial tree produces changes in the center of 

mass of the body. Body micromovements are then produced by the reaction forces to maintain the 

overall momentum. Ballistocardiogram (BCG) is the recording of these heart-induced body 

movements [12]. BCG can be measured in different form factors such as displacement, velocity, 

and acceleration using a variety of devices (bed, chair, weighing scale, wearables) [12], [20], [62], 

[63]. Additionally, BCG is a vector quantity and can be measured in three dimensions.  
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The BCG waveform consists of a series of waves that are associated with each phase of the cardiac 

cycle. A typical whole-body BCG waveform in the head-to-foot direction is shown in Fig.  2-5 

along with the name of each wave.   

 

Fig.  2-5: An example of BCG waveform for one heartbeat [22] 

Recently, Kim et. Al. introduced a mathematical model that could elucidate the underlying 

mechanism of BCG force generation in the head-to-foot direction of the body. They modeled the 

whole-body BCG as an instantaneous force in the head-to-foot direction. This model consists of 

two tubes in cascade which represent the ascending and descending part of the main artery of the 

body, the aorta (Fig.  2-6). 
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Fig.  2-6: A simplified model of the aorta to describe the mechanism of the BCG waveform. [22] 

 By analyzing the equilibrium of forces exerted on the blood in the aorta a simple model was 

developed that can estimate BCG [22]. 

F!"# ≈ 9$[;%(<) − ;&(<)] − 9'[;((<) − ;%(<)] (2-1) 

This model suggests that the generation of the BCG force is mainly due to the pressure gradients 

in the ascending and descending aorta [22]. Leveraging this model, the authors described the 

mechanism of genesis of major BCG waves. Fig.  2-7 shows how the BP waveforms at the inlet, 

arch, and outlet of the aorta denoted by ;(, ;%, and ;& construct the major BCG waves. According 

to the model and Fig.  2-7, the time of I wave initiation corresponds to the foot of the BP waveform 

at the inlet of the ascending aorta. The time of the J wave is associated with the foot of the BP 

waveform at the outlet of the descending aorta. Also, J wave amplitude may be proportional to 

relative changes in the aortic PP. The figure also shows that the amplitude of the J-K down-stroke 

is approximately proportional to the peripheral PP. 
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Fig.  2-7: Measured BCG waveform at different locations of the aorta, and corresponding estimated BCG 
waveform. (A) BP waveform at the inlet, apex, and outlet of the aorta (B) Force gradient in ascending and 

descending aorta (C) Estimated BCG waveform [22] 

2.4. BCG Instrumentation 

The BCG phenomenon was first documented by Gordon in 1877 [64]. He found out that as a 

subject stands on a weighing scale, the needle would vibrate synchronously with the subject’s 

heartbeat [12]. Nearly 60 years later Starr and his colleagues designed an instrument in the shape 

of a table with a moving platform to measure BCG [65]. Throughout the 1900s until 1970, the 

classic BCG era, BCG was heavily investigated by researchers. However, after 1970 BCG was 

largely abandoned by investigators, due to its need for bulky measurement instruments and the 

advent of new technologies such as electrocardiogram and magnetic resonance imaging [12].  

In recent years, technological advancements in electronics and signal processing, have simplified 

BCG instrumentation and assessment, which resulted in a resurgence of interest in this 
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physiological signal in scientific and clinical settings. Fig.  2-8 shows several examples of modern 

BCG acquisition instruments that enable BCG measurement in various settings including in bed, 

at home, and in microgravity.  

 

Fig.  2-8: Compilation of different examples of modern BCG measurement devices [63], [12] 

2.4.1 Classical BCG Instrumentation Techniques 

In this section, a summary of various BCG measurement systems that were developed in the 

classical BCG era is presented. Most types of classical BCG devices except for the direct body 

BCG consist of a platform on which the subject lies in the supine posture [66]. In 1956, the 

American heart association’s “Committee on Ballistocardiographic Terminology” divided the 

BCG instrumentation systems into four categories [67]: (i) high-frequency BCG (HF BCG), (ii) 

low-frequency BCG (LF BCG), (iii) ultra-low frequency BCG (ULF BCG), and (iv) direct body 

BCG (DB BCG) 

This division is mostly based on the natural frequency of the BCG device with respect to the heart 

frequency (approximately 1 [Hz]). HF BCG generally has a higher frequency of 10 to 15 [Hz]. LF 

BCG apparatuses have a natural frequency of around 1 [Hz]. ULF BCG devices have a natural 

frequency of lower than 1 [Hz]. The DB BCG was considered an HF BCG and recordings of such 

devices were similar to recordings of HF BCG [67]. 
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By the end of the BCG era, many studies suggested that the acceleration of ULF BCG may yield 

the BCG measurement over a wider range than the HF BCG devices and with less distortion due 

to the resonant properties of the body [68]. Therefore, ULF BCGs became the method of choice 

in classical BCG research [66]. Besides, studies on the BCG in microgravity suggested that these 

BCGs which ideally show the “true BCG” are closest in shape to the records obtained from ULF 

BCG devices [69]. As a result, since the plan in this dissertation is to fabricate a BCG measurement 

apparatus that can give the BCG measurement with the least distortion from the true heart-induced 

body movements, the ULF BCG devices developed in the classical BCG era were studied. Fig.  

2-9 shows a compilation of the examples of ULF BCG devices.  

Table 2-2 describes the ULF BCG devices found in the literature. 

 

Fig.  2-9: Examples of ULF BCG measurement apparatus in classical BCG literature 
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Table 2-2: Examples of ULF BCG apparatus in classical BCG literature 

Fifi  fi  Author [year] Fn [c/s] Cable Length Bed Mass Bed Frame Suspension From Damping Lateral Motion Form Factor Locking 

Burger [1953] 0.3 300 [cm] 5 [Kg] 
Steel tube + canvas 

+ vertical foot plate 
Ceiling 

Horizontal plate 

in treacle + 25% 

overshoot 

Not constrained Displacement  

Battye [1966] 0.3 275 [cm] 7.5 [kg] 

Paper honeycomb 

sandwiched b/w 

sheets 0f 0.08 cm 

plywood + two 

cross girders made 

of duraluminum 

Ceiling 

Small damping in 

the head-to-foot 

direction 

Four oil dashpots each 

underneath one end of 

the girders: Dip vertical 

plates oriented in the 

head to foot direction 

(lateral motion is 

overdamped) 

Velocity 

Raised and 

stabled by a 

hydraulic jack 

Henderson 

[1905] 
? ? 9 [Kg] 1.2 cm plank 

Frame + two 10 cm 

pins to displace the 

bed laterally 

None 

(Comment: 

breath holding) 

Two 10 cm attached to 

one side of the bed 
Displacement 

Clutch 

Movement 

restricted to 8 

[mm] 
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Author [year] Fn [c/s] Cable Length Bed Mass Bed Frame Suspension From Damping Lateral Motion Form Factor Locking 

Rappaport 

[1956] 
0.1~0.25 6.5 [ft] 4 [lb] 

61S-T1 aluminum 

frame + fabric + 

foot cross brace 

Frame + 4 inches 

long pins displace 

the bed laterally 

Frictional 

resistance / cotton 

pads / viscous 

fluid + overshoot 

< 20% 

4 inches long pins 

attached to the rear 
Velocity 

Clamping 

device for 

loading 

Mechanical stop 

to limit 

movement 

Reeves [1957] 0.1 
Vertical length 

= 81 [in] 
8 [lb] 

Aluminum 

honeycomb panel 

(thick = 1 in) 

Wall (cables 

suspended from a 

double ring hinge) + 

displaced laterally 

by V arm 

Damping factor: 

0.026 

V-arm on ball and socket 

joint 
Acceleration  

Von Wittern 

[1953] 
0.6 

V-shaped wires 

70 [cm] 
10 [kg] 

Wooden T stricter 

+ plate + foot and 

shoulder plates 

Frame 
Piston in an oil 

filled cylinder 

V-shaped wires just 

allow longitudinal 

movement 

Acceleration  
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2.5. Cuff-Less BP Monitoring 

Due to the limitation of the current BP monitoring techniques and with the advent of the new 

technologies (such as wearable technologies) many studies have been conducted on the cuff-less 

and continuous BP devices to incorporate them into daily objects and devices (e.g., weighing 

scales, chairs, wrist watches, and mobile devices) [12], [20], [63]. Recent studies have used the 

physiological signals (amenable to easy measurement) from such devices to enable ubiquitous 

(a.k.a. cuff-less) BP monitoring. Two alternative cuff-less BP monitoring techniques have been 

the focus of such studies: pulse transit time (PTT) and pulse wave analysis (PWA).  

1. PTT-based approach to BP monitoring 

PTT is the time required for an arterial pulse wave to travel between two different sites in the 

arterial tree, e.g., between a central artery and a peripheral artery. PTT can be simply measured by 

the time difference between proximal and distal arterial waveforms. PTT is famously known to 

have an inverse relationship with BP. This well-known physical relationship between BP and PTT 

is the basis of PTT-based BP monitoring. [7].  
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Fig.  2-10: PTT provides a basis for cuff-less BP monitoring. (a) PTT is the time delay for the pressure wave to 

travel between two arterial sites and can be estimated from the relative timing between proximal and distal arterial 

waveforms. (b) PTT is often inversely related to BP. [7] 

Most PTT-based techniques for cuff-less BP monitoring employed pulse arrival time (PAT: the 

time interval between the R-peak in the electrocardiogram (ECG) signal and a fiducial point in the 

photoplethysmogram (PPG)). In addition, some studies use impedance cardiography (ICG), 

ballistocardiogram (BCG), and seismocardiogram (SCG) to determine the PTT through cardiac 

mechanical vibrations [14].   

2. PWA-based approach to BP monitoring 

PWA approach exploits fiducial points in an arterial pulse wave to construct predictors of BP, 

often leveraging the state-of-the-art machine learning techniques [14]. In the existing body of 

work, PPG [70]–[72] and BCG [20], [73] as well as piezoelectric tonometry [74] have been 

explored primarily due to the amenity to easy instrumentation based on the wearables (e.g., a 

wristband). 

3. PTT-PWA fusion approach to BP monitoring 
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More recently, there is an increasing interest in PTT-PWA fusion for ubiquitous BP monitoring. 

In general, it is natural to exploit PTT-PWA by capitalizing on the fiducial points in the arterial 

pulse waves already measured to compute PTT. In addition, noting that PTT computed using 

diastolic fiducial points may strictly correspond to only diastolic BP (DP) whereas PAT (which 

includes the pre-ejection period (PEP)) may better correspond to systolic BP (SP) than DP [75], 

PTT-PWA has the potential to enable independent tracking of DP and SP [76]. Prior work has 

reported the fusion of impedance plethysmography (IPG) PPG PTT and IPG PWA [77], IPG PTT 

and IPG PWA [78], [79], PAT and PPG PWA [80]–[83], BCG-PPG PTT and BCG PWA [84], 

BCG PTT-PWA [85], and PAT and PAT variability [86]. In particular, our team’s prior work on 

PTT- PWA fusion based on the wearable BCG demonstrated the potential of BCG-based PTT-

PWA fusion to achieve performance superior to PTT or PWA alone. Therefore, motivating its 

extension to whole-body BCG-based techniques for ubiquitous BP monitoring. 
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Chapter 3: Exponentially Tapered Vs. Uniform Tube Load Model 

3.1. Introduction 

Tube-load (TL) model has the potential to serve as an effective physics-based model of the arterial 

hemodynamics based on the following reasons: (i) it is characterized by a small number of 

parameters as opposed to the frequency response model, thus facilitating individualization with 

small amount of data; and (ii) all its parameters are equipped with physiological implications, thus 

facilitating the assessment of patient-specific CV health based on the individualized TL model 

parameters in conjunction with the BP waveform data. In fact, when combined with techniques for 

estimating subject-specific TL model parameters, the TL model is very useful in estimating and 

monitoring arterial hemodynamic indices[23]. The most well-known TL model is the uniform 

lossless TL model[23], in which an artery of interest is modeled as a uniform lossless tube (or 

transmission line) terminated with a load that is in general frequency dependent. In conjunction 

with the advances in novel techniques for estimating subject-specific parameters therein (e.g., (i) 

by fitting the TL model to diametric (such as arm and leg) BP waveforms and exploiting the fact 

that both the diametric BP waveforms originate from the unknown yet common central BP [43], 

[44], or (ii) by fitting it to a distal BP waveform with physiologically relevant constraints that 

central blood flow is zero during diastole and/or central BP is smoother than distal BP [45]–[47]), 

the uniform lossless TL model is effective and robust in providing valuable insights related to the 

CV hemodynamics[48]–[56].1 

 

1 This work has been published in [99]. 
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Despite its success thus far, the simplicity of the uniform lossless TL model motivates 

investigations for its potential improvement by incorporating more realistic components. In 

particular, arteries exhibit tapering, bifurcations, and BP loss. Previous studies have investigated 

the TL models equipped with bifurcations and pressure loss to demonstrate that such an extension 

of the uniform lossless TL model may lead to small but statistically significant improvement in its 

goodness of fit. Along this path, the goal of this study was to investigate if there is any benefit in 

incorporating the geometric tapering into the TL model. To achieve this goal, this study 

comparatively investigated the tapered versus uniform TL models as a mathematical representation 

for BP wave propagation in human aorta. The relationship between the aortic inlet and outlet BP 

waves was formulated based on the exponentially tapered and uniform TL models. Then, the 

validity of the two TL models was comparatively investigated by fitting them to the experimental 

aortic and femoral BP waveform signals collected from 13 coronary artery bypass graft surgery 

patients. 

This chapter is organized as follows. Experimental data, the TL models, and the data analysis 

details are given in section 3.2. Section 3.3 presents key results, which are interpreted and 

discussed in Section 3.4. Section 3.5 provides conclusions derived from this study. 

3.2. Methods 

3.2.1 Experimental Data 

The experimental data collected in our prior work[56], [87] were used. In brief, invasive central 

aortic and femoral BP data were collected from 13 patients undergoing coronary artery bypass 

graft with cardiopulmonary bypass. Inclusion criteria were: (i) ages 18-80 years, inclusive, and (ii) 
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scheduled for coronary artery bypass graft procedure with cardiopulmonary bypass. Exclusion 

criteria were: (i) scheduled for heart surgery other than coronary artery bypass graft which can 

incur distortion of central aortic BP waveform (e.g., aortic valve repair, etc.), (ii) female of 

childbearing potential, (iii) emergency surgery, and (iv) body mass index greater than 35. The 

study was carried out following the recommendations of the University of Alberta Health Research 

Ethics Board with written informed consent from all subjects. All subjects gave written informed 

consent in accordance with the Declaration of Helsinki. The protocol was approved by the 

University of Alberta Health Research Ethics Board (ID Pro00021889). 

Data used in this work were collected right before or after the cardiopulmonary bypass. Following 

the induction of anesthesia and before the cardiopulmonary bypass, a catheter was inserted into 

the femoral artery. Then, a cannula was inserted into the ascending aorta by a surgeon immediately 

before or after the cardiopulmonary bypass. Then, ascending aortic and femoral arterial BP 

waveforms were recorded at a sampling rate of 1 kHz for up to 2 min. 

3.2.2 Tube-Load Models 

In this study, a variant of the exponentially tapered TL model of the aorta developed by Fogliardi 

et al. [88] and a uniform TL model were investigated (Fig.  3-1).The tapered TL model relates the 

aortic inlet (!(#$, 0)) and outlet (!(#$, ()) pressures by way of the following transfer function: 

!(#$, ()
!(#$, 0)

= *(#$|,!, ,", ,#)

=
2,#Δ/0

$%&'$(!" )

,# 1Δ/ +
,!
2 3 + #$,"0

(! + 4,# 1Δ/ −
,!
2 3 − #$,"0

(!6 0$"&'
 

(3-1) 
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where ,! = 7(, ," = 8 = (9:*;*, ,# =
+"
,#$

, and Δ/ = Δ/(,!, ,") = <1(!
"
3
"
+ (#$,")". The 

parameters are equipped with the following physical meanings: (i) 7 denotes the rate of tube 

tapering; (ii) ( denotes the tube length; (iii) 8  denotes the pulse transit time (PTT), time taken for 

the BP wave to travel from the inlet to the outlet of the aorta[75]; (iv) :* and ;* denote the inertance 

and compliance per unit length at the tube inlet; and (v) =- and >.* denote the terminal load 

resistance and tube characteristic impedance, respectively. The uniform TL model is derived as a 

simplified case of the tapered TL model when 7 = 0 (meaning that there is no tapering). Given 

that ,! = 0 and Δ/ = #$8 when 7 = 0, Eq. (3-1) reduces to the following: 

!(#$, ()
!(#$, 0)

= *(#$|,! = 0, ,", ,#) =
2,#

(,# + 1)0/0(% + (,# − 1)0$/0(%
 (3-2) 

It is noted that ,! implies the absolute extent of tapering between the tube inlet and outlet cross-

sectional radii: 1(3)
1(*)

= 0$
&!
% . In addition, the reflection constant at the tube-load interface is given 

by Γ = ('$!
('5!

. 
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Fig.  3-1: Exponentially tapered (a) versus uniform (b) tube-load (TL) models.  Exponentially tapered TL model is 

characterized by 3 parameters: !( = #$, !) = % = $√((*	**	), !+ = ,,/.-* , where q denotes the rate of tube 

tapering; L denotes the tube length; τ  denotes the pulse transit time (PTT); (* and ** denote the inertance and 

compliance per unit length at the tube inlet; and ,, and .-* denote the terminal load resistance and tube 

characteristic impedance, respectively.  Uniform TL model is derived as a special case of exponentially tapered TL 

model when # = 0 and is thus characterized by 2 parameters !) and !+. 

3.2.3 Data Analysis 

The validity of the tapered and uniform TL models was investigated and compared by fitting the 

models to the ascending aortic and femoral arterial BP waveforms associated with each subject on 

an individual basis. Details follow. 

In each subject, a 15 beat-long pair of ascending aortic and femoral arterial BP waveforms were 

extracted from the recorded data and then down-sampled at 100 Hz. The first 10 beat-long data 

(called the training data) were used for model fitting, while the remaining 5 beat-long data (called 

the testing data) were used for assessing the validity of the models thus fitted. In this way, the TL 

models could be tested in the same CV state as when they were trained using the data not presented 

in the training process. For the sake of model fitting, the following optimization problem was 
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solved using MATLAB and its Optimization Toolbox to derive the optimal parameter estimates 

,∗ associated with each subject from the training data: 

,∗ = arg min
(∈8&

G!(H, () − !I(H, (|,)G (3-3) 

where !(H, () is the aortic outlet BP (i.e., the femoral arterial BP) at time H, and !I(H, (|,) is the 

aortic outlet BP at time H predicted by the (tapered or uniform) TL model equipped with the 

parameters , = {,!, ,", ,#}, when the aortic inlet BP (i.e., the ascending aortic BP) data were 

inputted. The domain Ω( was defined as Ω( = {,|,! > 0, ," > 0, ,# > 0} based on the physical 

meanings of the TL model parameters. The model-predicted aortic outlet BP !I(H, (|,) was 

computed as follows. Given the set of TL model parameters , at each iteration of optimization, 

the aortic inlet BP signal !(H, 0) in the time domain was transformed via the fast Fourier transform 

(FFT) to yield the frequency-domain signal !(#$, 0). Then, the frequency-domain aortic outlet BP 

signal !I(#$, (|,) was computed as follows: 

!I(#$, (|,) = *(#$|,!, ,", ,#)!(#$, 0) (3-4) 

Finally, !I(#$, (|,) was transformed via the inverse FFT to yield the time-domain signal !I(H, (|,). 

It is well known that PTT is the most critical high-sensitivity parameter in the uniform TL model 

[56], [89]. Our parametric sensitivity analysis of the tapered tube-load model indicated that PTT 

is likewise the most critical high-sensitivity parameter in the tapered TL model. Hence, the TL 

model fitting problem in (3) was solved by (i) sweeping ," over a physiologically plausible range 

while (ii) ,! and ,# were determined for each value of ,". In deriving the optimal ,! and ,# 
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associated with each ,", multiple (85) initial guesses were employed to ensure that the solution 

obtained from the optimization problem corresponds to (or at least is very close to) global 

minimum. For each , associated with each of the ," values examined, the cost function in Eq. 

(3-3) was evaluated. Then, , associated with the minimum cost function value was determined as 

,∗. In this way, the integrity and accuracy of the estimated TL model parameters was maximized. 

The validity of the TL models was then assessed using both testing and training data. The testing 

data were employed to assess (i) the goodness of fit including the root-mean-squared error (RMSE) 

and correlation coefficient (r value) between the measured aortic outlet BP waveform versus 

model-predicted aortic outlet BP waveform derived from the aortic inlet BP waveform as well as 

(ii) the accuracy-complexity trade-off via the Akaike Information Criterion (AIC), and also (iii) 

the goodness of fit including the root-mean-squared error (RMSE) and correlation coefficient (r 

value) between the measured aortic inlet BP waveform versus model-predicted aortic inlet BP 

waveform derived from the aortic outlet BP waveform (to assess the ability of the two TL models 

as the basis for estimating central from distal BP). The AIC was computed as follows: 

AIC = Q ln
1
Q
S T!(H, 0) − !I(H, 0|,∗)U

"9

:;!
+ 2V +

2V(V + 1)
Q − V − 1

 (3-5) 

where Q is the size of the testing data and V is the number of model parameters. The first term 

rewards the goodness of fit, while the second term penalizes the complexity. The third term is 

intended to compensate for the limited size of the testing data[90]. These metrics were first 

computed for both the tapered and uniform TL models on the subject-by-subject basis and then 

were aggregated across all subjects for comparison. For the RMSE and r value, mean and standard 

deviation (SD) were computed. The statistical significance in the difference in these metrics was 
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determined using the Wilcoxon signed-rank test with the Holm-Bonferroni correction for multiple 

comparisons. For the AIC, the tapered versus uniform TL models were compared in terms of the 

number of subjects in which the AIC metric was smaller (note that smaller AIC implies superior 

accuracy-complexity trade-off). The training data were employed to assess (i) the frequency 

response of the two TL models in comparison to the data-based non-parametric frequency response 

in individual subjects as well as (ii) the physiological relevance of PTT values associated with the 

two TL models in comparison to the PTT derived directly from the aortic inlet and outlet BP 

waveforms using the intersecting tangent method [91].  

3.3. Results 

Table 3-1  summarizes the validity metrics of the tapered versus uniform TL models, including the 

RMSE, correlation coefficient (r value), and the number of preferred TL model (tapered versus 

uniform) in terms of the AIC values. Fig.  3-2 shows representative aortic outlet (femoral) BP 

waveforms derived from the two TL models associated with (a) ,! = 7( ≅ 0 and (b) ,! = 7( =

0.6 when aortic inlet (central aortic) BP waveform was inputted. Fig. 3 shows representative 

frequency responses of the two TL models associated with (a) ,! = 7( ≅ 0 and (b) ,! = 7( =

0.6 in comparison with the non-parametric frequency response derived directly from the aortic 

inlet and outlet BP waveforms. Table 3-2 summarizes the parameter values estimated for the two 

TL models. Fig.  3-4 compares the individual-specific PTT and reflection constant values between 

the two TL models. Fig.  3-5 shows the individual-specific PTT values associated with the two TL 

models in comparison to the PTT values derived directly from the aortic inlet and outlet BP 

waveforms. 
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Table 3-1: The validity metrics of the tapered versus uniform TL models, including the root-mean-squared error 

(RMSE), correlation coefficient (r value), and the number of TL models associated with the smallest Akaike 

Information Criterion (AIC) values. 

 

RMSE [mmHg] Correlation Coefficient AIC 

Outlet BP Inlet BP Outlet BP Inlet BP Outlet BP 

Tapered TL 3.3+/-1.1 2.5+/-1.1 0.98+/-0.02 0.98+/-0.01 6 

Tapered TL (1.7≤q≤3) 3.9+/-1.1* 2.8+/-1.1* 0.97+/-0.02*† 0.98+/-0.01* 0 

Uniform TL 3.4+/-1.1 2.8+/-1.0* 0.98+/-0.01 0.98+/-0.01* 7 

*: Significantly different from tapered TL (p<0.05 with Holm-Bonferroni correction). †: 

Significantly different from uniform TL (p<0.05 with Holm-Bonferroni correction). 

Table 3-2: Parameter values estimated for the two TL models. 

 PTT (8) [ms] Reflection Constant (Γ) Tapering Constant (7() 

Tapered TL 78+/-16† 0.55+/-0.19*† 0.6+/-0.7*† 

Tapered TL (1.7≤q≤3) 84+/-02† 0.73+/-0.09*† 1.7+/-0.1*† 

Uniform TL 70+/-13* 0.43+/-0.15*† 0* 

*: Significantly different from tapered TL (p<0.05 with Holm-Bonferroni correction). †: 

Significantly different from uniform TL (p<0.05 with Holm-Bonferroni correction). 
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Fig.  3-2: Representative central aortic blood pressure (BP) waveforms derived from tapered versus uniform tube-

load (TL) models when ascending aortic BP waveform was inputted. (a) Uniform TL model was preferred in terms 

of AIC (qL≅0). (b) Tapered TL model was preferred in terms of AIC (#$ = 0.6). 
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Fig.  3-3: Representative frequency responses of the two tube-load (TL) models in comparison with the non-

parametric frequency response derived directly from the aortic inlet and outlet blood pressure (BP) waveforms.  (a) 

Uniform TL model was preferred in terms of AIC (#$ ≅ 0). (b) Tapered TL model was preferred in terms of AIC 

(#$ = 0.6). 

 



40 

 

 

Fig.  3-4: Comparison of individual-specific pulse transit time (PTT), reflection constant (Γ) and radius ratio (qL) 

values associated with tapered versus uniform tube-load (TL) models. 

 

 

Fig.  3-5: Individual-specific pulse transit time (PTT) values associated with the two tube-load (TL) models in 

comparison to the PTT values derived directly from the aortic inlet and outlet blood pressure (BP) waveforms. 
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3.4. Discussion 

The uniform TL model has the potential to enable patient-specific assessment of CV health with 

its minimal number of physiologically interpretable model parameters that may be individualized 

using a small amount of data. Despite its demonstrated success in CV health and disease 

monitoring applications, opportunities exist for its potential improvement by incorporating 

realistic components. In this study, the effect of adding an exponential tapering to the TL model 

as an approximation for aortic geometric tapering on its predictive performance and physiological 

relevance was investigated. 

The exponentially tapered and uniform TL models exhibited comparable goodness of fit for the 

aortic outlet BP whose differences were not statistically significant, both in terms of RMSE and 

correlation coefficient (Table 3-1 and Fig.  3-2). The two TL models also exhibited frequency 

responses comparable to the non-parametric frequency response derived from the aortic and 

femoral BP waveforms in most patients (Fig.  3-3; note that the non-parametric frequency response 

may not be meaningful beyond ~30 rad/s considering that the energy associated with the arterial 

BP waveform is concentrated in the heart rate and its 3~4 harmonics and that the heart rate of the 

subject is ~1 Hz (Fig.  3-2)). As a consequence, the uniform TL model was superior to the 

exponentially tapered TL model in terms of AIC by virtue of its smaller number of requisite 

parameters (uniform: 2; tapered: 3): the former was preferred to the latter in 7 out of 13 subjects 

(Table 3-1). Although the number of subjects in which the uniform TL model was preferred to its 

tapered counterpart was not dominant, the difference in the goodness of fit between the two TL 

models was small even in the remaining 6 subjects in which the tapered TL model was preferred 

to its uniform counterpart (<3 % on the average in terms of RMSE; see Fig.  3-2(a) and Fig.  
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3-2(b)). Further, the frequency responses were quite comparable in the 6 subjects in which the 

tapered TL model was preferred to its uniform counterpart (see Fig.  3-3(a) and Fig.  3-3(b)). On 

the other hand, there was a notable difference between the two TL models in only 2 subjects. 

Hence, it may be argued that the uniform TL model is a viable model to represent the BP wave 

propagation in the aorta and that the benefit of using the exponentially tapered TL model may not 

be large. As an additional note, the goodness of fit for the aortic inlet BP associated with the same 

TL models showed that the tapered TL model was significantly superior to its uniform counterpart 

both in terms of RMSE and correlation coefficient. Yet, the absolute amount of difference was 

only marginal. 

The comparable goodness of fit between the exponentially tapered and uniform TL models was 

supported by the values of the tapering constant (,! = 7() estimated for the exponentially tapered 

TL model: it was estimated to be 0.6 on the average, which corresponds to the aortic inlet-outlet 

radius ratio of 1.5. In addition, its value exhibited a large degree of inter-individual variability 

(1.17 in terms of the coefficient of variation). Interestingly, the tapering constant was very close 

to zero (corresponding to zero tapering and aortic inlet-outlet radius ratio of 1) in 6 out of the 13 

subjects investigated in this study (including the subject shown in Fig.  3-2(a)), while in no subjects 

its value was large enough to be compatible with the anatomically plausible typical value 

associated with the femoral artery (~2.5, which corresponds to the aortic inlet-outlet radius ratio 

of ~3.5[92]–[94]). Despite its relatively small value, the aortic tapering also impacted the 

remaining parameters in the TL model. In particular, the PTT values derived from the fitting 

associated with the uniform TL model were comparable to the PTT measured directly from the 

aortic inlet and outlet BP waveforms (72+/-12 [ms]), whereas the PTT values derived from the 
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fitting associated with the tapered TL model were significantly different from the PTT measured 

directly from the data ( Table 3-2 and Fig.  3-4, Fig.  3-5). In fact, the tapered TL model exhibited 

a tendency of overestimating the PTT relative to the direct PTT measurements across all subjects 

(Fig.  3-5). In addition, the tapered TL model had significantly larger reflection constants than the 

uniform TL model (Table 3-2). These trends can be explained by analyzing the parametric 

sensitivity of the frequency response associated with the tapered TL model (especially, the 

amplitude (MG) and location (FG) of its first peak, which may be the most practically critical peak 

considering the limited frequency contents of the aortic BP signals [43]; Fig.  3-6). First, an 

increase in the tapering constant decreases the amplitude MG of the first peak in the frequency 

response while increasing its frequency coordinate FG (Fig.  3-6 (a)). Second, an increase in the 

PTT in the tapered TL model decreases FG (Fig.  3-6 (b)). Third, an increase in the reflection 

constant in the tapered TL model increases MG while decreasing FG (Fig.  3-6 (c)). Putting them 

all together, the presence of aortic tapering in the tapered TL model is compensated for by the 

larger PTT and reflection constant relative to the uniform TL model (i.e., tapered TL model with 

zero aortic tapering), in such a way that the amplitude (MG) and location (FG) of the first peak in 

the frequency response associated with the two TL model remain the same as dictated by the data 

to be fitted. 
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Fig.  3-6: Parametric sensitivity of the frequency response associated with the tapered tube-load (TL) model. (a) An 

increase in the tapering constant (qL) decreases the amplitude MG of the first peak in the frequency response while 

increasing its frequency coordinate FG. Green dashed line: frequency response of uniform TL model. Blue dotted 

line: frequency response of tapered TL model (qL>0) with pulse transit time (PTT) and reflection constant (Γ) 

identical to uniform TL model. (b) An increase in the PTT in the tapered TL model decreases FG. Red solid line: 

frequency response of tapered TL model in (a) with larger PTT. (c) An increase in the reflection constant in the 

tapered TL model increases MG while decreasing FG. Black solid line: frequency response of tapered TL model in 

(a) with larger reflection constant.   

When the tapering constant was constrained in solving the model fitting problem in Eq. (3-3) to 

restrict the aortic inlet-outlet radius ratio in the vicinity of its anatomically plausible value 

(1.7~3.0), the exponentially tapered TL model underperformed the uniform TL model both in 

terms of RMSE and correlation coefficient (Table 3-1). Interestingly, the tapering constant was 

estimated to be its lower bound in most subjects (11 out of 13), which suggests that the 

exponentially tapered TL model tends to somehow minimize the degree of aortic tapering in order 

to maximize its goodness of fit. In addition, perhaps due to the restrictions imposed on the tapering 

constant, the values of PTT and reflection constant were significantly different from those 

associated with the uniform TL model (Table 3-2). It is noted that both PTT and reflection constant 

were significantly over-estimated relative to the uniform TL model, consistently with the insight 

obtained from the parametric sensitivity analysis in Fig.  3-6. 
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On the one hand, the results all in all suggest that exponential aortic tapering may not be 

physiologically relevant for at least two reasons. First, the TL model with exponential tapering 

tends to fall back to the uniform TL model as it is fitted to the experimental data. Second, the TL 

model with exponential aortic tapering exhibited poor predictive accuracy than the uniform TL 

model if anatomically plausible aortic tapering was enforced. In fact, this finding may be 

corroborated by a prior study, which showed that the tapered TL model did not exhibit superiority 

to its uniform counterpart in representing the aortic impedance[95]. On the other hand, the results 

may not be simply interpreted as there being no value in incorporating the aortic tapering into TL 

models in general. In fact, available anatomical data on the aortic radius with respect to the distance 

from the heart [92]–[94] could be fitted reasonably well with an exponential function (r>0.97; Fig.  

3-7). In addition, aortic tapering is known to be associated with continuous wave reflection[96] as 

well as the distribution of atherosclerosis[97]. One plausible explanation for the limited benefit of 

incorporating aortic tapering in the TL model is that the aortic tapering estimated for the tapered 

TL model considered in this work includes the influence of aortic branching, which was not 

explicitly modeled in this work but is known to offset the aortic tapering to yield impedance 

matching in the forward direction[98]. In particular, considering that femoral BP was used as aortic 

outlet BP in this work and also that aortic branching rather than geometric tapering may be the 

primary factor responsible for the reduction of arterial diameter beyond the abdominal aorta, it 

may not be trivial to interpret the tapering constant estimated in this work. In this regard, it may 

be worth investigating how to appropriately incorporate both the aortic tapering and branching in 

order to enhance the TL models in terms of both goodness of fit and physiological relevance. 
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Fig.  3-7: Typical anatomical aortic diameter data with respect to the distance from aortic inlet (black circles) and 

its exponential (blue solid line) and linear (red dashed line) fits. The anatomical data are from a prior work [94]. 

3.5. Summary 

The results of this chapter suggest that the uniform TL model may be more robust and thus 

preferred as the representation for BP wave propagation in the human aorta relative to the 

exponentially tapered TL model. In comparison with the uniform TL model, the exponentially 

tapered TL model may not provide valid physiological insight on the aortic tapering, and the 

improvement in the goodness of fit offered by the exponential aortic tapering may only be 

marginal. Considering that exponential aortic tapering is relevant from a physiological standpoint, 

future work on more rigorous investigation and refinement of exponentially tapered TL model will 

be rewarding. 
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Chapter 4: BCG Model 

4.1. Introduction 

The current understanding of the BCG waves is mostly limited to brute force data-driven analysis 

of the BCG waveform. There have been a few theoretical studies to explain the mechanism 

underlying the BCG waveform with limited success. While a few mathematical models of the BCG 

phenomenon have been proposed they either were not able to reproduce the primary BCG 

waveforms [15], [16] or were far too complex to give useful mechanistic insights [8], [17].  

Recently, Kim et. al. mathematically modeled the BCG as the difference of pressure gradients in 

the ascending and descending aorta [22] and could reproduce the major waves in the whole-body 

BCG waveform. Kim’s model, although insightful in that it shed light on the relationship between 

BCG and aortic BP waves, is not practically useful for the measurement of CV risk predictors 

based on BCG. The reason is that this model only elucidates how the BCG is constructed from the 

three BP waves, but the three BCG waves cannot be estimated from the BCG using this model. 

So, since many CV risk predictors can be derived from blood pressure pulse, the ultimate goal is 

to develop a model that can get a single conveniently measured BCG waveform and produce a 

blood pressure waveform. The first step in addressing this challenge is to relate one BP wave and 

one BCG waveform together. Hence, the goal of this chapter is to find a closed-form mathematical 

model that estimates BCG from only one BP waveform. Such a model enables us to investigate 

the effect of various CV risk predictors and parameters on the BCG.  

To realize the goal of this chapter, first leveraging the uniform tube load model in chapter 3, a 

model is built that relates BP waves at different locations of the aorta (the major artery in the 
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human body). Then this model is integrated with the BCG mechanism model in [22] to result in a 

closed-form BCG model that gets a single BP waveform as the input and produces a BCG 

waveform as the output. Fig.  4-1  shows the block diagram of the closed-form BCG model. In 

addition, to validate this model, the simulated BCG waveform from a typical BP waveform is 

compared with multiple typical BCG recordings reported in the literature in terms of shape and its 

capability to reproduce major BCG fiducial points. 

 

Fig.  4-1: The closed-form mathematical model to predict the BCG waveform from a single BP waveform 

 

4.2. Closed-Form Mathematical Model of BCG and BP 

A closed-form mathematical model to predict the BCG waveform from a single BP wave was 

conceived. The model was generated by the integration of the following two models: 

1. A mechanistic model of the BCG force generation that estimates BCG force from three arterial 

BP waveforms 

2. A transmission line (TL) model to mathematically associate the three BP waveforms at different 

arterial cites together 
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4.2.1 BCG Mechanism Model 

The BCG mechanism model was adopted from our team’s prior work [22]. In this work, the BCG 

waveform was modeled as an instantaneous force in the head-to-foot direction by analyzing the 

equilibrium of forces exerted on the blood in the main artery of the body (i.e., aorta). A simple 

model was resulted which suggested that the BCG is mostly due to the pressure gradients in the 

ascending and descending aorta. This model estimated the BCG from three aortic BP waveforms 

according to Eq. (4-1):  

Z<=>(H) = [?#!1(H)−!2(H)$−[B(!0(H)−!1(H)) (4-1) 

Where, ZDEF(H) is the BCG as the inertial force of the circulating blood, [? and [B are the 

descending and ascending aortic cross-sectional areas, !*(H), !!(H), and !"(H) are the aortic inlet, 

aortic arch, and the descending aortic BP waves [22]. Eq. (4-1) suggests that finding the BP waves 

from the BCG waveform is plausible.  

4.2.2 Tube-Load Model 

To find a closed-form relation between the BP wave and BCG wave we need to find transfer 

functions that mathematically associate !*(H), !!(H), and !"(H) together. To this end, we propose 

to find two transfer functions, \"!(]) and \*!(]) which are defined as: ([!"] = \"*(])([!*] and 

([!!] = \!*(])([!*]. Here, ([. ] is the Laplace transform. To find these two transfer functions the 

transmission line model of [99] is used to mathematically associate the BP at the inlet of a large 

artery to the BP wave at the outlet. To this end, the aorta is estimated as a uniform lossless tube 

with a type I load as shown in Fig.  4-2.  
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Fig.  4-2: Arterial tube load model with type I load [23] 

In this model, d is the tube length, 	`	is	the	blood	density,	A	is	the	tube	cross-sectional	area,	a′	

is	the	tube	compliance	per	unit	length,	PTT	is	pulse	transit	time	associated	with	the	tube,	>. 	

is	the	characteristic	impedance,	!G	and	!H	are	the	pressure	pulse	waves	at	the	inlet	and	the	

outlet	of	the	tube	respectively,	C	is	the	load	compliance,	and	R	is	the	load	resistance.		

The	arterial	characteristic	impedance,	>. ,	can	be	found	using	the	following	equation	

%!(&'() = *
+

'(&'(),"(&'() (4-2) 

As seen by Eq. (4-2), >., A, and a′ are all functions of mean arterial pressure (MAP). Therefore, 

if the values of cross-sectional area and unit length tube compliance are known for a specific MAP, 

then >. can be calculated. 

Pulse transit time (PTT or T) which is the time that it takes for the arterial pulse wave to travel 

from the inlet of the tube to the outlet of the tube can be defined as below  



51 

 

- = . × *+ × ,
"(&'()

'(&'()  (4-3) 

For any load, the reflection coefficient at the load is given by the following relation [23]. 

c(#$) =
>3(#$) − >.
%#(0$) + %$

 (4-4) 

Where, >3 is the load impedance and can be shown as below for the special case of type I load 

shown in Fig.  4-2. 

>3(#$) = >. +
=

1 + #$=a (4-5) 

Simplifying for the type I load in the current model the reflection coefficient becomes as  

c(#$) =
=

= + 2>. + 2#$>.=a
 (4-6) 

The transfer function relating the central aortic pressure (!G) waveform to a peripheral arterial 

pressure (!H) waveform in the general case, is given as follows [23]: 

!I =
1+ c(#$)

0JKL + c(#$)0−JKL
!B (4-7) 

Substituting Eq. (4-6) for reflection coefficient into Eq. (4-7), the following relationship is 

obtained: 
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!I =
1+ c(#$)

0JKL + c(#$)0−JKL !B =
1+ =

=+ 2>N + 2#$>N=a

0JKL + 0−JKL =
=+ 2>N + 2#$>N=a

!B	

=
2= + 2>. + 2#$>.=a

(= + 2>. + 2#$>.=a)0/0O + =0$/0O
!G	

=

1
>.a

+ 1
=a + #$

1 1
2>.a

+ 1
=a + #$3 0

/0O + 1
2a>E

0$/0O
!G 

(4-8) 

Therefore, setting ] = #$, the transfer function, \HG(]), which describes the transformation 

relating !G to !H is defined as below.  

\HG(]) =
!H(])
!G(])

=

1
>.a

+ 1
=a + ]

1 1
2>.a

+ 1
=a + ]3 0

PO + 1
2a>E

0$PO
 (4-9) 

Now looking at the special case at hand, the aorta associated with the BCG model, can be 

represented as two tubes in series with each other where they are also in series with a lumped 

model that represents the load at the end of the aorta. Fig.  4-3 shows the diagram of this model.  
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Fig.  4-3: Tube-load representation of the aorta. (a) shows a schematic of the aorta and its component as lumped 

blocks (b) Shows the block diagram of mathematical components of the aorta and its peripheral load as well as 

representative BP waves at the aortic inlet (P0), aortic arch (P1), and aortic outlet (P2) 

To find the transfer function for the ascending aorta, \!*(]), some simplifying and physiologically 

plausible assumptions are considered. In the model of \!*(]), the tube is short and therefore the 

change in BP shape from the inlet to the outlet of the tube is very small. Consequently, the transfer 

function \!*(]) that shows the transformation between !* and !! can be written as:  

\!*(]) =
!!(])
!*(])

= 0$Q.P (4-10) 

which shows !!	is found by lagging the aortic inlet pressure (!*) by a pulse transit time, 8G. 8G	is 

the time associated with the duration it takes the BP pressure wave to reach the aortic arch from 

the aortic inlet.  

In addition, to find \"*(]), the exact model in Fig.  4-2 is used. In this model, the portion of the 

aorta from the aortic inlet to the outlet of the artery at the femoral site is shown with the tube and 

(a) (b) 
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the rest of the arterial tree after that comprises the load that is shown with three lumped elements. 

Therefore, substituting !* and !" and e = 8R in Eq. (4-9), the relationship for \"* which is the 

transfer function relating !* to !" can be written as  

\"*(]) =
!"(])
!*(])

=

1
>.a

+ 1
=a + ]

1 1
2>.a

+ 1
=a + ]3 0

PQ/ + 1
2a>E

0$PQ/
 (4-11) 

Here, 8R is the pulse transit time associated with the descending portion of the aorta. 

4.2.3 The Transfer Function of the Closed-Form BCG Model  

Having the transfer functions \!*(]) and \"*(]), Eq. (4-1) is transformed to the following 

mathematical model for estimating the BCG in the Laplace domain: 

ZDEF(]) = [Rf!!(]) − !"(])g − [Gf!*(]) − !!(])g

= [Rf\!*!*(]) − \"*!*(])g − [Gf!*(]) − \!*(])!*(])g

= 1[Rf\!*(]) − \"*(])g − [Gf1 − \!*(])g3 !*(])

=

⎝

⎜
⎛
[R k0$Q.P −

1
>.a

+ 1
=a + ]

1 1
2>.a

+ 1
=a + ]3 0

PQ/ + 1
2a>E

0$PQ/
l

− [G(1 − 0$Q.P)

⎠

⎟
⎞
!*(]) = *(])!*(]) 

(4-12) 
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Where, 3(4) is the closed-form transfer function relating !* to BCG wave. This mathematical 

relation has 6 unknowns, [G, [R, 8G, 8R, >.a, =a and their nominal values can be obtained from 

the experimental data reported in the literature.  

4.2.4 Model-Based Estimation of the BCG Wave 

To simulate BCG using this model, first, a representative BP waveform was generated based on 

the physiological knowledge of the cardiovascular system provided in the literature. The typical 

BP waveform was fed into the closed-form BCG model represented by Eq. (4-12). Nominal values 

for the parameters of the model were chosen based on the information from the literature. A 

representative BCG waveform was computed in the end as a result of plugging in the representative 

BP wave into the nominal closed-form BCG model. Fig.  4-4 shows the representative BP wave at 

the inlet of the aorta, as well as the intermediate BP waves computed in the model, at the aortic 

arch and outlet of the aorta.  

 

Fig.  4-4: A representative BCG waveform computed by the mathematical model with nominal parameters. The 

major BCG waves (i.e., I, J, K, L, M, N waves) are shown as red dots on the BCG waveform. 
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In addition, the figure shows the simulated pressure gradients in the ascending and the descending 

parts of the aorta, the major artery in the body, which are the main reason for the generation of 

BCG according to the BCG mechanism model. Moreover, the figure also, shows the model 

estimated BCG waveform. 

4.3. Closed-Form Model Validation  

The validity of the model with respect to the experimental data was assessed in the following way: 

the ability of the model to reproduce the major BCG waves was investigated. To this end, the 

experimental BCG waves reported in the literature were collected from 6 papers, [100]–[105], and 

normalized with respect to the amplitude of their J wave. Then, the major BCG waves in the 

waveforms from the literature were averaged and +/-2SD confidence interval regions were 

computed for each of the major BCG waves. Then the morphology of the J peak-normalized BCG 

waveform estimated from the model with nominal parameter values was compared with the 

average BCG waveform from the literature. The close morphological similarity of the BCG 

waveform to in vivo experimental BCG measurements in the literature (Fig.  4-5) supports the 

validity of the mathematical model. 
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Fig.  4-5: Examples of in vivo experimental BCG measurements in the literature. 

4.4. Conclusion 

In this chapter, a closed-form mathematical model was developed that could predict the BCG 

waveform from a single arterial BP waveform. The model can be defined using 6 model parameters 

that are physiologically interpretable. A representative BP waveform along with nominal values 

for model parameters were inputted to the model and a BCG waveform was predicted as the output. 

The simulated BCG waveform showed close similarity with six BCG waveform recordings from 

the literature that supports the validity of the model. 

  



58 

 

Chapter 5: Application of the Closed-Form BCG Model in 

Unobtrusive Cardiovascular Parameter Monitoring 

5.1. Introcution 

Ballistocardiogram (BCG) has the potential to realize unobtrusive cardiovascular (CV) parameter 

monitoring. Studies have shown that characteristic features extracted from BCG can be convenient 

and effective surrogates of CV parameters such as arterial blood pressure [85], [106], pulse transit 

time (PTT) and pulse wave velocity [85], [106], [107], and cardiac output (CO) [18][108].  

Despite reasonable success, most of the prior studies on BCG-based CV health monitoring face a 

common challenge. In the absence of physiological knowledge of BCG, most studies resort to ad-

hoc data-driven approaches in which they investigate the association between a set of subjectively 

selected BCG features to the target CV parameters [18], [19], [21], [109], [110]. Therefore, the 

features thus selected may only pertain to the specific data under study and may not generalize to 

other data.  

To overcome this challenge, in this chapter a systematic approach to BCG feature selection for CV 

parameter monitoring was developed based on the closed-form BCG model. Hence, the results of 

the model-based analysis do not depend on a specific data set which is the key advantage of this 

approach.  

The objective of this chapter was to develop a model-based approach for the systematic selection 

of BCG wave features for effective unobtrusive tracking of CV parameters. The closed-form BCG 

model was extended using the physiological knowledge of the arterial system. The result was a 
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model that could be fully defined by setting four physiological variables associated with a specific 

cardiovascular state. Then using this extended mathematical model, a sensitivity analysis was 

performed by perturbing the inputs to the model (CV parameters) to simulate different 

cardiovascular states. Next, the effect of these perturbations on the output of the model (BCG wave 

and subsequently BCG features) was investigated. Afterward, three candidate BCG features most 

sensitive to each CV parameter of interest were selected. To evaluate the efficacy of the feature 

selection method, two approaches were utilized using the experimental whole-body (scale) BCG 

data collected from 17 human subjects: (i) The experimental BCG features were ranked based on 

their sensitivity to the CV parameters; then the experimentally developed ranking was compared 

with the model-based ranking. (ii) Two regression models based on the fusion of PTT and PWA 

(pulse wave analysis based on the BCG waveform) for the estimation of systolic and diastolic 

pressures were developed and compared using (a) all the experimentally available BCG features 

and (b) the set of 3 model-selected BCG features.  

The innovations of this chapter were (i) the development of an extended mathematical model that 

can generate BCG waveform from a set of four physiological variables, and (ii) systemic selection 

of BCG features based on model-based sensitivity analysis.  

5.2.  Extended Mathematical Model 

To achieve the goal of this chapter, first, the closed-form BCG model in chapter 4 was extended 

to receive a blood flow (BF) waveform and produce the BCG waveform. Then, the model was 

characterized by a set of physiologically relevant rules that relate the model parameters to 4 

physiological variables (i.e., age, heart rate (HR), stroke volume (SV), and total peripheral 

resistance (TPR)). As a result, the BCG waveform can be simulated by inputting a template BF 
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waveform and the 4 physiological variables which indicate a specific cardiovascular state (Fig.  

5-1).  

 

Fig.  5-1: A mathematical model to predict the BCG waveform from the heart blood flow waveform based on the 

age, HR, SV, and TPR parameters. 

In the first step, a typical blood flow waveform is constructed from the flow waves reported in 

[111] and leveraging the assumption that flow is zero during the diastole. The typical BF is shown 

in Fig.  5-2. 

 

Fig.  5-2: Typical Blood Flow (BF) waveform 

In this BF waveform, T is the heart period (inverse of the heart rate, e	 = !
S+

 and Ts is the left 

ventricular ejection period.  
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If the values of age, HR, SV, and TPR are known and entered as inputs to the model the flow wave 

is adjusted to represent these values using the following relations. Ts can be computed from the 

heart rate (HR) according to the following equation 

  eT 	= 	0.417 × (1 − 0−2L) (5-1) 

In addition, the amplitude of the BF wave is adjusted in a way that the integral of the area under 

the BF wave during the left ventricular ejection period, SV, is equal to the value entered as the 

input to the model. In other terms, SV is the volume of blood ejected from the left ventricle in each 

beat.  

Cardiac output is the volumetric flow rate of the heart pumping output and is calculated by 

as = *= × tu (5-2) 

The mean arterial pressure can be computed from Frank’s Windkessel model. This model 

describes the hemodynamics of the arterial system in terms of resistance and compliance. Using 

Frank’s well-established relation between the TPR and cardiac output (CO) the mean arterial 

pressure (MAP) was computed [41]. 

v[! = as × e!= (5-3) 

The arterial cross-sectional area, [R(!), of the descending aorta, and the unit length compliance 

are functions of mean arterial pressure (MAP) and were computed according to the model proposed 

in [112]. Eq. (5-4) shows how [R(!) was computed [112]. 
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[R(v[!) = [UVW w0.5 +
1
y
arctan	(

v[! − !*
!!

)| (5-4) 

Where, [UVW, !*, and !! are the constants in the model that were defined and evaluated 

experimentally according to [112]. 

The unit length compliance is the derivative of [R(v[!) with respect to MAP.  

a′(v[!) =
[UVW/y!!	

1 + 1v[! − !*!!
3
" (5-5) 

Recalling the tube-load model in the previous chapter, consider the arterial tree approximated into 

lumped upper body and lower body circulations that are connected in parallel. For the sake of the 

BCG force estimation, the BP and BF wave in the lower body circulation must be calculated. The 

lower body circulation is modeled as a uniform lossless tube with a type I load as shown in Fig.  

4-2 in the previous chapter. It is assumed that a constant fraction of the cardiac output, shown by 

Kd, flows through the lower body circulation. 

In this model, C is the load compliance and R is the resistance associated with peripheral arteries 

in the lower body. >. is the aortic characteristic impedance and can be expressed as  

>E(v[!) = ~
`

[R(v[!)aX(v[!)
 (5-6) 

Where, ` is the blood density. The load compliance in this model is constant and the load 

resistance, R, is computed via Eq. (5-7). 



63 

 

=	 = 	e!=/VY − >.  (5-7) 

The transfer function (>Z(#$)), input impedance, relating the central aortic pressure waveform 

(!G(#$)) to the central aortic flow waveform (�G(#$)) in the frequency domain, is given below 

[23]. 

 �G(#$) = >V(#$)!G(#$) =
!
,#
[012$\(/0)[3012

[0125\(/0)[3012
!G(#$) (5-8) 

in which T is the pulse transit time (PTT) between the central aorta and peripheral artery (PTT in 

Fig.  4-2).  

e = Ä ×~
` × aX(v[!)
[R(v[!)

 (5-9) 

and d is the tube length. Recalling the equation for reflection coefficient for a type I load as 

c(#$) =
=

= + 2>. + 2#$>.=a
 (5-10) 

Therefore, the input impedance, >Z(#$), for this model is: 
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>V(#$) =
!G(#$)
�G(#$)

= >.
0/0Q/ + =

= + 2>. + 2#$>.=a
0$/0Q/

0/0Q/ − =
= + 2>. + 2#$>.=a

0$/0Q/
	

= >.
(= + 2>. + 2#$>.=a)0/0Q/ + =0$/0Q/

(= + 2>. + 2#$>.=a)0/0Q/ − =0$/0Q/
	

= >.
1 1
2>.a

+ 1
=a + #$3 0

/0Q/ + 1
2>.a

0$/0Q/

1 1
2>.a

+ 1
=a + #$3 0

/0Q/ −	 1
2>.a

0$/0Q/
 

(5-11) 

Having the input impedance, >V(#$), from Eq. (5-11), the BP waveform at the aortic inlet, (%(#$), 

in the frequency domain can be estimated from the BF harmonics.  

!*(#$) = >V(#$)�*(#$) (5-12) 

Also, the time domain BP wave, !0(H), is computed by applying the inverse Fourier transform to 

the harmonics !0(#$). 

Finally, by substituting ] = #$, and !*(]) in Eq. (5-12) into the following closed-form BCG model 

rewritten from chapter 4, 
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ZDEF(]) = [Rf!!(]) − !"(])g − [Gf!*(]) − !!(])g

= [Rf\!*!*(]) − \"*!*(])g − [Gf!*(]) − \!*(])!*(])g

= 1[Rf\!*(]) − \"*(])g − [Gf1 − \!*(])g3 !*(])

=

⎝

⎜
⎛
[R k0$Q.P −

1
>.a

+ 1
=a + ]

1 1
2>.a

+ 1
=a + ]3 0

PQ/ + 1
2a>E

0$PQ/
l

− [G(1 − 0$Q.P)

⎠

⎟
⎞
!*(]) = *(])!*(]) 

(5-13) 

a transfer function is obtained that estimates BCG from a BF wave, �*(]). Fig.  5-3 shows the 

flowchart of the transfer function resulting from this integration.  

 

Fig.  5-3: An extended model with flow waveform as the input and BCG waveform as the output 
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The mathematical model estimating BCG from �0(4) is as below 

ZDEF(]) = [Rf!!(]) − !"(])g − [Gf!*(]) − !!(])g = *(])>V(])�*(])

=

⎝

⎜
⎛
[R k0$Q.P −

1
>.a

+ 1
=a + ]

1 1
2>.a

+ 1
=a + ]3 0

PQ/ + 1
2a>E

0$PQ/
l

− [G(1 − 0$Q.P)

⎠

⎟
⎞
>.
1 1
2>.a

+ 1
=a + ]3 0

PQ/ + 1
2>.a

0$PQ/

1 1
2>.a

+ 1
=a + ]3 0

PQ/ −	 1
2>.a

0$PQ/
�*(])

= \(])�*(]) 

(5-14) 

This model has 6 independent internal parameters: e, 8G, >.a, =a, [G, and [R. The value of load 

compliance, a, is constant and set based on the values suggested in the literature [112], [113]. 

Having the four inputs to the model (i.e., age, HR, SV, and TPR) the rest of the model parameters 

are found by the empirical and physical relationships that are described previously in this chapter. 

In sum, the BCG is predicted as depicted in Fig.  5-4, according to the following steps: 
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Fig.  5-4: Flow chart of the model which gets four inputs: age, HR, SV, and TPR and estimates BCG waveform 

1) For a specific cardiovascular state scenario, the age input is used in conjunction with HR, SV, 

and TPR (which yields mean arterial blood pressure (BP)) to compute the arterial cross-sectional 

and compliance per unit length. 

2) The arterial compliance per unit length is used to compute the arterial characteristic impedance 

and pulse transit time (PTT). 

3) The arterial characteristic impedance is used in conjunction with TPR to compute the arterial 

terminal resistance. 
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4) HR is used to compute the left ventricular ejection time (LVET). Then, the heart blood flow is 

shaped using LVET, SV, and a normalized flow waveform template. 

5) The parameters computed above are used to derive the aortic input impedance function. Then, 

the heart blood flow is inputted to the aortic input impedance function to compute the aortic inlet 

BP. 

6) The parameters computed above are likewise used to characterize the transfer function between 

the aortic inlet BP and aortic outlet BP. Then, the aortic inlet BP is inputted to the transfer function 

to compute the aortic outlet BP. The aortic inlet BP is likewise used to calculate the aortic arch 

BP. 

7) The aortic inlet, aortic arch, and aortic outlet BPs are inputted to the BCG mechanism model to 

compute the BCG waveform. 

5.3. Experimental Data 

Experimental data from prior work was used [108]. Data from 17 young healthy subjects (age 

25±5 years old; gender 12 male and 5 female; height 174±10 cm; weight 74±17 kg) under the 

approval of the University of Maryland Institutional Review Board (IRB) was collected. For the 

sake of this study, the following physiological signals were used: (i) an ECG acquired using 3-gel 

electrodes in the Lead II configuration and interfaced with a wireless amplifier (BN-EL50, Biopac 

Systems, Goleta, CA, USA); (ii) a whole body BCG was instrumented using a strain gauge 

embedded in a customized weighing scale (BC534, Tanita, Tokyo, Japan) (iii) a PPG signal which 

was instrumented using a finger clip sensor (8000AA, Nonin Medical, Plymouth, MN, USA); and 

(iv) a reference BP pulse acquired using a fast servo-controlled finger cuff embedded with a PPG 
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sensor on the ring finger of a hand, which was height-compensated and transformed to brachial 

BP pulse (ccNexfin, Edwards Lifesciences, Irvine, CA, USA). These signals were acquired at a 

sampling rate of 1KHz during four BP perturbing interventions (including cold pressor (CP), 

mental arithmetic (MA), slow breathing (SB), and breath-holding (BH)) and 5 resting periods (R1, 

R2, R3, R4, and R5) in between them while the participants stood still.  

In each subject, the data was divided into 9 periods, R1, CP, R2, MA, R3, SB, R4, BH, and R5. 

Then, the fiducial points required to investigate the efficacy of the model-based feature selection 

method were extracted. The details of the feature extraction can be found in [114]. In brief, after 

band-pass filtering, the BCG and PGG signals were gated using the ECG R waves as the reference. 

The low-quality beats were removed. Then the BCG was smoothed using a 10-order exponential 

moving average. The features in BCG including the I, J, and K waves were extracted as described 

in [114]. Three wave-to-wave timing (I-J T, I-K T, J-K T) and two wave-to-wave amplitudes (I-J 

A, J-K A) were constructed from these features. The reference DP and SP were also extracted from 

the BP pulse beats as the minimum and maximum in the waveform. PP was computed as the 

difference between SP and DP (PP=SP-DP). PTT was computed as the time interval between the 

PPG foot and the J wave in the BCG. SV and TPR were recorded in the experiment. The data were 

analyzed in the following steps. First, the outliers in the extracted characteristic features were 

identified and removed. Second, the sample size of the characteristic features was increased using 

the bootstrap technique. Third, univariate linear regression analysis was conducted at the 

individual level to find the correlations between each BCG feature and each CV parameter. Fourth, 

the median of the bootstrapped features was computed for each period and was used for the 

construction of PTT-PWA models.  
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5.4. Model-Based BCG Feature Selection 

The mathematical model was used to study the impact of different CV risk predictors and 

parameters (i.e., SP, PP, DP, SV, and HR) on the morphology of the BCG waveform (Fig.  5-5). 

 

Fig.  5-5 Flow chart of systematic selection of the BCG features for cardiovascular parameter tracking 

Different CV situations can be simulated by alteration in the model inputs. Random Perturbations 

up to +/-50% of the SV, HR, and MAP were implemented, and these values were entered into the 

model which resulted in alterations in internal BP waves and consequently the output BCG wave. 

Some of the perturbations resulted in unrealistically low or high SP and DP values which were 

excluded based on the following criteria: the waves associated with DP<50 [mmHg] and/or 

SP>200 [mmHg] were excluded from the results. From the BCG waveform associated with each 

eligible SV-TPR-HR combination, fiducial points of I, J, K, L, M, and N waves were extracted 

and a total of 36 features were constructed: 15 wave-to-wave intervals (I-J, I-K, I-L, I-M, I-N, J-
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K, J-L, J-M, J-N, K-L, K-M, K-N, L-M, L-N, M-N) and 21 wave/wave-to-wave amplitudes (I, J, 

K, L, M, N, I-J, I-K, I-L, I-M, I-N, J-K, J-L, J-M, J-N, K-L, K-M, K-N, L-M, L-N, M-N). Then, 

the relationship between these features versus SV, HR, TPR, SP, DP, PP, and MAP were assessed 

using the univariate correlation analysis. 

5.5. Efficacy of the Model-Based Feature Selection in BP Tracking 

To determine the efficacy of the model-based feature selection technique, its performance was 

investigated in tracking SP and DP which are two important CV risk predictors. Two common 

approaches in cuffless DP and SP tracking are PTT and pulse wave analysis (PWA). In addition, 

a technique based on the fusion of the two approaches is on the rise and has demonstrated potential 

to track DP and SP [85].  

To show the efficacy of model-based BCG feature selection, a comparative study between three 

models was performed to investigate their DP and SP tracking performance. The first model was 

based on the famous PTT technique for cuffless BP monitoring. The second and third models were 

based on the PTT, PWA fusion technique. In the second model, a small subset of BCG features 

(i.e., three features) that proved most sensitive to BP based on the model-based analysis were used. 

In the third model, all experimentally available BCG features were included. In the two latter 

models, a technique developed in [115] was used to aggregate all BCG features into a single 

predictor of BP which is orthogonal to PTT. In the end, the efficacy of the three models (PTT, 

model-based PTT-PWA fusion, and brute-force PTT-PWA fusion) was evaluated and compared 

using the experimental scale BCG and BP data collected from 17 human subjects.  
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5.5.1 Construction of BP Predictor Orthogonal to PTT 

As mentioned above, this technique is adopted from a prior work to reduce the dimensionality of 

BCG features used for BP tracking [115]. First, the BP, PTT, and PWA features associated with 

each subject were normalized using their respective mean values on a subject-by-subject basis to 

reduce the adverse effect of inter-subject variability in the features.  

!ÅR
(]) =

H/
(5)$Ĥ/

(5)

Ĥ/
(5) ,       !Å_

(]) =
H7
(5)$Ĥ7

(5)

Ĥ7
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Where !R
(]) and !_

(]) are the DP and SP vectors, 8(]) is the PTT vector and É`
(]) is the k-th PWA 

feature vector, all associated with the i-th subject (i = 1, 2, …, N=17). !ÅR
(]), !Å_

(]), 8̃(]), and ÉÅ`
(]) are 

the normalized DP, SP, PTT, and k-th feature vectors; and !ÑR
(]), !Ñ_

(]), 8̅(]), and ÉÑ`
(])are the mean 

DP, SP, PTT and k-th feature vectors all associated with the i-th subject. Second, the normalized 

reference BP, PTT, and PWA features pertaining to individual subjects were aggregated into the 

following BP, PTT, and PWA feature vectors.  

!R ≜ á
!ÅR
(!)

⋮
!ÅR
(9)
â,       !_ ≜ á

!Å_
(!)

⋮
!Å_
(9)
â (5-17) 

8 ≜ ä
8̃(!)
⋮

8̃(9)
ã  ,     É ≜ á

ÉÅ!
(!)

⋮
ÉÅ!

(9)
…
ÉÅb

(!)

⋮
ÉÅb

(9)
â 

(5-18) 
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Third, BP was decoupled into two components: the component of BP explainable by PTT and the 

orthogonal component of BP which is not explainable by PTT. This was done by projecting BP to 

PTT and subtracting it from BP.  

!cd ≜ !c −
!cO8
8O8

8 (5-19) 

Where !cd, ç = é, t, is the component of BP orthogonal to PTT. Fourth, two predictors of BP 

were derived (each pertaining to DP and SP) according to [115] by aggregating the PWA features 

of interest to maximize the covariance between !cd and PWA features and a vector è was computed 

that provides the weights for the PWA features.  

êc =S è(ë)É(ë)
b

`;!
 (5-20) 

Where, è(ë) is the k-th element of è and É(ë) is the k-th PWA feature. In this way, êR and ê_ 

are computed which are the population-averaged predictors of BP.  

5.5.2 BP Trend Monitoring Performance Evaluation 

The efficacy of scale BCG-based PTT-PWA fusion compared to PTT was evaluated using the 

experimental data. The goals were to (i) assess the potential of model-based analysis in selecting 

effective features for BP trend tracking and (ii) compare the performance of the PTT-PWA fusion 

with PTT.  

To assess the potential of model-based BCG feature selection for BP trend tracking, two PTT-

PWA fusion models were compared. Linear regression models were constructed that related 
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normalized PTT and BP predictors derived in the previous section to normalized reference BP on 

an individual basis, using the experimental data  

!Åc
(]) = ëc,!

(]) 8̃(]) + ëc,"
(]) TÉÅ!

(]) … ÉÅb
(])Uè + ëc,#

(])  (5-21) 

Where,	ëc,!
(])  , ëc,"

(]) , ëc,#
(]) , ç = é, t, are the coefficients pertaining to the i-th subject that can be 

determined using the least square method. The first PTT-PWA fusion model (named model-based 

PTT-PWA) was based on the subset of PWA features selected by the model-based analysis (M = 

3) and the second PTT-PWA fusion model (named brute-force PTT-PWA) was constructed from 

all the 8 experimentally available BCG features (M = 8). Once the linear regression models were 

obtained, the PTT (8̃(])) and PWA features (TÉÅ!
(]) … ÉÅb

(])U) were plugged into the regression 

models to predict !Åc
(]), and the actual BP, !c

(]) was estimated using Eq. (5-15): 

!c
(]) = !Ñc

(])!Åc
(]) + !Ñc

(]) (5-22) 

PTT-PWA fusion models were evaluated and compared based on the 4 error metrics: (i) correlation 

coefficient, (ii) root-mean-squared error (RMSE), (iii) precision, and (iv) mean absolute error 

(MAE) between reference BP and BP estimated by the regression models in Eq. (5-21) and Eq. 

(5-22). The aforementioned evaluation procedure was performed on each BP level (DP and SP) 

subject specifically and performance metrics were aggregated across all subjects to derive statistics 

associated with each BP level.  
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In addition, to comparatively evaluate PTT-PWA fusion with PTT, a regression model for the case 

of PTT was developed. To do so, ëc,"
(])  was set to 0 in Eq. (5-21) and ëc,!

(])  and ëc,#
(])  were determined. 

Then, as described above the 4 error metrics were evaluated for the PTT model as well.  

Statistical tests were performed to compare the efficacy of the regression models for BP trend 

monitoring. Model-based PTT-PWA fusion and brute-force PTT-PWA fusion were compared by 

performing paired t-tests on the 4 error metrics. The intention of this comparison was to 

demonstrate the validity and effectiveness of the model-based analysis approach in systematically 

narrowing down the feature set to those important for BP tracking. In addition, the efficacy of PTT 

and model-based PTT-PWA fusion were compared using another paired t-test. The intention of 

this comparison was to show the potential value of scale BCG-based PTT-PWA fusion on top of 

PTT.  

5.6. Results  

Table 5-1 summarizes the correlation coefficients of the model-based BCG features associated 

with all the features commonly found in the experimental dataset. Table 5-2 summarizes the 

correlation coefficients associated with the univariate correlation analysis on the experimental 

data. Both tables show results of ranking the features based on the correlation coefficients in 

descending order. Table 5-3 summarizes the performance of scale BCG PTT, PTT-PWA fusion 

based on 3 features selected using the model-based analysis, and PTT-PWA fusion based on all 

the 8 features in tracking BP trend. The performance of the models was reported in terms of 

correlation coefficient (r), RMSE, precision, and MAE.  
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Table 5-1: Correlation coefficients between individual model-based BCG features versus peripheral CV parameters 

(colors indicate the three highest-ranked features in the experimental data, blue: ranked 1st, cyan: ranked 2nd, pink: 

ranked 3rd) 

RANK SP r DP r PP r SV r TPR r 
1 I-K T 0.95 I-K T 0.95 J A 0.81 J-K A 0.66 I A 0.93 
2 J-K T 0.94 J-K T 0.94 J-K A 0.65 K A 0.56 K A 0.81 
3 I-J T 0.93 I-J T 0.93 I-J A 0.62 I-J A 0.56 I-J A 0.74 
4 J A 0.61 K A 0.82 J-K T 0.58 J A 0.50 J-K A 0.74 
5 K A 0.55 I A 0.53 I-K T 0.56 I A 0.48 J-K T 0.52 
6 I-J A 0.26 J A 0.21 I-J T 0.51 I-J T 0.07 I-K T 0.47 
7 J-K A 0.20 J-K A 0.00 I A 0.14 I-K T 0.00 J A 0.47 
8 I A 0.18 I-J A 0.00 K A 0.00 J-K T 0.00 I-J T 0.36 

Table 5-2: Correlation coefficients between individual BCG features versus peripheral CV parameters calculated 

from univariate regression applied to the experimental data (colors indicate the three highest-ranked features in the 

experimental data, blue: ranked 1st, cyan: ranked 2nd, pink: ranked 3rd ) 

RANK SP r DP r PP r SV r TPR r 
1 I-K T 0.32 I-K T 0.44 J-K A 0.54 J A 0.50 J-K T 0.29 
2 K A 0.31 J-K T 0.39 I-J A 0.53 J-K A 0.46 I-K T 0.26 
3 J-K T 0.30 I-J T 0.27 J A 0.53 I-J A 0.46 K A 0.12 
4 J-K A 0.26 K A 0.09 K A 0.51 K A 0.39 J-K A 0.12 
5 I-J T 0.22 I A 0.08 I A 0.46 I A 0.26 I A 0.11 
6 J A 0.20 J-K A 0.06 I-K T 0.23 I-J T 0.17 I-J T 0.09 
7 I-J A 0.18 J A 0.04 I-J T 0.21 I-K T 0.09 J A 0.07 
8 I A 0.11 I-J A 0.01 J-K T 0.14 J-K T 0.05 I-J A 0.01 

To assess the validity of the BCG features predicted to have a high correlation with SP, DP, PP, 

SV, and TPR, these BCG features were compared to the BCG features that exhibited high 

correlations to SP, DP, PP, SV, and TPR in the experimental dataset. The dataset only included a 

subset of the BCG features (I-J T, I-K T, J-K T, I A, J A, K A, I-J A, and J-K A). We found that 

(i) concerning SP, 2 out of the top 3 BCG features (associated with the 3 highest correlation 

coefficients) were identical (I-K T and J-K T), (ii) with regard to DP, the top 3 BCG features 

(associated with the 3 highest correlation coefficients) were identical (I-K T, I-J T, and J-K T), 

(iii) with regard to PP, the top 3 BCG features (associated with the 3 highest correlation 

coefficients) were identical (J A, I-J A, and J-K A), (iv) with regard to SV, 2 out of the top 3 BCG 
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features (associated with the 3 highest correlation coefficients) were identical (J-K A and I-J A), 

and (v) with regard to TPR, 1 out of the top 3 amplitude BCG features (associated with the 3 

highest correlation coefficients) was identical (K A), both between model prediction and 

experimental dataset. 

Table 5-3: Correlation coefficients(r), Root-mean-squared errors (RMSE), precision, and mean absolute errors 

(MAE) associated with scale BCG-based PTT, model-based PTT-PWA, and brute-force PTT-PWA fusion in cuffless 

BP trend tracking. *: significantly different relative to model PTT-PWA (paired t-test, P<0.05) 

DP PTT model PTT-PWA Brute-Force PTT-PWA 

r 0.60* 0.74 0.75 

RMSE [mmHg] 11.15* 9.28 8.98 

Precision [mmHg] 11.85* 9.92 9.73 

MAE [mmHg] 9.13* 7.75 7.44 

The model-based PTT-PWA fusion achieved significant improvement in tracking BP trends 

relative to scale BCG PTT, in terms of all four metrics. Comparing the error metrics and correlation 

coefficients associated with the model-based PTT-PWA and brute-force PTT-PWA fusion showed 

that there was no significant difference between the two models.  

5.7. Discussion 

The current gold standard waveform for detecting CV parameters and risk predictors is the central 

BP wave. However, its acquisition is challenging. On the other hand, BCG is amenable to 

convenient instrumentation. Therefore, understanding the association between CV parameters and 

BCG is useful for the development of novel ultra-convenient techniques for CV health monitoring. 

In this chapter an extended physiological model was developed that can be leveraged to find the 

BCG features which respond to changes in CV parameters. This model was used for the systematic 

selection of scale BCG PWA features based on model-based sensitivity analysis. Investigation 
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using experimental data demonstrated the effectiveness of the model-based systematic method in 

the selection of BCG features most sensitive to perturbations in CV parameters and in BP trend 

tracking.  

5.7.1 Model-Based BCG Feature Selection 

Comparisons between model-based and experimental data rankings to find most sensitive BCG 

features to changes in CV parameters showed a high degree of similarity. In fact, in 4 out of 5 CV 

parameters (DP, SP, PP, and SV) at least 2 out of 3 highest ranked features were similar which 

suggests the validity of the model-based sensitivity analysis developed in this chapter. 

5.7.2 BP Trend Monitoring  

Given the fact that the improvement achieved by fusing PWA to PTT was moderate, it is concluded 

that PTT may play the primary role in tracking BP trends. However, PWA offers meaningful 

complementary value in that PWA-based BP predictors were orthogonal to PTT and significantly 

improved all four metrics.  

Comparing the performance metrics associated with the model-based PTT-PWA fusion and the 

brute-force PTT-PWA fusion showed the power of systematic PWA feature selection. In fact, there 

were no significant differences between the two models in both DP and SP cases, which suggested 

that model-based sensitivity analysis was effective in reducing the set of PWA features required 

for BP trend tracking by excluding non-essential PWA features.  
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5.8. Conclusions 

In this chapter, leveraging the closed-form BCG model, an extended mathematical model was 

developed which allowed for the investigation of the effect of the changes in the CV state on the 

morphology of the BCG waveform. Thus, this mathematical model can serve as a systematic tool 

to elucidate the relationship between the CV risk predictors and the BCG. In addition, by 

perturbing the CV variables that were inputs of the model, the relationship between the features in 

the BCG waveform and various CV risk predictors was studied. The BCG features deemed 

sensitive to changes in CV parameters were used in tracking the BP trend. The advantage of 

selecting the features based on the sensitivity analysis using the model was that the set of chosen 

features is generalizable to different data sets, therefore, this method has the potential to facilitate 

ubiquitous BP trend tracking. 
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Chapter 6: BCG Recording 

6.1. Introduction  

A prior work has developed a mathematical model elucidating the mechanism underlying the 

genesis of BCG [22]. This work hypothesized that the heart-induced force acting on the body 

(force BCG) results from the arterial BP gradients in the ascending and descending aorta. This 

finding indicated that the morphology of the BGC waveform has a close association with the 

underlying aortic BP waveforms. However, this hypothesis still needs to be validated. There are 

two challenges in the way of this model validation. First, the model needs to be validated in 

different hemodynamic states using simultaneous recordings of BCG and three BP waveforms. In 

addition, the BP waveforms need to be captured invasively, from three different locations in the 

aorta. Therefore, an invasive animal study should be performed in which BP measurement sensors 

can be placed inside an animal’s arteries to measure BP. Second, BCG waveforms recorded with 

different sensors and different devices have morphological differences [30]. Therefore, the 

relationship between the force BCG and the BCG measured by various instruments may differ 

substantially. Consequently, a measurement technique must be developed to capture the heart-

induced body movements that has the closest affinity with the “true BCG” (i.e. output of the BCG 

mechanism model).  

To address these challenges, the aim of this chapter was to develop and construct a BCG recording 

apparatus that can capture the closest BCG morphology to the “true BCG”. This BCG recording 

apparatus should be able to accommodate measurements in humans as well as large animals (such 

as pigs).  
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6.2. BCG Instrumentation Apparatus 

The purpose of the BCG recording apparatus is to measure the movements of the body resulting 

from the heartbeat. Various designs and measurement sensors have been proposed for BCG 

measurements. Most of these methods record one of the four quantities: force, acceleration, 

velocity, or displacement [116]. It is necessary to make a careful study to answer the following 

questions: 

1. What quantity is being measured with the BCG instrument? 

2. What are the physical requirements for the device that would result in a reasonably reliable 

record of the “true BCG”? 

Let’s start with the definition of the so-called “true” BCG. As mentioned earlier the goal of the 

BCG recording device is to measure the heart-induced body movements. Assume a person floating 

in free space and in the absence of respiration. The law of conservation of momentum dictates that 

throughout one cardiac cycle, the body will not acquire any net momentum as a result of the 

heartbeat. If the measurement of the body movements could be made under such ideal 

circumstances, they would represent the “true” BCG. In practice, usually, there is a binding 

between the subject and the environment. The addition of these bindings alters the shape of the 

recordings of BCG. Therefore, the BCG morphology depends on the dynamics of the recording 

device, the body, and the binding between the two [117], [100].  

In this work, multiple candidates of the BCG measurement devices were considered that may result 

in recordings close to the true BCG:  

(i) an accelerometer directly attached to the body;  

(ii) a sliding bed (with air bearings) 
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(iii) Ultra-Low Frequency (ULF) BCG (hanging bed) 

The three designs were compared based on the following factors: (1) cost, (2) their demonstrated 

ability to measure true BCG in the literature, and (3) their convenience for invasive measurement 

of BCG in pigs. Since the sliding bed requires the use of costly air bearings and high precision 

manufacturing and there were not many studies on the BCG recorded using such a setup it was 

excluded from the study. In the end, designs (i) and (iii) were selected for fabrication and their 

effectiveness in BCG measurement was investigated in animal and human experiments. Details 

follow. 

6.3. The Physical Basis of the Apparatus for BCG Recording  

The purpose of this section is to investigate the physical properties of the two BCG recording 

devices mentioned above. To represent the two designs considered in this study, the following 

simple mechanical system is introduced and analyzed (Fig.  6-1). Depending on the assumptions 

on the binding between the instrument and the ground the following mechanical model can 

represent the direct body accelerometer or the ULF BCG bed. 

          

Fig.  6-1: Schematic representation of the BCG recording system. (a) The BCG is shown as a force inserted on the 

subject by the heart. The couplings between the subject and the BCG device and the device and the surrounding are 

(a) (b) 
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shown. (b) The BCG setup is shown as a bed hanging from the ceiling using four cables loaded with a subject. A 

spring and damper provide additional coupling between the BCG bed and the surrounding. 

In this system, the subject with the mass íP is represented by a cart that is coupled to the BCG 

apparatus by a spring and frictional force. The BCG apparatus is represented by a platform (i.e., 

bed) suspended from the ceiling using four cables. The BCG bed has a mass of íf. The system of 

subject and BCG is coupled to the surrounding in the same way. From this system, the dynamical 

equations governing the motion of the subject and BCG are as follows: 

íPìP̈ + aP(ì̇P − ì̇f) + VP(ìP − ìf) = Zf.g (6-1) 

ífìf̈ + aP(ì̇f − ì̇P) + VP(ìf − ìP) + aVì̇f + ëVìf = 0 (6-2) 

Where, ìP, ì̇P, and ìP̈ are the displacement, velocity, and acceleration of the body with respect to 

a fixed reference. Similarly, ìf, ì̇f, and ì̈f are the displacement, velocity, and acceleration of the 

BCG device with respect to a fixed reference. VP and aP are the spring and damper constants that 

represent the binding between the body and BCG bed (skin, cloths, and straps). The coupling 

between the BCG bed and the surrounding is defined using the following spring (VV) and damper 

constants (aV) 

VV = Vf +
íñ
:
	

aV = af + ah 
(6-3) 

Where, Vf and af are the spring and damper constants that provide an additional connection 

between the bed of the BCG device and the surrounding. Rewriting Eq. (6-1) and Eq. (6-2) in the 

Laplace domain the following transfer function is obtained to describe the relationship between 

the displacement of the body and the BCG force generated by the heart. 
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(6-4) 

Using Eq. (6-4) and different assumptions on the values of model parameters, we will make 

assessments about the nature of the quantity that is being measured by each of the two selected 

techniques of BCG instrumentation, which are: (1) An accelerometer on the body, (2) ULF BCG 

bed. 

6.3.1 Accelerometer on the Body 

In this case, the binding between the bed and the surrounding is infinitely large so the bed is 

practically fixed and does not move. To satisfy this assumption VV must be ∞. This assumption 

would result in the following simplification in Eq. (6-4). 

çP
Zf.g

=
VV

(VVíP)]" + (VVaP)] + VVVP
=

1
íP]" + aP] + VP

 (6-5) 

In addition to the  VV → ∞ assumption if we postulate that the binding between the body and the 

bed surface is strong (that can be accomplished by strapping the body to the bed) then i9
U9
≫ 1. 

This means that in this method of BCG measurement, the mechanical system including the body 

and the BCG measurement device has a high natural frequency. In addition, we can reduce Eq. 

(6-5) to the following:  

çP
Zf.g

≈
1
VP

 (6-6) 

From the above equation, we can deduce that displacement recordings in such a setup would be 

proportional to the true BCG force generated by the heart. 
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6.3.2 ULF BCG Bed 

In this case, the binding between the bed and the surrounding is infinitely small and finite i:
U95U;

≪

1. However, we will assume a rigid contact between the body and the bed which means that VP →

∞. This assumption would result in the following simplification in Eq. (6-4). 

çP
Zf.g

=
VP

(íPëP +ífVP)]" + (aVVP)] + VVVP
=

1
(íP +íf)]" + aV] + VV

 (6-7) 

From the above equation and considering i:
U95U;

≪ 1, we can simplify Eq. (6-7) further. 

]"çP
Zf.g

≈
1

(íP +íf)
 (6-8) 

This shows that measurements of acceleration in the ULF BCG bed setup would be proportional 

to the true force BCG. 

6.4. BCG Bed Design and Construction 

This section explains the requirements and constraints for the design of the BCG recording 

apparatus. As explained in section 6.3.2, the optimal sensing method for the measurement of BCG 

in the ULF BCG bed is an accelerometer. Therefore, an acceleration form sensor (accelerometer) 

is selected that (i) can act as the direct body BCG measurement sensor, and (2) can be placed on 

the ULF BCG bed setup to measure the acceleration of the bed.  
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6.4.1 Requirements for the Accelerometer on the Body 

Due to the three-dimensional nature of the BCG, the accelerometer should be able to record 

movement in three axes. The motion should be sensed by an accelerometer that can give an 

undistorted record of acceleration throughout the entire frequency spectrum of interest 

(approximately 1~40 Hz). In addition, the accelerometer must have a noise floor smaller than the 

amplitude of the BCG generated in pigs that will be used in the animal study. Therefore, selecting 

an accelerometer with a noise floor as low as possible is of great importance. According to prior 

experimental data, the amplitude of BCG acceleration in pigs is around 4 mg and in humans is 

around 10 mg. So, the selected accelerometer must have a noise floor at least 10 times smaller than 

these values in the frequency range of interest to reliably measure the BCG. 

6.4.2 Requirements for the ULF BCG Bed 

According to [68] the following factors should be considered for the design of ULF BCG bed: 

1. The natural frequency of the system, which must be much lower than the important frequencies 

in the BCG signal to be measured. 

2. The damping of the system, which can influence the natural frequency of the system and the 

ability of the BCG apparatus to restore its equilibrium in due time. 

3. The relative motion between the body and the BCG. 

The mentioned factors were interpreted into requirements for the elements in the BCG bed. The 

tunable elements in the design of the BCG bed are (1) the length of the suspension cable, (2) the 

weight of the suspended bed, and (3) damping. In addition, there were some external factors such 
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as the dimensions of the storage space (the surgical room in which the invasive experiments would 

be performed) imposing some additional constraints on the design.   

Cable length 

Scarborough in [118] analyzed the frequency spectrum of the BCG that is of interest in the study 

of BCG and stated that most of the BCG information can be seen in the frequency range of 1 [Hz] 

to 40 [Hz]. These frequencies must be measured without distortion. Other studies also suggest 

upper limits for the natural frequency of the ULF BCG bed. For example, [119] suggested that the 

natural frequency of the BCG bed must be lower than 0.3 Hz. If we assume the ULF BCG bed 

setup as a simple pendulum with a natural frequency of 

ú =
1
2y

× <
ñ
:

 (6-9) 

Where, ñ is the gravitational acceleration constant and : is the length of the suspension cable. The 

constraint on the natural frequency determines the lower bound for the length of the suspension 

cables in the bed setup.  

In addition, there are two spatial constraints to be considered in the choice of the bed height and 

subsequently the length of the cable. First, the BCG bed should move through door frames that 

have a standard height of 7 feet. Second, the maximum height of the external frame of the bed 

should not exceed the ceiling height which is 9 feet. To satisfy all the constraints on the cable 

length, the requirement on the natural frequency of the bed was relaxed to 0.4 Hz to accommodate 

for smaller cable heights. As shown in Fig.  6-2 using Eq. (6-9) the frequency of 0.4 is 

approximately associated with a cable length of 63 [in]. Therefore, : > 63	[ûü]. 
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Fig.  6-2: Frequency of the BCG bed apparatus versus the length of the suspension cable 

Bed mass 

Since the BCG force generated by the heart is very small in magnitude, if the BCG bed is heavy 

the amplitude of movements becomes very small and may not be detectable. Therefore, another 

requirement is that the mass of the suspending part of the ULF BCG bed must be as low as possible. 

A higher limit of 22 [lb] was selected for the mass of the moving part of the bed per prior works 

in the literature.  

Damping 

In [120] burger explained the necessity of the existence of damping for the ULF BCG bed. They 

suggested the optimal damping for the system must be chosen in a way that there is a 25 percent 

overshoot. To achieve this amount of overshoot, the damping must be adjusted for each subject 

separately. Therefore, there is a need for an adjustable damping system. Therefore, a damping 

system in the following form is designed based on [116] in which a horizontal plate is floated in a 

box of treacle and attached to the suspended part of the bed. The value of damping can be adjusted 

by changing the distance between the horizontal plate and the bottom of the box (Fig.  6-3).  
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Fig.  6-3: The adjustable damping system. By adjusting the distance between the plate and the bottom of the box (l1 

and l2) velocity gradient changes which results in a change in the shear forces acting upon the moving plate 

The change in the distance changes the velocity gradient in the equation of shear force, 8. 

8 = †
Ä°
Ä¢

 (6-10) 

Where, ¢ is the displacement in the vertical direction and ° is the flow velocity.  

6.5. The Initial Design of the ULF BCG Bed 

A moving bed is suspended from a custom-built rigid external frame of 31 × 78 × 78	[ûü#]. The 

height of the external frame was chosen to be 78 [in] since the bed needs to be transportable and 

fit through the door frames. The suspended bed must have a mass of less than 22 lb. Fig.  6-4 

shows the initial design for the BCG bed setup. Two different designs were considered for the 

measurement of BCG in human and animal subjects. A flat plate was used as the platform for the 

human subject to lie upon. Since the animal must lie on its back for the surgical procedure, a 

trough-shaped platform was used to keep the animal fixed on the bed.   
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Fig.  6-4: Drawing of the initial ULF BCG bed for animal and human study. (a) Animal bed. (b) Human bed. 

6.6. Construction of the BCG Bed and Design Iterations 

Based on the initial design, a BCG bed apparatus was constructed and tested on human subjects 

(Fig.  6-5). The external frame was built using a welding technique to increase the rigidity of the 

frame and avoid any motion noise due to the vibration of the external frame. 

 

Fig.  6-5: Initial ULF BCG bed constructed for recording data in human 

(b) 
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The experimental procedure is described in 6.8. The recordings from this trial experiment were 

not satisfactory in the sense that the periodic BCG morphology was hardly detectable in the 

captured data. This resulted in implementing some improvements in the design (Fig.  6-6 (a)).  

 

Fig.  6-6: Final design of ULF BCG bed for animal and human testing. (a) The improved design of the human bed 

with increased cable height and decreased suspended weight (b) Final Fabricated BCG bed for human testing (c) 

Design of V-shaped bracket attached to the suspended platform for animal testing (d) Final Fabricated BCG bed for 

animal testing 

Two factors in the BCG bed design were changed to improve the BCG recordings. First, the 

original weight of the constructed moving part in the human platform was reduced by ~50% to 
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reach 12 lb. This was done by cutting portions of the platform out and punching small holes in the 

remaining parts. Second, the height of the suspension cable was increased by adding a removable 

height extension component to the external frame. The final length of the cable thus obtained was 

93 [in] which is associated with the natural frequency of 0.32 Hz according to Fig.  6-2. The final 

design of the BCG bed with height extension and decreased weight is shown in Fig.  6-6. For 

human experiment, a lightweight foam is placed on top of the flat suspended platform. For animal 

testing, a V-shaped bracket is designed and added on top of the suspended platform to hold the 

animal (i.e., pig) on its back. 

6.7. Characterizing the Model of ULF BCG Bed via Modal Testing 

According to [121], modal testing is the process involved in testing components or structures with 

the objective of obtaining a mathematical description of their dynamic or vibration behavior. 

However, it must be remembered that no single test or analysis procedure is best for all cases and 

so it is very important that a clear objective is defined before any test is undertaken so that the 

optimum methods or techniques may be used. Here the goal was to characterize the mathematical 

model of the ULF BCG bed and body described in Fig.  6-1. To realize this goal two specific aims 

were identified. First, the vibration properties of the BCG bed without any subjects lying on it 

must be found. Second, the binding between the subject’s body and the platform on which the 

subject lies must be identified. 
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6.7.1 Aim 1: Finding the Vibration Properties of the BCG Bed 

A modal test of the BCG apparatus with no subject was performed, to measure the apparatus’s 

vibration properties. This application was borne out of the need to meet the damping requirements 

for the BCG bed system and to find the model parameter values of the BCG bed (éf and §f). 

6.7.2 Aim 2: Finding the Spring and Damper Constants in the Body Bed Binding 

It was assumed that the binding between the body and the bed is described as a simple spring and 

damper connection (as shown in Fig.  6-1). A modal test was performed with the primary goal of 

finding the spring and damper constants in this mathematical model (éP and §P). 

6.8. Experimental Protocol 

In this section the details of three experimental protocols are given which were performed for: (1) 

characterizing the mathematical model of the body and BCG bed dynamics, (2) testing the efficacy 

of the BCG instrumentation using the ULF BCG bed in human, (3) investigating the efficacy of 

BCG instrumentation using the ULF BCG bed in animal. 

6.9. Experimental Protocol for Modal Testing 

As stated earlier, the optimum modal testing method must be chosen based on the goal and desired 

applications. In this section, the method of modal testing is suggested for each of the aims 

mentioned above. 

Goal 1: Finding the vibration properties of the BCG bed 
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The goal was to find the spring and damping constants for the BCG bed (éf and §f). For this 

purpose, an impulse test was performed and the time response of the free vibrations of the BCG 

bed was measured. A dead load was placed on the swinging part of the bed, equal to the average 

weight of the subjects in the study. An impulse force was applied on the swinging part by tapping 

the BCG bed with a hammer. The acceleration of the swinging bed was recorded by placing an 

accelerometer on the swinging bed and calculating the damping and spring constants leveraging 

the formulas for the damped vibration of a single degree of freedom system. 

                 

Fig.  6-7: Modal testing to find vibration properties of the BCG bed system. (a) Impulse testing on the BCG loaded 

with dead weight (b) Impulse testing on the body lying on a rigid unmoving floor 

Goal 2: Finding the spring and damper constants in the body bed binding 

As stated before, the binding between the body and the bed is assumed to be a spring and damper 

connection with a single degree of freedom and two unknown values (éP and §P). The appropriate 

modal test to find the spring and mass constants is an impulse test. In this experiment, the subject 

lay on a rigid surface (not the swinging bed) and a tap was applied on the shoulder. An 

accelerometer was placed on the subject’s chest to measure the movements induced in the body 

by the shoulder tap. The time response of the free vibrations of the body was recorded (by placing 

an accelerometer on the subject’s chest) from 3 human subjects. Then, the spring and damper 
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constants were calculated from the impulse response of the single degree of freedom system. 

Details follow. In a first degree of freedom system, the equation of motion can be written as  

íì̈ + aì̇ + Vì = Z 
(6-11) 

Where m, C, K, and F are mass, damping constant, spring constant, and external force applied to 

the system respectively. Solving the above equation of motion would provide the relationship 

between overshoot and the period of oscillations. Having the impulse response of the system (as 

shown in Fig.  6-8), these relationships can be used to find the damping and spring constants 

associated with the second-order system.  

 

Fig.  6-8: The impulse response of a single degree of freedom damped system indicating the amplitudes in two 

consecutive inversion points used to calculate overshooting. T is the period of oscillation of the free vibrations.  

The values for Ci and Ki, (i = a and s, respectively associated with the binding between the BCG 

bed and the surrounding, and the binding between the body and the platform) can be calculated 

by making use of the following equations [122]: 

a =
4	í	:ü(ì!ì"

)

e
 (6-12) 
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V =
16y"í" + a"e"

4	í	e"
 (6-13) 

6.9.1 Human Pilot Experiments and Data Processing 

The efficacy of the BCG bed in measuring the BCG signals was tested by collecting data from 5 

human subjects (Fig.  6-9 (a)). The following signals were collected in each subject: (i) an ECG 

acquired using 3-gel electrodes in the lead II configuration and interfaced with a wireless amplifier 

(BN-EL50, Biopac Systems, Goleta, CA, USA), (ii) a wearable chest BCG in the head-to-foot 

direction acquired using an accelerometer (PCB356A32, PCB Piezoelectronics, Inc., NY, USA), 

(iii) a bed BCG in the head-to-foot direction acquired using an accelerometer (PCB356A32, PCB 

Piezoelectronics, Inc., NY, USA). The signals were acquired at a sampling rate of 1 kHz. The 

subjects were asked to lie still on the suspended platform.  

 

Fig.  6-9: Experimental setup for the recording of BCG signal using the BCG bed apparatus in (a) Human (b) 

Animal 

The data was collected during two periods when subjects were breathing and then they were asked 

to hold their breath and the measurement was repeated. After band pass filtering (0.5 to 10 Hz) the 
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individual BCG beats were identified using the ECG R waves as the gating reference. The BCG 

beats associated with each beat were concatenated and representative BCG beats were calculated 

by taking the median of all beats.  

6.9.2 Animal Pilot Experiments and Data Processing 

Under the approval of the Institutional Animal Care and Use Committee (IACUC), data from 2 

swine subjects was collected under anesthesia and in strict accordance with the IACUC guidelines 

(Fig.  6-9 (b)). Once general anesthesia and mechanical ventilation were established, the following 

signals were collected using a Biopac MP 150 data acquisition system (Biopac Systems, Goleta, 

CA, USA) with a sampling frequency of 1KHz: (i) an ECG acquired using 3-gel electrodes in the 

lead II configuration (Biopac Systems, Goleta, CA, USA), (ii) chest head-to-foot and anterior-

posterior BCG signals were acquired by placing an accelerometer on the midsternum  

(PCB356A32, PCB Piezoelectronics, Inc., NY, USA). (iii) a bed BCG signal in the head-to-foot 

direction was acquired by placing an accelerometer on the suspended platform of the BCG bed. 

ECG R-peaks were detected using the famous Pan-Tompkins method [123] and used for gating 

the cardiac beats. BCG signals were band-pass filtered (0.5 to 10 Hz). The periodic peaks in the 

BCG bed signal associated with large respiration-induced motion were detected and the distorted 

cardiac beats in the vicinity of the respiratory peaks were excluded from further analysis. A 

representative wave was calculated by taking the median of the remaining beats.  

6.10. Results 

Fig.  6-10 (a) shows the impulse response of the BCG bed when it is loaded with a dead weight. 

Fig.  6-10 (b) shows an example plot of the impulse response of the human body when a tap is 
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applied on the shoulder. Table 6-1 shows the calculated spring and damping constants in the 

mathematical model of Fig.  6-1 obtained from the impulse tests. 

 

Fig.  6-10: Free vibration due to an impulse associated with (a) ULF BCG Bed (b) Human subjects lying on a fixed 

platform 

Table 6-1: The values of spring and damping constants for the binding between the BCG bed and the surrounding 

(Ka and Ca) as well as the average values of the three subjects associated with the spring and damping constants 

indicating the binding between the supine body and the platform (Ks and Cs) 

Property BCG bed (a) Body (s) [mean+/-std] 

Spring Constant (K) [Vñ/]] 168 4967080 +/- 2964613 

Damping Constant (C) [Vñ/]"] 22 6139 +/- 4014 

Fig.  6-11 shows the representative head-to-foot bed BCG, head-to-foot chest BCG, and anterior-

posterior chest BCG. The acceleration BCG signals acquired from the ULF BCG bed system, 

especially in human subjects have the general morphology of the records published from other 

ULF systems. The major I, J, and K waves can be clearly detected in the representative BCG 

signals. The signals exhibited a very consistent pattern in human subjects during the breath-holding 

period. In the animal, after removing the periods affected by respiration a consistent pattern in the 

BCG bed signal can be observed.  
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Fig.  6-11: Representative BCG acquired from the BCG bed apparatus. The top plot is associated with the BCG sensor 

placed on the suspended platform. The middle plot is associated with the head-to-foot component of the BCG signal 

acquired from the sensor placed on the subject’s chest. The bottom plot is associated with the anterior-posterior 

component of the BCG signal acquired from the BCG sensor placed on the subject’s chest (a) Human BCG.  (b) 

Animal BCG. 

6.11. Conclusion 

To ultimately evaluate the mathematical model developed in this work, ground truth BCG waves must 

be measured. Therefore, a BCG instrumentation apparatus was designed by the study of devices in 

the literature and built to give BCG measurements closest in nature to the “true” BCG in the model. 

The BCG apparatus consisted of a light platform suspended from a rigid frame. Two designs were 

constructed to accommodate both human and animal subjects. The physical basis of the BCG 

apparatus was studied and the mathematical model explaining the dynamics of the body and the 

BCG bed was characterized using experimental data. Pilot human and animal studies were 

performed using the BCG bed apparatus to investigate its capability to measure the BCG 

waveform. The recordings obtained from the BCG bed were close in morphology to the recordings 

reported in the literature which confirms the efficacy of the apparatus in BCG instrumentation. 
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Chapter 7: BCG Posture Study 

7.1. Introduction 

Pulse transit time (PTT) is one of the most widely investigated approaches to cuff-less blood 

pressure (BP) tracking [124]–[127]. One long-standing challenge associated with PTT is 

inconvenience associated with the acquisition of both proximal and distal arterial pulses. Recently, 

the ballistocardiogram (BCG) is receiving an increasing interest as a convenient timing reference 

for PTT computation [84], [128]–[130], by virtue of its unique advantage that it can be acquired 

at a distal body site (e.g., foot [84], [128], [129] or wrist [130]) to provide a timing associated with 

a proximal event (e.g., aortic valve opening). Despite its susceptibility to noise and artifacts, the 

BCG has the potential to advance cuff-less BP tracking by virtue of its direct relationship to arterial 

BP [131], [132], either by itself or together with other physiological signals including the 

electrocardiogram (ECG) and the photoplethysmogram (PPG). Prior work suggests that PTT 

defined as the time interval between fiducial points in the BCG (e.g., I wave in the force plate and 

weighing scale BCG [84], [128]–[130] and J wave in the wrist acceleration BCG [130], the use of 

which are supported by the physical mechanisms underlying the genesis of the BCG [131], [132]) 

and the PPG (e.g., foot) has a remarkable correlation with BP (especially diastolic BP (DP)).2 

A major shortcoming of existing work on BP tracking via wrist BCG-PPG PTT is that its 

implementation is limited to a specific posture: standing with arms vertically held down in the 

 

2 This work has been published in [139]. The author of this dissertation has contributed to the data collection, statistical 
analysis, and analysis of the mechanisms.  
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head-to-foot direction. Its versatility and generalizability in other postures has not been studied 

much. Considering the low signal-to-noise ratio associated with the wrist BCG signal, its 

acquisition must ideally be performed under minimal body motions. While standing posture is 

reasonably convenient, there are body postures more convenient than standing (e.g., sitting and 

supine) that may yield less body motions. In addition, constraining the arm to the main trunk (e.g., 

by placing the hand on the chest or by putting the hand on the shoulder) rather than holding it down 

vertically in the head-to-foot direction may help in suppressing wrist motions during BCG 

acquisition. However, neither the influence of the postural deviation from standing with arms 

vertically held in the head-to-foot direction on the efficacy of wrist BCG-PPG PTT in cuff-less BP 

tracking, nor the physical mechanisms responsible for the influence (if there is any), is known. A 

prior work reported that posture influences the BCG signal [32]. Hence, it is possible that BCG-

PPG PTT varies with respect to posture even when BP remains constant. Yet, prior research to 

understand the impact and mechanism of posture on the BCG and PTT is very rare. To enhance 

the versatility and robustness of wrist BCG-PPG PTT in BP tracking, the variability in wrist BCG-

PPG PTT with respect to a wide range of postural changes as well as the underlying physical 

mechanisms responsible for such a variability must be understood. 

Toward the ultimate goal of enabling robust cuff-less BP tracking with wrist wearables against 

postural changes, the goal of this chapter is to investigate the posture-dependent variability in wrist 

BCG-PPG PTT. BCG and PPG signals were acquired from 25 subjects under the combination of 

3 body (standing, sitting, and supine) and 3 arm (vertical in head-to-foot direction, placed on the 

chest, and holding a shoulder) postures. PTT was computed as the time interval between the BCG 

J wave and the PPG foot, and its variability with respect to the 9 postures was analyzed by invoking 

an array of possible physical mechanisms. To the best of our knowledge, our work revealed the 
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posture-induced changes in PTT and PAT in depth for the first time, by invoking and quantifying 

the effect of possible physical mechanisms responsible for such changes. The physical mechanisms 

discovered, and the analysis performed in this chapter may be applicable to the study of changes 

in various PTT under diverse postures not considered in this chapter. 

7.2. Human Subject Study 

Under the approval of the University of Maryland Institutional Review Board (IRB, ID 813845 

approved in June 2019) and written informed consent, a total of 25 healthy volunteers was studied 

by strictly following the IRB guidance. The subjects included 16 males and 9 females (age: 29+/-

9 years; weight: 67+/-13 kg; height 170+/-11 cm: mean+/-SD). 

7.2.1 Data Acquisition 

Upon arrival and completing written informed consent, we placed sensors to each subject to 

measure the following signals: (i) an ECG measured with 3-gel electrodes in the Lead II 

configuration and interfaced to a wireless amplifier (BN-EL50, Biopac Systems, Goleta, CA, 

USA); (ii) a finger clip PPG measured as a surrogate of wrist PPG using a transmittance mode 

PPG sensor (TSD124A, Biopac Systems, Goleta, CA, USA) and interfaced to a wired amplifier 

(DA100C, Biopac Systems, Goleta, CA, USA); (iii) a wrist BCG measured using a 3-axis 

accelerometer and interfaced to a wireless amplifier (BN-ACCL3, Biopac Systems, Goleta, CA, 

USA); and (iv) a non-invasive arterial BP waveform measured using a fast servo-controlled finger 

cuff embedded with a blood volume pulse sensor on the ring finger of a hand, which was height-

compensated and then transformed to brachial BP (ccNexfin, Edwards Lifesciences, Irvine, CA, 

USA) so that the measured BP was not affected by postural-induced changes in hydrostatic 
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pressure. We recorded all these signals synchronously at a sampling rate of 1 kHz throughout the 

study. 

After all the sensors were placed, we recorded the signals while each subject took the combination 

of 3 body (standing, sitting, and supine) and 3 arm (vertical in head-to-foot direction and (HF), 

placed on the chest (PC), and holding a shoulder (HS)) postures (Fig.  7-1) one after the other as 

follows. First, the subject was asked to stand still and take HF, PC, and HS postures. Second, the 

subject was asked to sit on a stool and take HF, PC, and HS postures. Third, the subject was asked 

to lie on a camping bed and take HF, PC, and HS postures. In each posture, we recorded all the 

signals for at least 1 min after confirming that transients during postural changes were settled via 

the visual inspection of the signal waveforms for beat-to-beat consistency. 

We used the component of the 3-axis wrist BCG most closely aligned with the head-to-foot 

direction for data analysis. This corresponds to the superior-inferior axis (shown as Y axis in Fig. 

1) in case of HF and the anterior-posterior axis (shown as X axis in Fig.  7-1, which gets 

approximately aligned with head-to-foot direction, although not perfectly) in case of PC and HS. 

7.2.2 Data Analysis 

We pre-processed the ECG using a 4th-order Butterworth high-pass filter with the cut-off 

frequency of 0.1 Hz and the PPG and the BCG using a 2nd-order Butterworth band-pass filter with 

the pass band of 0.5 Hz-10 Hz. We segmented the data acquired in each subject into 9 periods, 

each corresponding to each of the 9 postures (Fig.  7-1). Then, we computed BP (both systolic and 

diastolic) and heart rate representative of each posture in each subject as follows. First, we detected 

the R waves in the ECG signal by (i) detecting the R waves as local peaks and (iii) removing 
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erroneously detected local peaks that are not the R waves. Second, we gated cardiac beats using 

the ECG R waves, as time intervals between the neighboring ECG R waves. Third, we computed 

BP and heart rate associated with each cardiac beat. Fourth, we computed BP and heart rate 

representative of each posture in each subject as their median values associated with all the gated 

beats in the period corresponding to the posture in each subject. Finally, we computed BP and 

heart rate representative of each posture by taking the mean and standard deviation (SD) of these 

parameters across all the 25 subjects. 

In addition, we computed pulse arrival time (PAT: the time interval between the ECG R wave and 

the PPG foot) and PTT representative of each posture in each subject as follows. First, we detected 

the PPG foot in each cardiac beat using the intersecting tangent method [133]. Second, we derived 

the wrist BCG signal representative of each posture as the average of all the gated wrist BCG beats 

in the period corresponding to the posture in each subject. Third, we detected the BCG J wave in 

the representative wrist BCG signal as the local peak in the BCG signal between the ECG R wave 

and the PPG foot. Fourth, we derived the PPG foot timing representative of each posture by taking 

the median value of all the PPG foot timings relative to the ECG R waves in the period 

corresponding to the posture in each subject. Fifth, we derived PTT representative of each posture 

in each subject as the time interval between the BCG J wave and the representative PPG foot 

timing. Finally, we derived PTT representative of each posture by taking the mean and SD of PTT 

across all the 25 subjects.  
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Fig.  7-1: Body and arm posture for BCG acquisition. Body postures (rows): standing, sitting, and supine. Arm 

postures (columns): vertical in head-to-foot direction (HF), placed on the chest (PC), and holding a shoulder (HS). 
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We used the repeated-measures two-way ANOVA test to determine the effects of body posture 

and arm posture as well as their interactions on BP, heart rate, PTT, and PAT. In case the statistical 

significance was verified, we used the Tukey’s HSD multiple comparison tests as post-hoc 

analysis. Statistical significance was concluded when p<0.05. We performed all the statistical 

analysis using JMP (Version 14, SAS Institute Inc., Cary, NC). 

7.3. Results 

Table 7-1 summarizes (a) BP and (b) heart rate associated with all the body/arm postures. Table 

7-2 summarizes (a) wrist BCG-PPG PTT and (b) PAT associated with all the body/arm postures. 

Fig.  7-2 presents the profile plots associated with BP, heart rate, PTT and PAT. Fig.  7-3 presents 

representative wrist BCG waveforms associated with all the body/arm postures. BP and heart rate 

were comparable between standing and sitting postures. However, they were lower in supine 

posture than in standing and sitting postures, which may be due to an increase in vagal activations 

in the former than the latter. Indeed, we found a significant difference in DP, SP, and heart rate 

with respect to body posture (DP: F(2,216)=278.88, p<0.001; SP: F(2,216)=77.58, p<0.001; heart 

rate: F(2,216)=177.63, p < 0.001). But there was no significant difference in DP, SP, and heart rate 

with respect to arm postures. The interaction between body and arm postures was not significant. 

Tukey post-hoc test revealed that (i) DP and SP were significantly lower in supine posture than in 

standing and sitting postures and (ii) only SP but not DP was significantly different between 

standing and sitting postures; while (iii) heart rate was significantly different in all the body 

postures, highest in standing posture and lowest in supine posture. However, the absolute 

difference in SP and heart rate between standing and sitting postures was small. 
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Table 7-1: (a) Blood pressure (BP) and (b) heart rate associated with all the body/arm postures 

(a) BP: systolic/diastolic [mmHg]: mean (SE) 

 Standing Sitting Supine 

HF 113 (3)/ 69 (2) 116 (3)/ 69 (2) 102 (3)/ 57 (2) 

PC 111 (2)/ 68 (1) 114 (2)/ 69 (2) 106 (3)/ 58 (2) 

HS 112 (2)/ 69 (2) 115 (2)/ 69 (2) 105 (3)/ 57 (2) 

(b) Heart rate [bpm]: mean (SE) 

 Standing Sitting Supine 

HF 80 (2)  78 (2) 68 (2) 

PC 83 (2)  79 (2) 67 (2) 

HS 85 (2) 79 (2) 67 (2) 

Table 7-2: (a) Wrist BCG-PPG pulse transit time (PTT) and (b) pulse arrival time (PAT) associated with all the 

body/arm postures. 

(a) PTT: mean (SE) [ms] 

PTT Standing Sitting Supine 

HF 106 (3) 104 (4) 125 (4) 

PC 91 (3) 90 (4) 95 (5) 

HS 75 (5) 65 (5) 75 (5) 

(b) PAT: mean (SE) [ms] 

PAT Standing Sitting Supine 

HF 273 (4) 271 (4) 268 (4) 
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PC 283 (4) 284 (5) 274 (5) 

HS 283 (5) 274 (4) 267 (4) 

PAT practically remained comparable across all the body and arm postures, although there were 

statistically significant differences. We found a significant difference in PAT with respect to both 

body posture (F(2,216)=35.86, p<0.001) and arm posture (F(2,216)=28.31, p<0.001) as well as a 

significant interaction between them (F(4,216)=3.28, p=0.013). However, the absolute difference 

in PAT between different postures was small. 

 

Fig.  7-2: Profile plots associated with (a) blood pressure (BP), (b) heart rate, (c) PTT and (d) PAT. 

In contrast to PAT, PTT varied in response to changes in both body and arm postures. We found 

a significant difference in PTT with respect to both body posture (F(2,216)=9.67, p=0.001) and 

arm posture (F(2,216)=129.44, p<0.001) as well as a significant interaction between them 
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(F(4,216)=3.66, p=0.007). Tukey post-hoc test revealed that (i) PTT was not significantly different 

between standing and sitting postures; (ii) PTT was significantly larger in supine posture than in 

standing and sitting postures; (iii) PTT was significantly smaller in PC and HS than in HF; and (v) 

PTT was significantly larger in PC than in HS. 

 

Fig.  7-3: Representative wrist BCG waveforms associated with all the body/arm postures. J wave timing and 

amplitude are shown in black. PPG foot timing is shown in blue. 

The wrist BCG waveform exhibited a large posture-dependent variability. In regard to its body 

posture-dependent variability, the wrist BCG waveform remained quite consistent in standing and 

sitting postures while being largely altered in supine posture in case of HF. In particular, the 

waveform amplitude was decreased, and the timings associated with the fiducial points were 

altered. In contrast, the wrist BCG waveform remained quite consistent in all the body postures 
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considered in this work in case of PC and HS. In regards to its arm posture-dependent variability, 

the wrist BCG waveform exhibited distinct morphology associated with HF, PC, and HS. In all 

the body postures considered in this work, the amplitudes of the I and J waves were larger in HS. 

In HF, PC, and HS, the timings of the fiducial points (e.g., the J wave) were also notably altered.  

7.4. Discussion 

Despite its potential for ultra-convenient BP tracking, prior work on BCG-based PTT has been 

restricted to standing posture with arms vertically held in the head-to-foot direction. It would be 

ideal if the BCG could provide robust fiducial points for PTT computation in a wide range of body 

and arm postures. But the impact of body and arm postures on the BCG waveform, and 

accordingly, the fiducial points therein, remains unknown. Thus, the goal of this work was to 

investigate the posture-dependent variability of a BCG-based PTT (wrist BCG-PPG PTT). For this 

purpose, we designed and conducted a human subject study in which wrist BCG-PPG PTT was 

measured under 9 postures while BP was stably maintained. We invoke possible physical 

mechanisms responsible for the posture-induced variability in the wrist BCG-PPG PTT. Then, we 

analyze and interpret the experimentally observed posture-dependent PTT variability using these 

physical mechanisms. Details follow. 

7.4.1 Posture-Dependent Wrist BCG-PPG PTT Variability: Possible Physical 

Mechanisms 

There are an array of physical mechanisms potentially responsible for the posture-induced 

variability in the BCG-PPG PTT: 
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1) BP at the heart level: PTT is inversely proportional to BP at the heart level [124], which is the 

basis for PTT-based cuff-less BP tracking. Hence, BP variability associated with the changes in 

body and arm postures is responsible for PTT variability associated with these postures. 

2) Hydrostatic pressure: In addition to BP at the heart level, PTT is also affected by the hydrostatic 

pressure due to the height difference between the heart and the wrist. In the presence of height 

difference between the heart and the wrist, the arterial path between the heart and the wrist is 

subject to varying BP. Noting that BCG represents the heart event (e.g., aortic valve opening) 

while PPG represents the distal event (i.e., pulse arrival at the wrist site), the resulting wrist BCG-

PPG PTT is determined by the varying BP level along the arterial path from the heart to the wrist 

rather than just by BP at the heart level. For example, in case of standing posture with arms 

vertically held in the head-to-foot direction (i.e., HF), the wrist may be approximately 50 cm below 

the heart level, which may correspond to 35 mmHg increase BP at the wrist approximately relative 

to BP at the heart level [76]. Hence, the arterial path from the heart to the wrist is subject to an 

increasing BP: from the heart-level BP at the heart to the heart-level BP plus 35 mmHg at the wrist. 

Accordingly, the resulting PTT is smaller than PTT when the arm is at the same height as the heart.  

3) BCG instrument orientation: In standing posture with arms vertically held in the head-to-foot 

direction (i.e., HF), the BCG instrument in the wrist wearable acquires the BCG exactly in the 

head-to-foot direction. If the arm is not held strictly in the head-to-foot direction, the orientation 

of the BCG instrument is not aligned with the head-to-foot direction. The resulting BCG may be 

associated with morphology distinct from that of the typical head-to-foot BCG. This distortion in 

the wrist BCG morphology may alter the timings of the fiducial points therein and the 

corresponding PTT.  
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4) Vibration transmission characteristics: How the vibration due to the blood ejected by the heart 

is transmitted through the body to the wrist may depend on body and arm postures. For example, 

vibration transmission characteristics may differ between HF and PC/HS, since in the latter the 

arm is firmly attached to the main trunk. The effect of body and arm postures on the vibration 

transmission characteristics of the body is largely unknown and is essentially a black box. 

However, the alteration in the vibration transmission characteristics may alter the morphology of 

the wrist BCG signal, the fiducial points therein (especially their timings), and ultimately, PTT. 

5) PPG instrument-wrist contact pressure: The morphology of the PPG signal is affected by the 

trans-mural pressure at the PPG-body contact (called hereafter the contact pressure). Our team’s 

recent work showed that PTT computed with PPG as the distal timing reference increases as the 

PPG-body contact pressure increases in the positive trans-mural pressure regime due to the 

pressure-dependent change in arterial viscoelasticity [134]. Considering that wrist BP decreases as 

the arm is raised above the heart level, the PPG-wrist contact pressure decreases as the arm is 

raised. This decreases the wrist BCG-PPG PTT. 

6) Body-environment link: How the body is linked to the environment may also be responsible for 

the wrist BCG-PPG PTT by altering the BCG morphology. In particular, the BCG morphology 

may be more damped and its fiducial points delayed in supine posture than in standing and sitting 

postures due to larger friction at the body-environment interface (i.e., bed in supine; floor in 

standing; and chair in sitting). 

In summary, the change in PTT due to the change in posture (ΔT) may be given by: 
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ΔT = ΔT! + ΔT" + ΔT# + ΔTj + ΔTk + ΔTl (7-1) 

where ΔT!-	ΔTl are the changes in PTT due to changes in (i) BP at the heart level, (ii) hydrostatic 

pressure, (iii) BCG instrument orientation, (iv) vibration transmission characteristics, (v) PPG 

instrument-wrist contact pressure, and (vi) body-environment link, respectively. Note that only 

ΔT! is relevant in the context of PTT-based BP tracking, whereas ΔT"-	ΔTl are disturbances that 

adversely impact the accuracy of BP tracking. In interpreting the experimental results, we 

capitalize on prior work on the effect of BP (at the heart level) and PPG instrument-body contact 

pressure on PTT. According to a prior work [135], 1 mmHg BP change may yield approximately 

2 ms PTT change in the opposite direction on the average:  

ΔT! = 2ΔP, ΔT" = 2ΔPm (7-2) 

where ΔP is the change in BP at the heart level and ΔPm is the change in hydrostatic pressure. 

According to our recent work, 1 mmHg contact pressure change may yield approximately 0.2 ms 

PTT change in the same direction on the average [134]: 

ΔTk = 0.2ΔPn  (7-3) 

where ΔPn is the change in PPG instrument-wrist contact pressure. These relationships may not 

generalize perfectly to any subject. Yet, they may still be useful in understanding the relative 

importance of the physical mechanisms.  
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7.4.2 Posture-Dependent Wrist BCG-PPG PTT Variability: Interpretation of Results 

The wrist BCG-PPG PTT exhibited a few notable behaviors with respect to the changes in body 

posture and arm posture. First, we will compare and interpret PTT due to body posture change in 

HS versus PC and HS. Second, we will compare and interpret PTT due to arm posture change in 

standing and sitting versus supine. Details follow.  

Effect of Body Posture Change on PTT 

Summary: In HF, the wrist BCG-PPG PTT remained consistent in standing and sitting postures, 

while it showed drastic increase in supine posture (Table 7-2 (a)). In PC and HS, the wrist BCG-

PPG PTT essentially remained consistent across all the body postures considered in this work 

(Table 7-2 (a)). 

Details: In HF, there is little difference in BP at the heart level, hydrostatic pressure, BCG 

instrument orientation, vibration transmission characteristics, and PPG instrument-wrist contact 

pressure between standing and sitting postures. In addition, the body-environment link may have 

had minimal impact on the motions of body and wrist in the head-to-foot direction, as suggested 

by the comparable wrist BCG waveforms in these body postures (Fig.  7-3). In contrast, there were 

a number of differences in the physical mechanisms in supine posture compared with standing and 

sitting postures: (i) BP at the heart level was lower in supine than standing and sitting postures 

(Table 7-1: (a) Blood pressure (BP) and (b) heart rate associated with all the body/arm postures 

(a)); (ii) hydrostatic pressure between the heart and the wrist decreased in supine relative to 

standing and sitting postures; (iii) PPG instrument-wrist contact pressure likewise decreased in 

supine relative to standing and sitting postures; (iv) body motion may have been more constrained 
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in supine posture than in standing and sitting postures due to much larger contact area at the body-

bed interface (encompassing trunk, arms, and legs) than foot-floor and hip-chair interface. The 

supine posture was associated with approximately 10 mmHg lower BP, 18 mmHg lower effective 

hydrostatic pressure (in that the arterial path in HF was subject to an increasing BP from its 

proximal (heart BP) to distal (heart BP plus 35 mmHg) sites assuming the arm length of 50 cm in 

standing and sitting postures), and 45 mmHg lower PPG instrument-wrist contact pressure. This 

may approximately amount to 20 ms increase (Eq. (7-2)), 36 ms increase (Eq. (7-2)), and 9 ms 

decrease (Eq. (7-3)) in PTT, totaling 47 ms increase in PTT. Noting that (i) PTT was larger in 

supine posture than in standing and sitting postures by approximately 20 ms (Table II(a)), and that 

(ii) PAT did not change much across body postures (Table 7-2 (b); which means that the time 

interval between the ECG R wave and the PPG foot did not change much and the change in PTT 

is primarily attributed to the change in the location of the wrist BCG J wave relative to the PPG 

foot), it is our speculation that the friction at the body-bed interface may have decreased PTT by 

approximately 27 ms by distorting the BCG waveform and specifically lagging its J wave by 27 

ms.  

Noting that wrist was constrained approximately at the heart level in PC and HS with one axis of 

the BCG instrument approximately aligned with the head-to-foot direction, there may have been 

negligible difference in hydrostatic pressure due to arm posture, BCG instrument orientation, and 

vibration transmission characteristics across 3 different body postures. Indeed, assuming the 

distance of 5 cm between the heart and the wrist (amounting to 1.8 mmHg decrease in hydrostatic 

pressure), the supine posture may be associated with approximately <4 ms increase in PTT due to 

hydrostatic pressure relative to standing and sitting postures (Eq. (7-2)). But at the same time, there 

were a number of differences in the physical mechanisms in supine posture compared with 
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standing and sitting postures: (i) the supine posture was associated with 10 mmHg lower BP at the 

heart level (Table 7-1 (a)) and 14 mmHg  (due to 10 mmHg decrease in BP at the heart level + 4 

mmHg decrease in hydrostatic pressure) lower PPG instrument-wrist contact pressure relative to 

standing and sitting postures; and (ii) the friction at the body-bed interface in supine posture may 

have decreased PTT (as described above). This may approximately amount to 20 ms increase (Eq. 

(7-2)), <3 ms decrease (Eq. (7-3)), and 27 ms decrease in PTT, totaling 6 ms decrease in PTT. 

Noting that PTT remained practically the same (Table 7-2 (a)), 6 ms may be attributed to the 

approximations associated with our calculation and may practically be negligible. 

Effect of Arm Posture Change on PTT 

Summary: PTT showed drastic decrease in PC and HS relative to HF in all the body postures 

(Table 7-2 (a)).   

Details: On one hand, BP level was essentially the same in all the arm postures associated with 

each body posture (Table 7-1 (a)). In addition, the change in BCG instrument orientation was 

minimal (not shown). On the other hand, there were a number of differences in the physical 

mechanisms between PC and HS versus HF. In case of standing and sitting postures, the change 

in the height of the wrist with respect to the heart associated with PC and HS relative to HF may 

have yielded approximately 36 ms increase in PTT (due to an effective 18 mmHg decrease in the 

hydrostatic pressure as described above; Eq. (7-2)). This increase in PTT may have been modestly 

reduced by the decrease in the PPG instrument-wrist contact pressure; the contact pressure was 

lower by 35 mmHg in PC and HS than HF, which approximately decreases PTT by 7 ms (Eq. 

(7-3)). Noting that there was no difference in body-environment link in each body posture, it is our 

speculation that the vibration transmission characteristics may have been a key physical 
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mechanism responsible for the drastic PTT decrease in PC and HS associated with standing and 

sitting postures (approximately 40~70 ms, given a resultant decrease in PTT of 10~40 ms (Table 

7-2 (a))). In case of supine posture, there may have been minimal difference in hydrostatic pressure 

and PPG instrument-wrist contact pressure (whose effect on PTT may be <4 ms increase (Eq. 

(7-2)) and <1 ms decrease (Eq. (7-3)), respectively, as described above), and perhaps also in body-

environment link between PC and HS versus HF. In addition, the change in BCG instrument 

orientation was minimal (not shown). Hence, it is our speculation that the vibration transmission 

characteristics again may have been a key physical mechanism responsible for the drastic PTT 

decrease in PC and HS associated with supine posture (approximately 30~50 ms, given a resultant 

decrease in PTT of 30~50 ms (Table 7-2 (a))). As mentioned earlier, the exact mechanism 

underlying how the posture affects the vibration transmission characteristics and how the vibration 

transmission characteristics affects wrist BCG-PPG PTT is unknown, other than the conjecture 

that it may substantially distort the wrist BCG waveform and shift the timings of the fiducial points 

therein (lagging the J wave in particular; Fig.  7-3). Indeed, PAT did not change much across arm 

postures (Table 7-2 (b); which means that the time interval between the ECG R wave and the PPG 

foot did not change much and the change in PTT is primarily attributed to the change in the location 

of the wrist BCG J wave relative to the PPG foot). Hence, it is our speculation that changing arm 

posture from HF to PC and HS decreased PTT primarily by distorting BCG waveform, perhaps 

through the changes in both the mechanical characteristics (e.g., stiffness and damping) of the 

body and the excitation pathways associated with the changes in posture.  

Table 7-3 shows the decomposition of the posture-dependent wrist BCG-PPG PTT variability into 

the possible physical mechanisms. Fig.  7-4  provides a visual summary of the primary disturbances 

associated with the effect of body and arm postures on wrist BCG-PPG PTT. 
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Table 7-3: (a) Blood pressure (BP) and (b) heart rate associated with all the body/arm postures 

(a) Body posture change from standing/sitting to supine. 

 1 2 3 4 5 6 Total 

HF +20 ms +36 ms 0 ms 0 ms -9 ms -27 ms +20 ms 

PC/HS +20 ms +4 ms 0 ms 0 ms -3 ms -27 ms -6 ms 

(b) Arm posture change from HF to PC/HS. 

 1 2 3 4 5 6 Total 

Standing/Sitting 0 ms +36 ms 0 ms -40~-70 ms -7 ms 0 ms -15~-40 ms 

Supine 0 ms +4 ms 0 ms -30~-50 ms -1 ms 0 ms -30~-50 ms 
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Fig.  7-4: Visual summary of the primary disturbances associated with the effect of body and arm postures on wrist 

BCG-PPG PTT. BP at the heart level is assumed to remain constant.  

Posture-Dependent PAT Variability: Interpretation of Results 

Although the primary focus of this chapter is to understand posture-dependent PTT variability, it 

may also be of interest to understand posture-dependent PAT variability. Noting that PAT is 

influenced by (i) a subset of the physical mechanisms influencing PTT and (ii) pre-ejection period 

(PEP), posture-dependent PAT variability may be understood by capitalizing on the results in 

Table 7-3 and the posture-dependent PEP variability. In particular, PAT is influenced by BP at the 

heart level, hydrostatic pressure between the heart and the wrist, and PPG instrument-wrist contact 

pressure while it is not influenced by BCG instrument orientation, vibration transmission 

characteristics, and body-environment link. In addition, prior work suggests that PEP tends to (i) 

decrease in supine posture relative to standing and sitting postures due to increased vagal 

activations and (ii) remain more or less the same in standing and sitting postures [136], [137]. First, 

consider the PAT variability with respect to body posture. In Table 7-3 (a), BP at the heart level, 

hydrostatic pressure, and PPG instrument-wrist contact pressure yield approximately 47 ms 

increase in PTT in HF, and 21 ms increase in PTT in PC and HS in case the body posture changes 

from standing and sitting to supine. Considering that PAT remained the same in HF while 

decreased by approximately 10 ms in PC and HS when the body posture changed from standing 

and sitting to supine (Table 7-2 (b)), it is our speculation that PEP may have decreased by 

approximately 30~50 ms due to the body posture change. Second, consider the PAT variability 

with respect to arm posture. In Table 7-3 (b), BP at the heart level, hydrostatic pressure, and PPG 

instrument-wrist contact pressure yield approximately 29 ms increase in PTT in standing and 

sitting postures, and 3 ms increase in PTT in supine posture in case the arm posture changes from 
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HF to PC and HS. Considering that PEP may not have changed during the arm posture change, 

PAT is predicted to increase by approximately 29 ms in standing and sitting postures while remain 

more or less the same in supine posture. Our prediction is modestly consistent with the 

experimental PAT variability of approximately 10 ms increase in standing and sitting postures as 

well as no change in supine posture (Table 7-2 (b)). 

Finally, it is emphasized that numerical estimates of the PTT and PAT variability associated with 

each of the physical mechanisms predicted in our work (including those shown in Table 7-3) are 

likely not exact. Nonetheless, they may still be useful in qualitatively determining major physical 

mechanisms responsible for posture-dependent PTT and PAT variability. In fact, Table 7-3 

suggests that hydrostatic pressure between the heart and the wrist, vibration transmission 

characteristics, and body-environment link appear to be major mechanisms that act as disturbance 

in the context of cuff-less BP tracking. 

Implications to Cuff-Less Blood Pressure Tracking 

Experimental observations and interpretations made in this work may lead us to several key 

implications relevant to the versatility and robustness of wrist BCG-PPG PTT in enabling cuff-

less BP tracking under a wide range of postures. First, the evidences for the potential of cuff-less 

BP tracking via wrist BCG-PPG PTT demonstrated under standing HF posture may generalize 

directly to HF in sitting posture. Second, even in standing and sitting postures, the aforementioned 

evidences may not generalize when the arm is in postures other than HF, due to alterations in the 

vibration transmission characteristics and also possibly due to the distortion in the wrist BCG 

waveform caused by the deviation of the orientation of the BCG instrument from the head-to-foot 

direction. Third, body-environment link may have a profound impact on the efficacy of wrist BCG-
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PPG PTT via the alteration of the wrist BCG waveform. For example, the aforementioned 

evidences may not generalize to supine HF posture due to the difference in contact area at the 

body-bed interface versus foot-floor (in standing) and hip-chair (in sitting) interface. 

It is noted that the small change in PAT against body and arm postures does not indicate its 

robustness against posture but its limited value in tracking BP under a wide range of postures. 

Indeed, PAT could not capture the effect of the change in BP at the heart level and hydrostatic 

pressure between the heart and the wrist due to the change in body posture (i.e., standing/sitting to 

supine). 

Lastly, the limitations observed in this work in regard to the versatility and generalizability of the 

evidence for the potential of cuff-less BP tracking via wrist BCG-PPG PTT in standing HF posture 

do not simply imply that cuff-less BP tracking via BCG-PPG PTT is not feasible in postures other 

than specific body and arm postures (i.e., HF in standing and sitting postures). Rather, more 

profound understanding of the physical mechanisms (e.g., by expanding the mathematical models 

of the BCG available in the literature [131], [132], [138]) may increase the versatility of the wrist 

BCG for cuff-less BP tracking. For example, the general applicability of wrist BCG-PPG PTT to 

wide-ranging postures may be achieved by establishing the understanding of the relationship 

between various body/arm postures and vibrational transmission characteristics (which is the most 

prominent disturbance based on this work (Table 7-3)). In addition, the variability in the body-

environment interface in various body postures may be detected and accommodated if a rigorous 

physical insight of its effect on wrist BCG waveform and J wave timing is available. Even if 

complete understanding of the physical mechanisms turns out to be intractable, the feasibility of 

cuff-less BP tracking via wrist BCG-PPG PTT in postures other than standing HF posture may 
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still be explored. For example, the BP-dependent behavior of wrist BCG-PPG PTT associated with 

PC and HS with respect to changes in BP may be studied in order to draw conclusions in regard to 

the utility of wrist BCG-PPG PTT associated with PC and HS in cuff-less BP tracking. 

7.5. Study Limitations 

This study has limitations to be accounted for in interpreting its results. First, there are factors that 

may have impacted the accuracy of BP and PTT measurements. These may include the inaccuracy 

that may originate from the non-invasive finger BP measurement device and the PPG foot 

detection method. Our study was conducted in a stable physiological state without any BP-

perturbing interventions, in which the BP measurement is reliable, and PPG exhibits high signal 

quality. Hence, the effect of these inaccuracy on the findings from this study may not be substantial 

if not negligible. Second, long-term validity of the findings was not shown. It is known that the 

morphology of the BCG signal is primarily determined by arterial BP waveform [131], [132]. 

Hence, we anticipate that the findings from this study may remain valid for at least certain 

longitudinal period (i.e., weeks). Yet, longer-term consistency of the findings must be 

experimentally proven in a future work. 

7.6. Conclusions 

This work investigated the variability in the wrist BCG-PPG PTT against wide-ranging body and 

arm postures. It was illustrated that the posture-dependent wrist BCG-PPG PTT variability is 

governed by an array of physical mechanisms, including BP at the heart level, hydrostatic pressure 

between the heart and the wrist, BCG instrument orientation, vibration transmission 

characteristics, PPG instrument-wrist contact pressure, and body-environment link. Based on the 
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interpretation of the PTT variability with these physical mechanisms, we speculate that the 

promising potential of the wrist BCG-PPG PTT in cuff-less BP tracking in standing HF posture 

demonstrated in the existing body of work may generalize to standing and sitting postures with 

HF, whereas follow-up work is required before its potential in a wide range of body and arm 

postures can be established. Effort must be invested in particular to achieve more complete 

understanding of the physical mechanisms responsible for the posture-dependent variability in 

wrist BCG-PPG PTT as well as rigorous investigation of PTT-BP relationship in various body and 

arm postures under BP-perturbing interventions. 
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Chapter 8: Conclusions  

Cardiovascular disease (CVD) is the leading cause of mortality and morbidity that imposes a 

profound impact on health and the economy in the United States as well as globally. Considering 

the profound negative effect of CVD on public health and the economy, its effective and early 

detection and management are paramount. Achieving this goal requires ubiquitous and ultra-

convenient CV health and risk predictor monitoring. Ballistocardiogram (BCG) has the potential 

to enable ultra-convenient CV health monitoring due to its close relation to cardiac functions and 

amenity for convenient measurement.  

8.1. Summary of Contributions 

Limited understanding of the physical mechanism of BCG has hampered its effective use in CV 

health and risk assessment. To overcome this challenge, the first part of this dissertation was 

dedicated to a series of modeling efforts to find the association between CV risk predictors and the 

BCG using a mathematical model. 

Two mathematical models were studied as representations of arterial hemodynamics, and they 

were compared in terms of their efficacy in reproducing arterial waveforms in humans. An 

effective but simplistic uniform TL model was compared with an exponential TL model that 

incorporated a more realistic assumption for arterial tapering in the aorta using experimental 

invasive human data. This was the first study that investigated the efficacy of incorporating the 

exponential tapering assumption in humans. The results of this study suggested that the uniform 

TL model may be more robust and thus preferred as the representation for BP wave propagation 

in the human aorta relative to the exponentially tapered TL model. In comparison with the uniform 
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TL model, the exponentially tapered TL model may not provide valid physiological insight into 

the aortic tapering, and the improvement in the goodness of fit offered by the exponential aortic 

tapering may only be marginal. Considering that exponential aortic tapering is relevant from a 

physiological standpoint, future work on more rigorous investigation and refinement of the 

exponentially tapered TL model will be rewarding. 

In the next step, a closed-form mathematical model was developed by the integration of the 

selected TL model and a prior BCG mechanism model, that could predict the BCG waveform from 

a single arterial BP waveform. The model can be defined using 6 physiologically interpretable 

model parameters. A representative BP waveform along with nominal values for model parameters 

was fed into the model and a BCG waveform was predicted as the output. The simulated BCG 

waveform showed close similarity with six BCG waveform recordings from the literature that 

supports the validity of the model.  

As the next step, leveraging the closed-form BCG model, an extended mathematical model was 

developed which allowed for the investigation of the effect of the changes in the CV states on the 

morphology of the BCG waveform. Thus, the mathematical model can serve as a systematic tool 

to elucidate the relationship between the CV risk predictors and the BCG. In addition, by 

perturbing the CV variables that were inputs of the model, the relationship between the features in 

the BCG waveform and various CV risk predictors was studied. The BCG features deemed 

sensitive to changes in CV parameters were used in tracking the BP trend. The advantage of this 

disciplined model-based approach for BCG feature selection was that the set of chosen features is 

generalizable to different data sets. Therefore, this method has the potential to facilitate ubiquitous 

BP trend tracking.  
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To ultimately evaluate the mathematical model developed in this work, ground truth BCG waves 

must be measured. BCG waveforms recorded with different sensors and different devices have 

morphological differences. Therefore, a BCG instrumentation apparatus was designed by the study 

of the devices in the literature and built to give BCG measurements closest in nature to the “true” 

BCG predicted by the model. The BCG apparatus consisted of a light platform suspended from a 

rigid frame. Two designs were constructed to accommodate both human and animal subjects. Pilot 

human and animal studies were performed using the BCG bed apparatus to investigate its 

capability to measure the BCG waveform. The recordings obtained from the BCG bed were close 

in morphology to the recordings reported in the literature which confirms the effectiveness of the 

apparatus in BCG instrumentation. 

Rapid technological advances in the field of electronics have made the BCG measured via wrist 

wearables a viable candidate for CV health monitoring. Toward the ultimate goal of enabling 

robust cuff-less BP tracking with wrist wearables against postural changes, in the last chapter, the 

posture-dependent variability in wrist BCG-PPG PTT was investigated. BCG and PPG signals 

were acquired from 25 subjects under the combination of 3 body (standing, sitting, and supine) 

and 3 arm (vertical in head-to-foot direction, placed on the chest, and holding a shoulder) postures. 

PTT was computed as the time interval between the BCG J wave and the PPG foot, and its 

variability with respect to the 9 postures was analyzed by invoking an array of possible physical 

mechanisms. This work revealed the posture-induced changes in PTT in depth for the first time, 

by invoking and quantifying the effect of possible physical mechanisms responsible for such 

changes. The physical mechanisms discovered, and the subsequent analysis may apply to the study 

of changes in various PTTs under diverse postures not considered in our work. 



127 

 

8.2. Limitations and Future Work 

Overall, this study provides new insights into the association between BCG and CV health 

parameters. As a result, BCG implemented in daily devices such as bathroom weighing scales and 

wearables can provide new opportunities for ultra-convenient CV health and disease monitoring. 

However, there are several limitations that should be addressed in future studies to further pave 

the path to true convenient BCG-based CV health monitoring.  

First, this study lacked simultaneously recorded BCG and BP waveform data. To rigorously 

evaluate and validate the mathematical model developed in this work, ground truth BCG waves, 

as well as invasive BP waves, must be measured in the same subjects. Future studies should 

measure both BCG and BP waveforms under wide-ranging hemodynamic states. Therefore, these 

studies should be performed in animal subjects that can accommodate invasive measurements and 

varying hemodynamic states. Then, the experimental data thus obtained should be used to validate 

the model by assessing its ability to fit the experimental BCG and BP waveforms in different 

hemodynamic states.  

Second, although BCG has a great potential for seamless monitoring of PTT and BP, convenient 

BP-PTT calibration is still an open challenge for two major reasons. First, there is a need to find 

the “calibration curve parameters” which are subject-specific. Second, given the fact that the artery 

stiffens with aging and alters the relationship between PTT and BP, the relation between BP-PTT 

must be calibrated continuously. Existing PTT-BP calibration techniques typically involve the 

measurement of reference BP and PTT during BP-perturbing interventions. However, ideal 

calibration must not require burdensome interventions for the sake of user convenience. Therefore, 
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to enable truly seamless BP tracking efforts must be devoted to developing novel convenient 

calibration techniques. 

Third, the subject cohort used in the study of the PTT-PWA approach in the cuffless BP trend 

tracking study was not diverse. All subjects were young and healthy with no known cardiovascular 

disease. In addition, the sample size was not large. The efficacy of the PTT-PWA approach in 

diverse subject cohorts (such as subjects with isolated systolic hypertension in which DP and SP 

diverge) needs to be investigated.  

Finally, since (i) CV risk predictors and parameters can be easily estimated from arterial BP and 

blood flow waves but not directly from the BCG, and (ii) BCG unlike BP wave is amenable to 

convenient instrumentation, the ultimate purpose of the mathematical model is to estimate CV risk 

predictors from BCG measurement alone. Therefore, future effort must be devoted to 

characterizing the closed-form BCG model developed in this study and using it to estimate BP 

waveforms and subsequently CV parameters from BCG recordings.  
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