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Abstract

Vital signs such as heart rate (HR) and respiration rate (RR) are critical for the clinical
assessment of an individual's health and have high predictive value in identifying
undesired events like cardiac arrest, critical dizziness, arrhythmias, and synchronization
with respiration rate. Traditional contact-based methods are limited by their reliance on
accessories attached to the body, making continuous monitoring challenging in both
clinical and home environments. Moreover, wearable devices may not be suitable for
patients with skin allergies, burns, or infants. Microwave radar sensing, which offers
superior penetration through materials and clothing, and is less affected by
environmental conditions, is posited as a promising alternative for continuous, non-

contact monitoring.

However, extracting physiological information from radar signals presents a
significant challenge, primarily because the phase changes in the received signal are
highly susceptible to environmental noise and interference, particularly when
measuring HR in realistic circumstances. Even the individual's body movement can
substantially impact HR readings. Skin displacement from heart activity is much smaller
than that caused by respiration, leading to a weaker reflected signal from heartbeats
compared to respiration. Furthermore, the HR spectrum's entire frequency range
contains significant noise from the second and third-order harmonics of the respiration
and intermodulation products. Environmental clutter and random body movements also
add to the noise in the received reflected signal, posing a considerable challenge in

developing an efficient system for HR estimation.

The research focuses on developing an efficient, accurate, and privacy-aware
non-contact vital sign (NCVS) monitoring method using mm-wave radar technology and
devising a signal processing algorithm to improve the accuracy of heart rate and
respiration rate measurements. The research adopts a multi-pronged approach to
achieve these goals. This includes analytical modelling of the chest wall motion due to
cardiovascular activity, facilitating a nuanced understanding of trade-offs between

various radar parameters. Furthermore, the study proposes using a non-linear signal



analysis technique, resonance sparse spectrum decomposition (RSSD), to better capture
and analyze the complex dynamics of non-stationary signals. RSSD decomposes the
signal into time-varying frequency components using wavelet decomposition and sparse
approximation, identifies and isolates resonant frequencies, and constructs a sparse
representation of the signal. This approach offers a highly accurate and efficient method
for analyzing non-stationary signals with time-varying spectral characteristics. A

harmonic-based algorithm is formulated to improve the accuracy of HR measurement.

Additionally, target localization, crucial for the practical deployment of radar-
based NCVS systems, becomes even more challenging due to the inevitable positional
changes in real-world scenarios. We introduce an automatic, real-time beam steering
and beam forming algorithm for identifying target locations, which augments the signal-
to-noise ratio (SNR) and enhances vital sign estimation accuracy. The effectiveness of
the proposed method is evaluated through a series of experiments carried out in various
realistic settings, including artificial clutter and body movements such as reading a book,
drinking water, and forward and backward body movements. To mitigate the noise and
interference due to these additional attributes, we optimize the Q factor selection for
each dataset by modifying the RSSD algorithm parameter selection by leveraging the
sub-band energy distribution leading to a more precise extraction of HR. The findings
demonstrate that the proposed method effectively mitigates issues caused by unwanted
clutter, manages random body motion and harmonic interference, and significantly

improves HR estimation accuracy by reducing noise in the phase signal.
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Chapter 1

Introduction

This chapter introduces the research topic and outlines the rationale for undertaking the
proposed study. Furthermore, it discusses the gaps in the existing area of research and
then presents contributions to bridge those gaps. The chapter concludes by presenting

the research methodology and outlining the structure of the thesis.



1. Background

The most frequently measured parameters for clinical assessment of an individual’s
health include vital signs such as heart rate, breathing rate, body temperature, blood
oxygen saturation, and arterial blood pressure [1], [2]. Among these indicators, the
respiratory rate (RR) and heart rate (HR) have a high predictive value in identifying
undesired events like cardiac arrest, critical dizziness, arrhythmias, cardiac rhythm,
temperature regulation, and synchronization with respiration rate, as compared to
other parameters like pulse or blood pressure [3], [4]. According to projections, the
global population of people aged over 65 is expected to double in 2050 [5]. Sudden
infant death (SID) or “crib death” is also a major cause of death in infants, with an
estimated 41% of 3400 sudden unexpected infant deaths (SUID) per year reported in the
United States [6], [7]. Evidence suggests that physiological defects in breathing control
mechanisms can cause crib death. As a result, continuous monitoring of vital signs is
crucial for ensuring the well-being of both adults and infants. This system also allows
clinicians and caregivers to detect abnormal findings early, monitor disease progression,

and assess treatment effectiveness.

Radar technology, bolstered by advancements in integrated circuits that allow
for affordable short-range applications, has become a primary choice for diverse uses,
including collision avoidance in vehicles, structural monitoring, fall detection, and health
monitoring [8]. Renowned research institutes such as the Massachusetts Institute of
Technology (MIT), Stanford University, Johns Hopkins University, and the National
Institutes of Health (NIH) contribute to advancing radar-based vital signs monitoring
technologies through their state-of-art research and development efforts. The vital signs
monitoring devices market experienced substantial growth, reaching a value of USD 9.2
billion in 2022. It is projected to maintain a compound annual growth rate (CAGR) of
8.5% from 2023 to 2030 [9]. Continuous innovation in contactless vital signs monitoring
devices is fuelling market growth in-home care, as it offers convenient and affordable
long-term care and post-surgical recovery options. There is an increasing requirement

for accurate and personalized vital sign monitoring, mainly due to the prevalence of
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Figure 1: Potential application of radar-based vital sigh monitoring in smart home care systems.

lifestyle-related chronic diseases. The COVID-19 pandemic has further boosted the
demand, emphasizing the importance of early detection and continuous monitoring.
These devices have evolved from individual tools that measure blood pressure, pulse,
respiration, and temperature to multifunctional, all-in-one devices. This has attracted
the interest of major companies such as Koninklijke Philips N.V., Medtronic, Nihon
Kohden Corporation, GE Healthcare, Masimo, Omron Healthcare, Contec Medical
Systems Co. Ltd, A&D Company Ltd., Nonin Medical Inc., and SunTech Medical, Inc.
These key market players employ strategic initiatives to maintain their competitiveness
and introduce innovative products in diverse markets. Fig. 1 depicts the potential

application of radar technology in smart home care systems.

1.1 Contactless Vital Sign Monitoring in Healthcare

The conventional method of measuring vital signs, such as electrocardiography (ECG),
involves direct contact of electrodes and probes with the skin, which cause discomfort
for patients, particularly those with skin allergies, burns, or infants with small limbs,
making electrode placement challenging. Moreover, skilled personnel are required for

ECG measurement, making it suitable only for clinical settings and resulting in increasing
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hospitalization periods and medical costs. Another alternative method, such as
photoplethysmography (PPG), also requires accurate and controlled placement of
sensors and body contact, which limits its use for continuous monitoring or home
healthcare [10]. Therefore, there is a growing need for a robust and precise non-contact

approach to vital sign measurement.

Monitoring vital signs non-invasively can have significant benefits in health
management, including reducing the time needed to record and maintain patient data
logs, improving disease prognosis, and enabling in-home health care for older adults
[11]. Non-contact vital sign measurement has the potential to be applied to various
areas, such as infant monitoring [12], sleep monitoring [13], home health care [14], and

driver safety [15].

A wide range of non-contact methods based on different sensing technologies
[16], such as optical vibrocardiography [6], [17], audio signal [18], [19], thermal imaging
[20]-[22], RGB camera [23], [24], ultrasound radar [25], and microwave radars [26] have
been utilized to design various non-contact vital sign monitoring systems. Despite
advancements in sensing technology and signal processing techniques, limitations are
still associated with each technology. Although vibrocardiography (VCG) has
demonstrated similar accuracy to ECG in resting subjects [6], it requires a retroreflective
tape attached to the chest wall to obtain a high-quality reflected signal [18], which
restricts user adaptability. Additionally, the VCG signal is heavily distorted by motion
artifacts due to its large resolution and the noise in the spectrogram caused by factors
such as insufficient respiratory lung volume, background noise, and the presence of
multiple people [19]. Furthermore, it cannot be universally applied to patients with

heart transplants, speech problems, or irregular lung activity.

Another method uses reflected light to capture volumetric changes in facial
vessel walls during cardiac cycles [24]. While this method is accurate, its adaptability is
limited by its illumination requirements and invasiveness, and the accuracy can be
affected by slight movements or inaccurate face tracking. Some research studied a
passive infrared camera to capture the thermal pattern of superficial vessels, modulated

by pulsating blood flow during cardiovascular activities [20], [21]. However, this method
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requires the subject to be stationary and facing the camera, and the accuracy is limited

by manual segmentation of vessels and external temperature variations [22].

Compared to other non-contact sensing methods, such as visible light or infrared,
microwave radar sensing exhibits superior penetration through material and clothing
and resilience to environmental conditions. This makes it a reliable non-contact method
for cardiovascular activity monitoring, even in unilluminated settings. [27]. The Doppler
effect allows for the detection of skin displacements induced by physiological
movements, such as breathing and heartbeat, by measuring phase shifts of the reflected
radar signal. Thus, doppler, specifically frequency-modulated continuous wave (FMCW)
radar, has been extensively researched for non-contact measurement of cardiovascular
activity. Current research efforts are focused on developing a radar-based, highly

accurate, power-efficient, and robust contactless device for practical applications.

However, the radar-based vital signs monitoring of an individual in real-world
settings presents a significant challenge due to interference caused by clutter, motion
artifacts, intermodulation products, and RR harmonics. This study aims to overcome
these challenges by extending the simultaneous monitoring of HR and RR for semi-
stationary persons and improving the accuracy of HR detection by suppressing motion
artifacts and clutter. The research will enable efficient health management with less
supervision and may have applications in home care for adults, sleep apnea, driver’s

health, and baby monitors.

1.2 FMCW Radar System for Vital Sign Monitoring

A radar system consists of a transmitter that emits the electromagnetic waveform
towards the target, usually in the microwave or millimeter band, and senses the
reflected echoes back at the receiver. The minute chest wall displacement is measured
through the Doppler effect principle, where reflected received signal is phase-
modulated by the chest wall’s displacement motion [28]. The received signal is phase
demodulated, and then fast fourier transform (FFT) and other signal processing

techniques are applied to estimate the respiration and heartbeat frequency [29].
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Various radar systems have been explored and analyzed for their operation,
covering a wide range of frequencies and different output power related to the system's
sensitivity. The standard radar technique used for vital sign measurement includes
continuous wave (CW) radars [30]-[37], ultra-wideband pulsed radar (UWB) [38]-[41],
frequency modulated continuous wave (FMCW) [42]-[45] and stepped-frequency
continuous-wave radar (SFCW) [46] configured either as a single or quadrature channel

radar. The CW radars have been extensively used for their simplicity and low cost, but



the CW radar cannot extract the target range because of the lack of time information
owing to missing modulation. The need for isolating the transmitter and the receiver is
another limitation of the CW radar system. UWB offers several advantages over CW
radar, including target range detection and high-range resolution [47]. However, the
pulse bandwidth needs to be increased to increase the resolution, shortening the pulse
width. Reducing the pulse width to an extent is limited by the technology [48], [49]. UWB
radar transmits a wideband waveform, making it very unfavorable if low-power devices

should operate in near proximity.

Numerous studies have explored the potential of FMCW radar in contactless vital
sign monitoring, such as HR and RR. FMCW radar systems can determine both the
distance and velocity of moving objects. The system calculates the distance by
measuring the frequency difference (Af) between the transmitted and received echo
signals. The chest wall motion is oscillatory in nature and, therefore, can be estimated
through the phase of the radar-received signal. The process of phase extraction in an
FMCW radar is explained in Fig. 2, with waveforms at each stage. Collected received
chirps are stored in a data cube. Fast time sampling establishes the target range bin,
followed by slow time sampling to extract the signal phase, as shown in the Fig. 3. The
FMCW radar continuously alters the transmitted signal's frequency using a known rate
modulation signal over a set time period. Different modulation techniques can be
utilized, such as sawtooth, triangular, sine wave, square wave, and stepped modulation.
Sawtooth and triangular wave modulations are the most commonly used [50]. The
FMCW can be realized with low power consumption microchips than pulsed radar,
better range resolution owing to the wide bandwidth, and therefore presents a better
choice. Despite the promising results, several challenges must be addressed before
Doppler radar can be widely adopted for contactless vital sign monitoring. These
challenges include optimizing the radar system design and developing accurate and

reliable signal processing algorithms for complex, realistic scenarios.

The mmWave radar technology, operating at 30 to 300 GHz frequencies, offers a
wide range of unexplored spectrums for wireless sensing, imaging, and positioning. The

mmWave radar has the advantage of improved range resolution and accuracy compared



to lower-frequency industrial scientific and medical (ISM) band radar systems. However,
attenuation in the environment is an important consideration while working with
mmWave technology. The current trend is to integrate discrete components of radar
systems into a single-chip solution based on complementary metal-oxide-
semiconductor (CMOS) technology for long-term monitoring. It provides a wider
bandwidth, higher range resolution, smaller antenna size, and reduced number of radars
required to cover an area, ultimately reducing costs and installation complexity. This
research uses an off-the-shelf mmWave radar, taking advantage of its high-resolution

capabilities.

1.3 Radar Signal Processing Techniques

One of the challenges in extracting vital signals is that the signals obtained from radar
measurements are affected by noise and other interferences. Therefore, require signal
processing techniques to extract relevant physiological information. Some standard
signal-processing techniques used in radar-based vital sign detection are time-domain,
frequency-domain, and time-frequency, hybrid, each with its own pros and cons. More
recently, researchers have been investigating the use of machine learning methods to

enhance radar-based vital sign detection.

Time domain analysis is one of the most straightforward approaches to analyzing
radar signals. This method analyzes the signal’s amplitude, frequency, and phase over
time to extract physiological information. Peak amplitude is often used to estimate RR
and HR, while SNR and time delay can be used to eliminate noise and artifacts. A time
domain analysis [51] used a cross-correlation-based template matching algorithm for HR
detection. The time-domain processing of the signal reduces the computational load of
the system. However, physiological signals are non-stationary. Due to the time-varying
statistical properties, physiological signals are not well-suited for analysis using time-

domain techniques that assume that signal properties are constant over time.



Frequency domain analysis is another widely used approach that involves
transforming the signal from the time domain to the frequency domain using techniques
such as FFT or wavelet transform. The transformed signal can then be analyzed to
extract frequency components related to the respiratory and cardiac rates. The most
commonly used frequency domain parameters include spectral power, peak frequency,
and spectral entropy. The FFT is a simple method to find peaks in the spectrum of a
phase signal, but it suffers from performance degradation due to data length limitations.
The parametric and cyclic optimization approach called RELAX algorithm employs the
synchro squeezing transform (SST) based on continuous wavelet transform to extract
time-varying vital signs. However, SST may not be effective for high-frequency and
highly variable noise signals [36]. Multiple signal classification (MUSIC) algorithms
address FFT smearing and leakage issues [52]. However, they face challenges in selecting

signal subspaces and are computationally expensive.

Time-frequency analysis is a more advanced approach that combines time and
frequency domain analysis to obtain more detailed information about the signal. This
method involves algorithms such as short-time fourier transform (STFT) [47], Gabor
transforms [53], and empirical mode decomposition (EMD) [43], to analyze the signal
over time and frequency. The resulting spectrogram can then be analyzed to extract
respiratory and cardiac rates as well as any temporal changes in the signal. The
frequency and time-frequency analysis are more effective on substantially oscillatory or
periodic signals. The complex signals, such as cardiac signals produced from the
physiological processes, are non-stationary and exhibit a mixture of oscillatory and non-
oscillatory transient behaviors due to the effect of noise and close-by clutter. For such
signals, linear methods, e.g., frequency and time-frequency analysis, may not be applied
effectively. This underscores the importance of developing and utilizing more advanced
signal processing techniques, such as non-linear analysis methods, to better capture and

analyze the complex dynamics of non-stationary signals.

In recent years, machine learning techniques, including support vector machine
(SVM) [54], artificial neural network (ANN) [55], and deep learning [56], have been used

for vital sign detection using radar signals by training a model on a set of data and then



analyzing new signals to extract information. However, collecting high-quality radar data
and removing noise, artifacts, and interference through preprocessing is crucial for
accurate analysis. Extracting important features from radar data for machine learning
algorithms can be difficult. The choice of algorithm and parameters may vary depending
on the radar data’s characteristics and the specific vital signs being monitored.
Additionally, the model is sensitive to changes in the measuring environment, requiring

relearning the algorithm in case of any environment modification.

This study investigated a non-linear signal analysis technique for non-stationary
vital signal extraction. The resonance sparse spectrum decomposition (RSSD) algorithm
decomposes the signal into its time-varying frequency components using a combination
of wavelet decomposition and sparse approximation [57]. It identifies and isolates the
signal’s resonant frequencies using a resonance-based frequency estimation technique
and constructs a sparse representation of the signal using the identified resonant
frequencies. The RSSD algorithm provides a highly accurate and efficient method for

analyzing non-stationary signals with time-varying spectral characteristics.

2. Research Problems

One of the major challenges in using radar systems to detect vital signs is that the phase
variation of electromagnetic waves is affected by unwanted environmental noise. These
small movements related to HR and RR can be easily overshadowed by other sources of
noise in the surrounding environment. Despite attempts to eliminate the effects of
respiration harmonics, random body motions, and clutter to ensure accurate detection
of vital signs, there are still limitations that need to be addressed. Previous research in
vital sigh monitoring has been performed in a controlled experiment setup and primarily
focused on stationary individuals with a known location in close proximity to the sensor.
However, in realistic scenarios, individuals may be in motion, accompanied by others, or
quasi-stationary state. Research has shown that in certain healthcare applications,
patients may always be accompanied by nurses or other healthcare professionals. The
presence of another person (nurses/healthcare professionals) can cause interference

and pose challenges to accurate vital sign monitoring using radar sensors, particularly in
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indoor environments. Therefore, it is crucial to consider this factor when designing non-
contact vital sign monitoring systems and developing signal processing algorithms that
can effectively separate the signals of interest from interference caused by other
individuals in the vicinity. Additionally, indoor settings present challenges such as
multipath effects from reflected signals and complex reflections from multiple humans,
which make target localization and tracking difficult. Several algorithms have been
explored in earlier research, but they have limitations such as increased complexity and

instability for long monitoring durations or low signal-to-noise ratios.

To develop a non-invasive and resilient contactless vital sign measuring system,
it is essential to consider several critical factors, such as high resolution, a broad
detection range, and overcoming challenges associated with RR harmonics, clutter,
random body motion artifacts, and target localization. The system’s performance must
be contingent on accurately measuring heart and breathing rates simultaneously for

individual persons under a real-life scenario.

This research aims to achieve these goals primarily through signal processing
techniques, leveraging off-the-shelf radar. The research focuses on enhancing the
accuracy of HR and RR measurement by implementing a signal-processing method for
addressing the challenge associated with RR harmonics, clutter, and moderate body
motion for stationary/semi-stationary individuals. Moreover, in real-life scenarios, the
location of the subject is unknown. Our method automatically localizes the subject using
beam steering to extract vital signs in a real-life indoor environment. Further, the
influence of another person in the vicinity of the measurement location is studied. Thus,
our research proposed and investigated an efficient, real-time, robust, and

computationally efficient non-contact vital sign monitoring method using radar.

3. Research Questions

The primary goal of this study is to develop an efficient and accurate non-contact vital
sign monitoring method. The first research question (RQ1) aims to develop a simulation
model for chest wall motion caused by cardio-respiratory activities. This model can be

used as a reference target to develop and analyze radar-based vital sign detection
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methods. RQ2 aims to enhance HR and RR estimation accuracy for stationary and non-
stationary subjects by reducing the impact of motion artifacts and clutter. Finally, RQ3
is centered around the approach and factors that can enhance the range and accuracy
of HR and RR extraction from stationary targets and mitigate the interference caused by
a nearby human on the targeted individual’s vital sign detection. The following research

questions are addressed to achieve the research objective.

RQ 1: How accurately a mathematical model can be developed to simulate chest wall
motion induced by cardiac activities and evaluate its effectiveness in different

respiratory scenarios?

Sub-questions:

1a. What approach can be taken to devise a mathematical model to simulate chest wall

motion induced by cardiac activities?

1b. Does the proposed model effectively simulate chest wall motion in scenarios like

free-breathing and post-exercise breathing?

RQ 2: What signal processing method can be developed to accurately extract the heart
and respiratory signals minimizing the impact of noise, random body movements, and

other interferences?

Sub-questions:

2a. What method can be developed that leverages the characteristics of a non-
stationary radar-received signal to effectively enhance signal extraction from noisy radar

data?

2b. Does the proposed method effectively mitigate the effects of random body

movements and clutters for vital sign extraction?

2c. Does the proposed method minimize the influence of RR harmonics and

intermodulation products on heart rate detection?
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RQ3: What method can be employed to enhance the range and accuracy for

stationary/non-stationary targets?
Sub-questions:

3a. Does the proposed method improve the range and accuracy of HR and RR estimation

for stationary/non-stationary targets?

3b. What methods can counteract the influence of motion artifacts, clutter, and

interference caused by the presence of another human near the target?

4.Research Contributions

The design framework utilized in this research is described in Fig. 4. A systematic
literature review has been conducted, and the key findings have been reported.
Proposed solutions have been presented to address the identified research gaps. The

contributions of this thesis are outlined below.

Contribution 1: An in-depth analysis of NCVS radar systems, examining their varied
topologies, architectures, and operational principles, is presented. It explores the health
impact of mmWave exposure, environmental attenuation, and the shift towards
mmWave frequencies due to their superior bandwidth. The review identifies practical
deployment challenges, underlines the system’s limited measurement range, and
suggests multiple-input-multiple-outputs (MIMO) architecture/beam steering to
expand detection reach. It discusses the trade-off between system power, frequency,
sensitivity, and resolution and hence partially attributed to RQs, and findings may be
leveraged in designing and modelling better approaches. Additionally, the chapter
emphasizes the importance of addressing multi-resident scenarios and calls for real-life
experiments to evaluate NCVS systems’ reliability and robustness in various

environments. Finally, the analysis of state-of-the-art schemes is discussed, and the
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research challenges in deploying radar-based vital sign monitoring systems in real-life

scenarios are highlighted. This contribution is reported in Chapter 2.

Contribution 2: This contribution conceptualizes the mathematical model of chest wall
movement due to cardiac activity. A basic system framework is simulated to model the
target and a complete NCVS system, and the contribution addresses RQ1l. The
mathematical modeling of the phase noise, target movement, i.e., the chest wall
movement due to the respiration and heart activity and the received signal by Doppler
radar, not only provides a deeper understanding of the signal but also makes available
all the realistic scenarios through variation of a mathematical parameter only. This chest
wall model aids in designing and optimizing radar-based NCVS systems, reduces the
need for extensive human testing, and offers valuable insights into chest wall motion

and its relation to vital signs. This contribution is presented in Chapter 3.

Contribution 3: This contribution is for RQ2 to minimize the impact of noise, random
body movements, and other interferences for vital sighs measurement. A method that
comprises resonance sparse spectrum decomposition (RSSD) and harmonic utilized
algorithm (HUA) for HR/RR extraction is proposed. RSSD utilizes the ‘high resonance’
part of the signal mitigating the effects of clutter and random body movements from
the received phase signal. The efficacy of the proposed method is validated by observing
that the HR estimation accuracy is comparable to the RR estimation accuracy, even
under heavy clutter and moderate body movement. Comprehensive systematic
experiments are conducted to demonstrate and evaluate the performance efficiency of
the proposed solution in terms of evaluation metrics, including the degree of similarity
and standard deviation error. In this contribution, the performance efficiency of the
proposed method is also evaluated with state-of-the-art methods. This contribution is

reported in Chapter 4.

Contribution 4: In this contribution, the method successfully demonstrates automatic
target localization, angle estimation, and beam steering toward the target. The SNR
improvement through beam steering is also achieved. A sub-band energy-based

extraction and Q factor optimization solution are proposed to efficiently extract high
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resonance components from the signal and accurately extract the vital signs. The
contribution is attributed to RQ3. Analysis of the impact of different radar angles and
varying distances from radar on the accurate HR/RR estimation is presented. The effect
of heavy clutter and moderate body movement on the HR/RR estimation is also
analyzed. The analysis is also performed to assess the impact of another person in the

vicinity of the target. This contribution is presented in Chapter 5.

5. Publications

Journal Publication

e A. Singh, S. U. Rehman, S. Yongchareon and P. H. J. Chong, "Multi-Resident Non-
Contact Vital Sign Monitoring Using Radar: A Review," in IEEE Sensors Journal, vol.
21, no. 4, pp. 4061-4084, 15 Feb.15, 2021, doi: 10.1109/JSEN.2020.3036039.

e A.Singh, S. U.Rehman, S. Yongchareon, and P. H. J. Chong, “Modelling of Chest Wall
Motion for Cardiorespiratory Activity for Radar-Based NCVS Systems,” Sensors, vol.

20, no. 18, p. 5094, Sep. 2020, doi: 10.3390/s20185094.
Under Review Publications

e A. Singh, S. U. Rehman, S. Yongchareon, and P. H. J. Chong, “Human Vital Signs
Estimation Using Resonance Sparse Spectrum Decomposition,” submitted in IEEE
Transaction on Human Machine Systems.

e A.Singh, S. U. Rehman, S. Yongchareon, Yang Yu and P. H. J. Chong, “Real-time Beam
Steering and Accurate Vital Signs Estimation Method in an Indoor Environment,”

submitted in IEEE IoT journal.

6. Research Methodology

This thesis adopts a quantitative research methodology and is accomplished using
simulation, method design, and experimental validation. The research methodology is

depicted in Fig. 5.
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An analytical analysis of previous work has been performed to understand the
research gap and to identify the potential research direction. Our motivation to
undertake this research arises from the challenges experienced in estimating HR and RR
in a privacy-aware setting, particularly within signal processing. A mathematical model
is employed to simulate the chest wall motion due to cardiac activity to elucidate the
range of parameters affecting radar configuration and chest wall behavior for measuring
vital signs. A signal processing method is formulated utilizing the RSSD algorithm, an
efficient approach for analyzing non-stationary signals with time-varying spectral
characteristics. The HR signal is not as strong as respiration, and higher-order RR
harmonics can disrupt the fundamental HR frequency range. To address these problems,
we designed a harmonic utilized algorithm (HUA) for precise HR extraction. In tackling
real-world scenarios where the target individual’s position is unknown, adaptive beam
steering is incorporated to enhance the signal-to-noise ratio (SNR) and accurately

determine heart and respiration rates.

To validate the proposed method, we performed comprehensive experiments
using radar sensors. Our radar sensor consists of texas instruments (T1)’ millimeter-wave
IWR1443EVM and AWR1843EVM, an integrated single-chip FMCW radar sensor
operating in the 77 to 81 GHz frequency band. The original raw data from IWR1443 is
captured using DCA1000 EVM for further processing. AWR1843 radar is used due to its
transmit beam steering feature. A Hexoskin vest is used for ground truth data collection
in this study. Hexoskin is an intelligent garment embedded with respiration and Heart
sensors. Mathematical modeling is carried out using Simulink software by MathWorks.

The collected data is analyzed offline using MATLAB 2020a and 2022a.

Structured experiments are conducted in two stages to simulate different
realistic scenarios. Stage one experiments involve four healthy participants (two male
and two female) and are conducted in the university staff lounge, simulating a home
environment. The setup includes a sofa, table, chairs, PC, refrigerator, and the metal
window grid on the room wall, which constitutes the clutter. The second stage

experiments are conducted on six healthy participants (three female and three male) in
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a lab environment. The radar was placed at 2.1 m from the ground, inclined at an angle
of approximately 20° with respect to the ground to depict the realistic indoor setting.
The necessary consent is taken from participants, and AUTEC (Auckland University of

Technology, New Zealand Ethics Committee) ethics approval is obtained.

Statistical analysis is done to measure the performance of the proposed method
using standard evaluation metrics, including mean root square error and correlation
coefficient. The performance of a vital sign estimation system is typically evaluated
based on its ability to correctly estimate HR/RR within acceptable error with reference
to true value measurements. We evaluate the accuracy in terms of error bins (error < =

2 bpm and > 2 bpm) to gauge the performance of the proposed method.

7. Thesis Structure

This thesis is structured into six chapters, with their overall organization
represented in Fig. 6. Chapter 1 provides an overview of the research work. Chapter 2
presents a review of relevant literature, highlighting the research gap. Chapter 3 focuses
on RQ1 and presents a mathematical model and simulation study of chest wall motion
caused by heart and respiration activity. RQ2 is addressed in Chapter 4, which aims to
enhance the range and accuracy of vital sign extraction, particularly at greater distances.
Chapter 5 presents a real-time method for beam steering and precise estimation of vital
signs in an indoor setting, addressing RQ3. Finally, Chapter 6 concludes the research by
summarizing the contributions and limitations of the proposed framework and

providing recommendations for future research.
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Chapter 2

Multi-Resident Non-Contact Vital Sign Monitoring

Using Radar: A Review

Abstract

Vital signs are inarguably accepted as important key constituents to improve the health
condition. Worldwide medical institutions and clinical observations have emphasized
the need for continuous monitoring of vital signs such as heart rate (HR) and respiration
rate (RR) for better health management. Radars are investigated as one of the potential
technologies for non-contact continuous monitoring of vital signs. This paper provides a
comprehensive technological review of the current state-of-art non-contact vital sign
(NCVS) measurements using radar. We highlight the need to move towards higher
frequency for high accuracy in a multi-resident environment and analyze the
implications of mmWave exposure on human health and the effect of environmental
attenuation. Significant challenges associated with hardware and signal processing
algorithms are discussed in detail. Finally, we conclude the review with future directions
and challenges associated with the detection of vital signs in a multi-resident indoor

environment.

This contribution has been accepted for publication in IEEE Sensors Journal
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1. Introduction

In 1842, CARLO Matteucci demonstrated the measurement of heartbeats through an
electrical signal [58]. In 1902, Einthoven produced the first electrocardiogram (ECG) [59],
and later, the measurement community introduced a series of methods, devices, and
procedures for ECG monitoring. ECG records the electrical activity generated by heart
muscle depolarization, which causes pulsating electrical waves to propagate toward the
skin [60]. ECG is a contact-based measurement method and is considered to be the gold
standard for heart rate measurement. It requires electrodes to be attached to the
patient’s body through a conductive gel, thus making the measurement suitable only in
a supervised clinical environment, as shown in Fig. 7. The conductive gel needs to be
applied frequently as it dries rapidly and may create allergies. The requirement for
skilled personnel increases the cost of hospitalization and health care. Therefore, ECG
becomes inappropriate for continuous monitoring for a prolonged time, either in a clinic
or at home, especially for infants and patients suffering from burns or skin allergies. The

electrodes may get loose or crumbled due to the infant's tosses and turns.

The continuous monitoring of vital signs such as respiration rate (RR) and heart
rate (HR) of patients assists doctors and health professionals in identifying abnormal
findings at an early stage and analyzing the disease process's progression and the
treatment's effectiveness. Hence, the need arises for non-contact and continuous

monitoring of heart rhythm and respiratory reflexes for efficient health monitoring.

Potential applications of non-contact detection and monitoring of vital signs are
in infant monitoring [12], home health care, especially for older adults [11], sleep
monitoring [13], and patients with skin allergies and burnt cases. The non-contact vital
sign (NCVS) systems can provide efficient health management in the clinic and hospitals

by reducing the time consumed in recording and maintaining patient data logs.

One such application of NCVS is in sudden infant death (SID) or “crib death.” SID
is one of the leading death causes in infants, with approximately 10,000 deaths per year

in the United States [6]-[7]. A subtle amount of evidence has suggested that

21



ECG machine

Recorded cardiac activity

R R-R Interval R

P T

Q Vs

Healthcare staff

Electrodes

= placement o~

Figure 7: Conventional ECG Method showing the placement of electrodes

physiological defects in breathing control mechanisms cause crib death. The research

has indicated that breathing cessation during sleep is the primary cause of crib death.

Different non-contact methods are proposed and experimented for the
monitoring and measurement of vital signs. Optical vibro-cardiography [6], audio signal
[18], thermal imaging [20], RGB camera [23], ultrasound radar [25], and microwave
radars [26] are a few of the technologies used in designing and development of NCVS
monitoring system. Advancements in sensing technology and signal processing
techniques have improved the accuracy of the systems, yet there exist several
limitations associated with each technology. Although optical vibro-cardiography
produces comparable accuracy as ECG for the subject at rest, it requires a retroreflective
tape to be attached to the chest wall [16]. Further, it requires an optical interface &
makes installations complex for long-term monitoring and therefore restricts its use in
the home environment. The NCVS measurement through acoustic speech cannot be
applied for heart transplant patients with speech problems and irregular lung activities

[27].

The RGB camera requires illumination for complete monitoring duration, and the
invasiveness of the system makes it impractical and less adaptable for long-term and
continuous monitoring. Also, the subject needs to be stationary and facing the camera
for better accuracy, and the slight movement introduces blind spots [23]. The thermal
imaging method has overcome the problem of an RGB camera being intrusive to some
extent. However, even with the application of trackers & multiple cameras, the accuracy

is affected by motion artifacts. Issues related to the manual marking of superficial
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vessels, i.e. region of interest, accurate peak localization during sweating and external
temperature variations, limit the accuracy of the system on the skills of the operator

[21].

Compared with another non-contact sensing of vital signs such as visible light or
Infra-red, microwave energy has greater penetration capability through material and
clothes, less affected by environmental conditions such as illumination, temperature,
humidity, etc. This makes Doppler radar being extensively researched in past years for
non-contact measurement of cardiovascular activity. In the past, the research was
limited due to bulky and expensive waveguide and hardware components. The elevation
in microwave technology, hardware integration on a single chip due to advancement in
very-large-scale integration (VLSI) technology, advanced signal processing techniques,
and machine learning algorithms makes it possible to build compact and portable

devices suitable for practical application.

The existing reviews on vital sign measuring systems by Scalise et al. [61] and
Kranjec et al. [16] mainly provided a general overview of both the contact-based and
non-contact methods for the measurement of vital signs. Bruser et al. [62] presented a
study of suitable techniques according to the physiological effect caused by heart or lung
activity. The review mainly focused on different attributes offered by body organs while
performing the heartbeat and respiration activity. Li et al. [26] studied significant
development in the radar sensing for contactless health monitoring mainly in the
direction of front-end architecture, baseband signal processing and integration at the
system-level. Leonhardt et al. [27] focused on the general review of technology suitable
for non-contact sensors for vital sign monitoring systems to be deployed inside the
vehicles, cockpits, etc. and Postolache et al. [63] specifically discussed the practical
implementation in wheelchairs. Gu et al. [64] examined the advancement in the Doppler
radar for healthcare applications. The author discusses the working principle of radar
operation by briefly highlighting the issues like random movement and signal distortion
and emphasized on the need for hybrid radar systems. Hall et al. [65] presented a brief
review of recent advances in NCVS systems and compared them with their own phased-

array Doppler radar NCVS biosensor. Gouveia et al. [66] presented a detailed review on
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the already implemented methods for random body movement and compensation for
continuous wave (CW) radar. Tran et al. [67] provide a comprehensive review on the

challenges associated with the doppler radar specifically for sleep monitoring.

Compared with the existing reviews, our review paper presents a technological
review on the current state-of-art of radar technology for vital sign measurement, which
would be informative for future research into the multi-resident scenarios. Our study
focuses on a multi-resident environment and the research challenges associated with
the hardware and signal processing for practical deployment as reported in the
literature. Our review briefs relevant mathematical principle and architecture of the
radar-based NCVS systems as well as highlights the need for a radar sensor to shift
towards higher frequency for bio-medical applications. The implication of mmWave
exposure on human health and the effect of environmental attenuation is analyzed and
discussed from the NCVS perspective. Finally, we highlight research challenges for a

multi-resident scenario.

The rest of the paper is organized as follows. Section 2 gives the basics
topologies, architectures of NCVS radar and an overview of the radar operational
principle. The effects of operating frequency and transmit power on the basic radar
design and human health are discussed in section 3. The challenges associated with
practical NCVS and the multi-resident environment is discussed in detail in section 4 and
5, respectively. Summary and future directions are provided in section 6, and the

conclusion is presented in section 7.
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2. Radar System Topologies and Architecture

The concept of microwave sensing is first successfully experimented and verified by Lin
[68] in 1975 by measuring the respiratory movement of the infant rabbit and human.
The basic principle of microwave sensing is based on the Doppler shift. A continuous
microwave signal is transmitted towards the target, reflected off the human target and
is collected back at the receiver. The reflected signal is phase modulated by the time-

varying chest wall motion proportional to the periodic breathing and cardiac activities.

A basic radar architecture for NCVS measurement is shown in Fig. 8. The voltage-
controlled oscillator (VCO) provides the radio frequency (RF) signal for transmission. One
output of the VCO is directly connected to a transmitting antenna, radiating the RF signal
towards the target. Another output of the VCO is simultaneously provided to the
receiving link for the phase demodulation. The periodic chest motion modulates the
electromagnetic wave and scatters the modulated wave towards the receiver of the
radar sensor. The receiver antenna receives the backward scattered modulated signal,
which is amplified by a low noise amplifier followed by digitization. The received signal
consists of phase variation caused by the periodic chest wall movement. The phase of
the received signal is extracted, bandpass filtered and signal processing algorithms are

applied over this phase signal to determine or estimate the RR and HR, respectively.

CW and ultra-wideband radar (UWB) are the most frequently used topologies for
radar-based NCVS systems. The CW radar transmits a continuous wave signal, and the
vital sign information is obtained through phase modulation of the reflected signal from
the target. The CW radar operates into two modes based on its operation; 1) the
unmodulated CW mode transmits an unmodulated signal with a stable amplitude, 2)
FMCW mode, which transmits the modulated frequency during the measurement. In
UWSB radar, the transmitted signal consists of high-frequency short-duration pulses and
echoes received during the off-transmission time are analysed for extraction of vital

signs. Each of these topologies offers different merits and challenges.
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2.1 NCVS Radar Topologies
2.1.1 Continuous-Wave (CW) Radar

In the CW transceiver architecture, narrow bandwidth signal is continuously transmitted
and received. The single source of CW radar can be used for both transmitting and
receiving. It has the advantages of simplicity, the potential of minimal transmitted
spectrum spread, simplification of filters at each stage of the receiver, and the
straightforward signal processing. However, the topology has the inability to separate
reflections temporally, causing direct current (DC) offsets and low-frequency noise
introduction in the received signal [61]. Additionally, due to the missing timing
information because of the lack of modulation, target range extraction is not possible
with CW radar. Moreover, the need for isolation between the transmitter and the

receiver is the major limitation in CW radar system.
2.1.2 Frequency Modulation Continuous Wave (FMCW) Radar

FMCW is frequency-domain radar sensors. FMCW radar is the extension of the CW radar
and overcomes the problem of missing time information which prevents the range
measurement. As its name suggested, a frequency modulated continuous wave is
emitted; however, a timing mark is introduced by changing the transmission frequency
over time called frequency sweep or chirp. The reflected signal is received back with a
time delay and frequency shift depending on the object’s distance and relative speed.
The distance from the target to the radar sensor and the range resolution can be
estimated applying spectral analysis [69]. However, the implementation of FMCW
topology needs addressing of the issues such as Tx-Rx leakage, AC-DC coupling effect,

RF nonlinearities and requirement of the high sampling rate.
2.1.3 Pulsed-Wave/Ultra-Wideband (UWB) Radar

Pulse-wave radar can determine the range by measuring the delay between the
transmitted pulse and its echo (time information) by observing the Doppler shift on the

pulse frequency spectrum. The pulsed radar sensor is typically time-domain radar. The
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Table 1: Features of Radar topologies

Features Radar
Ccw FMCW UwB
Design architecture Simple Complex as Complex as compared to CW
compared to CW radar
radar
Absolute range Cannot detect Very high Better for greater distances and
detection low for short range
Detection of target  Easy without Complex as Complex implementation
velocity ambiguity compared to CW
Measurement High High but complex High but related to pulse width
accuracy processing and rate

pulsed radar sensor sends either impulse train, mono-pulse, or modulated pulse with
some pulse repetition interval. The two-way travel time between the transmitted and
received pulse determines the range of the target. The pulsed radar offers wider
bandwidth. In non-contact vital signs monitoring, where the target is typically at the
same range as the nearest clutter, the UWB radar provides the advantage of the
elimination of leakage, however, as range measurements do not aid in physiological
motions monitoring for single targets, the increased complexity of the architecture over
continuous wave architecture does not result in a commensurate increase in benefits
[61]. Also, the UWB radar sensors are inappropriate for high-resolution application. For
high resolution, the bandwidth of the pulse needs to be increased, which in turn shorten

the pulse width. Reducing the pulse width is limited by technology.

Summarizing the different radar topologies in Table 1, CW, FMCW, and UWB
radars all are used to detect tiny chest wall movements due to physiological activities. A
CW radar is the simplest topology and measures chest wall displacements with accuracy;
however, the UWB or FMCW topologies offer the range information which cannot be

obtained through CW radar.

2.2  Radar RF-Front End Receiver Architecture

The extraction of vital sign information from the received signal is achieved through a
sequence of signal processing methods that involve time and frequency analysis of the

signal. The received signal is mixed with a transmitted signal and passed through the
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filters to recover the baseband signal for further processing. Based on the conversion
principle, the radar RF front-end architecture is called either heterodyne or homodyne.
Further, based on the demodulation scheme, the RF receiver can be a single channel or

guadrature channel having different advantages and challenges.

2.2.1 Heterodyne Receiver

The heterodyne transceiver contains a separate local oscillator (LO) in the transmitting
and receiving chain. After passing through a band-pass filter, the received signal is mixed
with separate LO operating at a different frequency than used in the transmitter stage.
Hence the mixed signal is modulated on a non-zero intermediate frequency and not
converted directly to baseband. The mixed signal is again filtered by another band-pass
filter, amplified through a low noise amplifier (LNA), and then demodulated directly [26],
[30]. Heterodyne receiver is robust against the DC offset, compared to homodyne
architecture. A major disadvantage is the requirement of large circuit components and

related non-linearity.

2.2.2 Homodyne Receiver

As characterized by the name of the direct-conversion receiver or zero-IF receiver, the
homodyne architecture directly converts the received signal to baseband. Here the
received signal is mixed with the same local oscillator frequency as of the transmitting
carrier and converted down to baseband using bandpass filter as shown in Fig. 9. The

baseband signal is amplified using a low noise amplifier and then demodulated. The

28



Tx

I-Channel

Baseband Signal Q-Channel

QXQ(E

Figure 10: Single and Quadrature Channel Output

homodyne topology has simplified circuitry, but the DC offset introduction by the

system causes saturation for the digitization process [26], [30].

2.3 Single or Quadrature Channel Architecture

The Doppler radar transceivers can be designed either as single-channel or in-phase (I)
and quadrature (Q) channels, as shown in Fig. 10. The target position and the operating
frequency cause a null point problem. Single-channel heterodyne/homodyne receivers
are highly sensitive to the null point issue. In the worst scenario, the receiver observes
virtually no phase-modulated signal for the estimation of physiological motions. Null
point occursin CW radar when the received signal and local oscillator are either in phase
or 180 out of phase, depending on the distance between the target and radar. When a
target is at a distance of an integer multiple of A/4, and phase shift becomes an integer
multiple of i, and the baseband signal is no longer proportional to the vital signs
movements. Hence, the vital signs frequencies cannot be extracted. Therefore, a
guadrature transceiver or frequency tuning on a single channel has been used for
optimum signal demodulation. With the quadrature transceiver’s in-phase (I) and
guadrature (Q) output, there will always be one channel that is not at null point
detection [30]. Specifically, the FMCW signals have a complex nature of the received
signal, a single channel is sufficient to address the null point issue. The use of complex
signals and compression of the FMCW ramp enhances the SNR, and consequently, the

maximum unambiguous range is increased.
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2.4  Operational Basics of Radar NCVS

A Doppler radar can be described with a signal T,(t) of frequency f, transmitted

towards the target,
T, (t) = A  cos[2nft + p(t)] (2.1)

Where f: frequency of the signal, ¢(t): phase noise of the local oscillator signal. If the
target is at a distance d;,; and x(t) is the time-varying chest displacement then, the

distance between the transmitter and target at time t, d(t) is as in (2.2),

d(t) = dip; + x(t) (2.2)
The received signal, R, (t)can be described as in (2.3),

R, (t) = Ay cos[2mf (t —tg) + p(t — tg) + 6,] (2.3)

where A, is a received amplitude, t; is a time delay round trip, and 6. is a constant

phase shift.

The round-trip time delay t 4, for the propagated wave is 2d(t)/c, where c is a
velocity of propagation of the continuous wave. As d;,;; > x(t), hence, x(t)/c shall be

negligible. Therefore, the received signal may be described as in (2.4),

R,(t) = A, cos [27Tft - % + ¢ (t - %) + 96] (2.4)
B;(£) = “2% cos [‘“le’"i — 0.+ gy (t)] (2.5)
Bo(t) =12 sin [nt _ g 4 20 4 4 ()] (2.6)
tan [@ -6, + 47”;(0 + d)R(t)] = tanfy (2.7)
O = tan‘l[i?((;)] (2.8)

For the quadrature receiver architecture, the received signal is multiplied by two

90° phase-shifted local oscillator signals in two separate channels. These two mixed
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Figure 11: Frequency distribution investigated for NCVS systems

Table 2: Phase variation-chest wall movement at different frequencies [72]

Frequency (GHz) Wavelength (mm) Phase difference

(degree)
2.4 125 1.7
5.8 51.72 4
10 30 5.7
16 18.75 16

signals are filtered separately to acquire two in-phase and quadrature baseband signals
B; and By, respectively, as in (2.5) and (2.6). The phase variation g, which is linearly

proportional to chest wall displacement x(t) is captured as in (2.8).

3. Effects of Transmit Power and Operational

Frequency on Basic Radar Design

Major challenges in developing the radar based NCVS measurement include dealing with
a feeble signal and extracting information from the dominance of unwanted noise due
to clutter and motion artifacts. The received signal strength of a radar system can be

calculated using (2.9) [70]
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P:.G c
S = —4.;;2.4;2 A, (2.9)

where, S is a returned signal power, P; is a radar transmit power, R is a target range, G,
A, are antenna gain & its effective area, respectively, and o, is the radar’s cross-section
area of the target.To have better-received signal strength, the signal-to-noise ratio (SNR)
must be maximized by increasing transmit power P;. However, the transmitting power
of electromagnetic fields is limited by the adverse health effects and degradation of
biological parameters. As per guidelines of the international commission on non-ionizing
radiation protection (ICNIRP) and telecommunication standardization sector of the
international telecommunications union (ITU-T) in 2016, the recommended power
density of electromagnetic wave in the frequency range of 2-300 GHz should be limited
to 10 W/m? for the exposure time more than 6 minutes [71]. As per standard, the
transmission power cannot be increased beyond suggested limits. Therefore, either the
antenna characteristics, the receiver sensitivity or the detection algorithm may be
worked upon for better performance for low SNR signals.A target range is also a decisive
performance parameter for the system. For the highest sensitive receivers, i.e., S =
Smin the range of radar depends on P;.A,. To increase the range, either power or
aperture area or both may be increased. However, increasing transmitted power is not
a suitable option for achieving a larger detection range. The other factor affecting range

is antenna gain and effective aperture area.

These two aspects can be controlled by the size of the antenna and the frequency
used. The antenna size cannot be increased due to the application either in the home or
nursing care environment. Consequently, it opens a research challenge to evaluate the
radar parameters and frequency of operation that resolve these trade-offs in design.
Immense research efforts have been deployed in exploring the frequency range most
suitable for vital sign monitoring. Most of the research is focused mainly on four bands,
namely L band (1-2 GHz), X band (8-12 GHz), Ka-band (26.5-40 GHz), and W (75-110 GHz)
band. The radar sensors working in W-band have great potential in medical applications
because of its higher bandwidth. The comparative statistical data are given in Fig. 11,

indicates that NCVS systems are mainly proposed in frequency bands below 24 GHz.
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Table 3: Performance parameter for different frequencies as reported in the literature for different scenarios/applications

Operative Transmission power (mW) Experimental dataset Maximum measurement range(m) Radar technology Accuracy (%)
frequency (no. of subjects)
(GHz)
<5 5-10 | 10-20 | >20 1 2-5 >5 <0.5 0.5-1.5 1.5- 2.5-5 >5 cw uUwB <90 90-95 >95
2.5
2.4[30,31,32, |V v v v v
34]
3.3 [47] v v v v v
438, 40, 41] v v v v v
4.3[171,172] v v v v v
5.8 [96, v v v v v
101,116,126,12
7,173, 174]
5.46-7.25 [14] v v v v v
8.7 [48] v v v v v
10 [136] v v v v v
10.5[128, 155, v v v v v
165]
24 [15, 53, 115, v v v v v
125, 129, 130,
154, 175, 176]
77 [33, 453] v v v v v
79 [121] v v v
92-96 [177, v v v v v
178]
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Research [72] has presented a comparative study between different frequencies
to find the minimum power required to detect the vital sign. It is found that for a given
power with an increase in frequency, wavelength decreases, which tends to increase the
phase difference and make the detection process more efficient. The higher frequency
has higher sensitivity on small movement detection as compared to lower frequencies,
as shown in Table 2. The practical results were in confirmation with the theoretical
concept as with an increase in frequency, and with higher bandwidth, the larger range
resolution is achieved. Therefore, the researchers have moved from the lower frequency
ISM band such as 2.4 GHz or 5.8 GHz to 24 GHz and now further to mmWave range (GHz)
as shown in Table 3. Higher frequency range reduces the device size and at the same
time, increases the resolution so that micro-doppler effects due to small limb movement

can easily be detected.

At present most of the studies have used a 24 GHz frequency band for radar

sensors. The 24 GHz system consists of two bands [73]:

e Narrowband includes industrial, scientific, & medical (ISM) applications in the range
of 24.0 to 24.25 GHz offering 250 MHz bandwidth to the maximum.
e Ultra-wideband having a bandwidth of 5 GHz and can offer remarkably high range

resolution.

The european telecommunications standards institute (ETSI) and federal
communications commission (FCC) has regulated and standardized that after 2021, 24
GHz wideband and ultra-wideband radars shall be phased out in Europe, the US and
most of the world [74]. Though the narrow-band ISM band shall be available long term,
but has the limitation of lower bandwidth and resolution and is already overcrowded
[75]. The restrictions and phasing out of wideband 24 GHz and need for high
performance in emerging radar application has moved the researcher’s interest from 24

GHz to mmWave [76].
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3.1 Shifting Towards mmWave

The electromagnetic spectrum corresponding to the frequencies band of 30 GHz to 300
GHzis referred to as the mmWave region. The wider bandwidth in mmWave significantly
increases range resolution and range accuracy [77]. Compared to the 200 MHz ISM
band, which is available at 24 GHz, there is significantly higher bandwidth available at
77 GHz. Specifically, the 77-81 GHz short-range radar band offers up to 4 GHz of sweep

bandwidth. Since range resolution and accuracy are inversely proportional to the sweep
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bandwidth, a 77 GHz radar sensor can achieve 20 times better range resolution and
accuracy performance than a 24 GHz radar. The achievable range resolution (2*C/B) is
4cm as compared to 75cm for 24 GHz radar [78]. High-range resolution drives the better
separation of objects and improves environmental modeling and object classification,

essential requirements of designing a vital sign monitoring system [79].

The mmWave radar sensing is exceptional in its ability to track the speeds and
angles of multiple moving objects, and the sensor’s field of view can focus on a narrow
angle. Also, 77 GHz sensor improves the velocity resolution and accuracy by a factor of
three as compared to the 24 GHz sensors [78]. Another benefit of higher frequency is
the small form factor of the device. The antenna size reduces to approximately one third
as compared to the one used in a 24 GHz system for the same antenna gain and field of
view [78] and offers the advantage of implanting the antenna into a monolithic
integrated circuit. Another design aspect of the radar system at mmWave is the
beamwidth. For equivalent antenna size, the mmWave frequency offers a small beam
angle. Narrow beamwidth increases the directivity and allows measurement at larger
distances. The range of detection also depends on received signal strength which is
affected by the attenuation in the environment. In general, atmospheric attenuation is
lower for low frequencies and higher for higher frequencies as per ITU guidelines [80].
Fig. 12 shows the attenuation for mmWave. Attenuation for 0-30 GHz & 70-100 GHz is
within limits (0.15-0.23 dB/km) and does not affect the systems requiring detection
range in several meters only. Therefore, considering safe power limits, as in Fig. 13 and
attenuation, the range of 0-30 & 70-100 GHz is reliable for industrial application,

whereas the band of 71-96 GHz is best suited for mmWave range applications.

The wider bandwidth, higher range resolution, smaller antenna size, and
downscaling the requirement of the number of radars to cover an area and
consequently the cost, installation complexity is reduced. However, the mmWave
associated issues need to be addressed for a robust system. Owing to the high
resolution, the clutter caused by multipath reflections interfere with the desired signal.

The on-chip integration of radar system components requires critical essentiality of
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Figure 14: Skin penetration depth over the frequency of operation [83]

electromagnetic interference shielding between the higher RF (mmWave) and the signal

processing components [81].

3.2 Effect of Mm-Wave Exposure on Human

The high frequency of mmWaves and their propagation characteristics make them
useful for the radar-based application. However, mmWave is always questioned for the
health risk in applications where long-term exposure is needed. To answer this, recently,
Rappaport et al. [82] have explained that the mmWaves are nonionizing as the photon
energy of mmWave is of the order of 0.1 to 1.2 meV. The photon energy of this order is
insufficient to dislodge an electron from its atom or a molecule. The photon energy does
not result in disruption of molecular bonds (disruption of molecular bonds is linked to
cancer), the mmWave radiations are harmless as far as the ionization harms are
concerned. The only biological concern can be due to the heating result by the
absorption of mmWave energy by tissues and biological fluids. However, these thermal

effects must be prevented by keeping the exposure limits as per standards [83].

The effects of RF exposure are measured based on three parameters, namely
specific absorption rate (SAR), the steady state or transient temperature, and plane-
wave equivalent power density. The steady-state temperature of the tissues is the prime
factor in assessing the effect of radiation as it can rapidly heat the skin. The critical

detrimental effect of radiations is heating at these mmWave frequencies. As shown in
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Fig. 14, the skin penetration depth decreases with the increase in radiation frequencies.
Most of the energy due to mmWave exposure is absorbed within the first few
millimetres of human skin, and hence heating effects are not on internal deep tissue

structure but limited to the upper surface of the skin only [84].

The temperature changes in the range of 1°c in the skin are considered safe [83].
The different body parts such as hands, arms, etc. allow heat to be easily dissipated
owing to large blood flow. However, eyes have insufficient blood flow to redistribute
the generated heat and hence the thermal effect of radiations over eyes is of much
greater importance. Low intensity (< 1 mW/cm?) for longer duration exposure (at
mmWave frequencies) does not have any significant temperature rise and is within the
safe exposure limit for the eyes. Moreover, the localized largest peak radiation level is
to be maintained as per federal communications commission (FCC) and international
commission on non-ionizing radiation protection (ICNIRP) which suggests that up to the
range of 100 GHz the distance of the human body to the field source should be greater
than 20 cm [82].

Concerning the effect on children or infants, as the mmWave exposure is non-
ionizing, the primary focus should be dealt with on the thermal change generated due
to the radiation. FCC and ICNIRP have standardized the safe exposure power limits for
electromagnetic radiations over different frequency ranges, as shown in Fig. 13. It is
advised to keep the exposure level of radiations to a minimum by maintaining the
maximum allowed separation from the transmitter so that the nonionizing effect or the
temperature variation due to radiation is kept far below 0.1°c [85]. The preliminary
results of researches in the biomedical field have highlighted the beneficial effects of
mmWave. It is observed that the exposure of mmWave over biological molecules levels
results in an increased immunity of tissues. More reproducible results are to be verified
for confirming the beneficial effects of mmWave exposure. However, the exposure of
mmWave frequencies within safe limits has no detrimental impact over a human body

[86] for its application in NCVS systems.
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4. Challenges for Practical Non-Contact Vital Sign

Monitoring

The general challenges associated with the existing designs need to be addressed
amicably. The cardiac signals are small in magnitude and highly sensitive to noise such
as clutter, motion artifacts, interference due to respiration harmonics. Moreover,
hardware non-idealities, DC offset, and noise, frequency, and phase drift in hardware
components over prolonged usage and null-point effect are critical challenges of radar-
based vital sign measurement systems. Broadly the challenges offered by the radar-
based systems can be classified as related to hardware non-idealities, associated with

complexities and computational load of signal processing algorithms.

4.1 Hardware Non-ldealities and Challenges

The accuracy and robustness of the system are affected by hardware related issues.
There are different sources of noise either due to hardware nonidealities or the
environment. As shown in Fig. 8, the NCVS system comprises VCO, Tx/Rx antennas,
amplifiers, mixers, and I/Q demodulators as main hardware modules. The aging effect
of hardware, temperature changes, or the non-ideal behaviour of oscillators causes
unintended frequency or phase shift from nominal values and is called “drift.” The radar-
based NCVS systems work on the phase analysis of the received signal as the heart and
lung activity causes phase variations in the radar received signal. The frequency drift and
phase variations caused by non-ideal characteristics of hardware block cause error in
the detection of vital signs. The drift can cause adjacent channel interference and

additional noise introduction in the system.

NCVS systems are to be operated continuously for long duration and hence drift
in frequency and phase can severely hamper the performance of NCVS systems. The
phase noise of VCO results in residual noise in the demodulated baseband signal, which
decreases SNR substantially. As the chest wall displacement and subsequent phase
changes are small, the decrease in SNR drastically reduces the efficiency of the system

in the detection of RR and HR. The chest wall movements being tiny in amplitude and
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being minimal in the area, the directivity of transmission affects the radar received signal
strength considerably. As the transmission power is limited due to safety considerations
hence for acquiring a good received signal, the transmission needs to be highly directive.

Thus, the type of antenna needs to be chosen carefully for the increase directivity.

The preamplifier filter and mixer block apart from being bulky, introduces non-
linearity, noise resulting in distortion and degradation of performance. In addition to
noise, the performance of a single channel Doppler radar receiver is affected by the
relative position of the subject from the radar because of a “null point.” Therefore,
guadrature receiver architecture is employed to reduce the effect. However, the non-
idealities in | and Q channel hardware produces 1/Q channel imbalance and unwanted
image frequencies. Phase offset and unwanted image frequencies can be compensated
with filters having sharper cutoff. However, it would increase computational load at
signal processing stages. The imbalance also introduces amplitude and phase offset in
the demodulated baseband signal [87]. This unwanted phase offset affects the
performance of a radar-based NCVS system whose efficiency depends on accurate
analysis of phase variations of the received signal. Various techniques and methods have

been investigated in the literature to overcome these hardware related issues.

4.1.1 Hardware Inaccuracy and RF Nonlinearity

In [81], the mechanical components were replaced with the analog printed circuit board
(PCB) to avoid the nonlinear and non-ideal behaviour due to temperature and
environmental changes. However, the analog PCB amplifiers become non-linear at high
frequency. Another approach to address the VCO related residual phase noise was
demonstrated by sharing the VCO between transmitter and receiver. This technique was
called a range correlation where the noise was cancelled at the processing stage, and
the noise effect was reduced [31], [32]. Guohua et al. [88] also used range correlation
along with illumination by a separate transmitter and receiver antenna to reduce the
noise effect by VCO and circulators. Further to address the challenge of the bulkiness of
filter blocks and noise, Sallen-Key 2nd order low pass and high pass filters were used. Li
et al. [29] simplified the circuit of baseband processing, where DC blocking and

amplification were done, and all resistors were avoided. The removal of resistance from
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the circuitry suppressed all thermal noise. Additionally, an external signal generator was
used in place of the wideband oscillator for the high-frequency signal, which reduced
the frequency drift issue to some extent. The inaccuracy introduced due to radar
movement was addressed with the use of dual-frequency Doppler radar system working
at fundamental and harmonic frequency simultaneously [89]. Two signals were
transmitted, one fundamental signal towards the target and other its inherent second
harmonic towards the fixed reflector. The two received signals were used to cancel the

effect of radar movement.

Authors in [90] described that the output frequency of a voltage-controlled
oscillator (VCO) has a non-linear dependency on the input voltage. As a result, the beat
signal is not a pure sinusoid for FMCW radar system. Furthermore, the spectrum of the
beat signal spreads over a wider frequency range with multiple larger side lobes, which
causes the difficulties in multitarget detection. Moreover, the phase of the beat signal
is not a linear function of time. Toker et al. [90] addressed the issue with a resampling
technique. The beat signal is sampled at a non-uniform rate, making the phase a linear
function of the sample index. The up-sampling theory was based on fixed structure
interpolators optimized/trained for a specific class of functions and achieved
nonlinearity correction with improvements in the spectrum, specifically for suppressing

the side lobes and sharpening the main lobe.

In [91], [92] the authors have discussed the six-port interferometry, which offers
the advantages of a less complicated hardware setup and its extraordinary phase
resolution. It is a passive microwave device that uses a network of six ports to measure
the phase difference between two signals. The basic concept of a passive microwave
device involves splitting an incoming signal into two paths, one of which is delayed by a
known amount. The two signals are then combined, and the resulting interference
pattern is measured at the output ports. The passive six-port structure generates the
I/Q representation directly in the RF domain without noisy circuitry or non-linear
processing stages, resulting in strictly linear behavior. The baseband conversion is
through a subsequent step by diode detectors, which operate in their square law region

and do not spread the signal’s energy to harmonic components. However, the six-port
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exhibits the drawback of a measurement ambiguity due to the arctan-function.
Moreover, calibration of the sensing unit is another challenge for six-port
interferometry. To obtain micrometre range resolution, highly linear phase performance
over power and frequency is needed. Therefore, blind estimation of the non-idealities
to derive linearization coefficients for phase compensation is the most critical

requirement for six-port interferometry.

The author in [93] described that the periodic deviations in the frequency ramp
are caused by spurious tones, which may result from switching in digital circuits or
transient response of the phase locked loop (PLL). As it corresponds to a certain
frequency, it results in a sinusoidal nonlinearity in the frequency ramp. Apart from the
sinusoidal non-linearity based on the real interference existed in direct digital synthesis
(DDS) based signal generation, spurs in the supply voltage or in the DDS-clock also leads
to spurious in the DDS output signal. To address the nonlinearity issue, [94] presented a
DDS-based FMCW radar front end that generates nonlinear frequency chirps and
operates without the commonly used high-frequency DDS reference oscillator. Then the
digital post-processing of the de-ramped signal was applied to compensate for such non-

linearities.

4.1.2 Null Point

The phase demodulation sensitivity at the receiver is highest when the constant phase
shift in received baseband signal is an odd multiple of /2. However, base-band signal
output becomes non-linear and has minimum information when the phase shift
becomes integer multiple of m. For the VCO to be locked at the same frequency for
transmitter and receiver, the phase shift largely depends on the target distance from
the radar. When a target is at a distance of an integer multiple of A/4, phase shift
becomes integer multiple of . This effect is called the null-point effect, which is present
at every quarter wavelength distance and severely affects the detection accuracy. The

issue was addressed with the use of double-sideband waves for radar operation [95].

The double-sideband transmission provides a null point at larger separation and

does not require to generate the quadrature local oscillator signals. The large DC offset
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owing to the double-sideband transmission was removed by employing IF-amp using
indirect-conversion architecture [96]. However, double-sideband transmission
increases the power and bandwidth requirements. Obeid et al. [72] used a vector
network analyzer (VNA) to reduce the hardware related noise and to overcome the null
point issue. The VNA measures the phase of the forward complex transmission
coefficient and correspondingly the displacement of the target. The quadrature
architecture was not used for demodulation, and hence related noise and null point
issues were avoided. However, the VNA is complex and slow in processing the sweep

over the complete signal.

In [97], the null point problem was addressed based on phase and frequency
diversity. The phase diversity between a two-channel receiver is introduced either by a
phase shift between the channels or by relative displacement between the antennas.
This ensures proper detection where one channel is at a null point, and the other detects
a maximum. The other method based on frequency diversity uses a variable frequency
synthesizer to change its operating frequency so that the null point is shifted, and
optimum detection is achieved at the target location. However, tuning of operational
frequency to compensate for the target movement is the limitation of the design. In a
similar approach, a voltage-controlled tunable phase shifter is introduced to eliminate
the null point problem [98]. The phase of the demodulated signal was effectively
adjusted, to always lock the radar system to the optimum point using a simple control
mechanism. However, manual tuning of the system during each measurement is
required once the distance between the antenna and the subject changes which

presents limitations for the system design.

The arctangent and complex demodulation techniques are also studied to
overcome the null point effect. In [99], arctangent demodulation with DC offset
compensation is proposed. However, system calibration is required before each
measurement, which brings inconvenience to continuous detection. The arctangent
demodulation is sensitive to DC offset thus requires complicated calibration of the DC
offset. In the complex signal demodulation method, the complex signal is reconstructed

in real-time by in-phase and quadrature component [100]. This eliminates the impact of
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residual phase in the frequency domain and applying complex Fourier transform to the
signal for spectrum analysis, and the residual phase does not affect the relative strength
between the odd and even order frequency components. The desired signal
components, i.e., the odd order frequencies, are always present in the spectrum.
However, the DC component accumulation in | and Q phase component needs to be
addressed separately for measurements. A different approach to avoid null point issues
was used by Mercuri et al. [101], where the Doppler radar was designed to operate in
the phase-locked loop allowing the architecture to convert received signal to baseband

directly.

4.1.3 Amplitude and Gain Error

Owing to the advantage of addressing the null point problem, a quadrature radar
topology is used to produce two orthonormal | and Q channel output signals. The
reflected data from a periodically and perpendicularly moving chest wall motion forms
an arc of a circle followed by the estimation of the distance of the subject through
combining the | and Q channel output and using an arctangent function [28]. However,
imperfections in the radar components such as the difference between | and Q mixers
and signal paths, and inaccuracy of the power splitter causes phase and amplitude
imbalance. This causes an undesired linear transform and severely affect the
orthonormal properties of | and Q channel outputs [102]. The extent of signal distortion
depends on the imbalance between the | and Q channels. It results in the formation of

an arc of an ellipse in place of an arc of the circle in the 1Q plane.

To avoid signal distortion and accurate displacement estimation, these
imbalances need to be measured and compensated before the demodulation with the
arctangent function. Therefore, this imbalance compensation needs to be performed
prior to the actual measurement of physiological signals. The study in [28] presented a
method for measurement of imbalance factors and compensation through Gram-
Schmidt procedure, to produce two orthonormal outputs. A voltage controllable phase
shifter was introduced in either the LO or RF path. With a linearly increasing control
voltage, each channel output becomes a sinusoidal wave at the Doppler frequency with

a phase delay corresponding to its path delay. The comparison of sinusoidal and outputs
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resulted in the highly accurate estimation of imbalance factors between channels with

the advantage of no radar circuit board modification.

In the earlier experiments, the imbalance calibration has been done in a
laboratory environment due to the required circuit modifications; however, with ellipse-
fitting (geometric or algebraic) imbalance calibration method, the calibration can be
performed on-site and periodically. Though the algebraic methods are fast, simple
operations and do not require an initial guess, however, [103] owing to the substantial
difference between algebraic and geometrical distances, in practical applications it was
demonstrated that all algebraic fits, with or without constraints, are statistically
inaccurate and biased, in one way or another. Geometric ellipse-fitting methods are
iterative and minimize the orthogonal distance from the data points to their projections

on the ellipse.

In recent developments [104], the geometric ellipse-fitting method is becoming
computationally fast. The efficient levenberg-marquardt (LM) correction of the classical
Gauss-Newton method is used in [105], and the method demonstrated that with a large
arc length and low noise level, both the algebraic and LM ellipse-fitting methods could
be used for imbalance estimation. However, for short arc length and in a noisy
environment, the algebraic method results in biased imbalance estimates, whereas the
LM method is unbiased and robust for noise. It was concluded that the LM method
performs well in the ellipse-fitting problem in physiological sensing applications.
However, the LM method provides a good estimation of imbalance, assuming the
dominating noise sources in radar physiological sensing to be thermal noise and flicker
noise in the receiver chain. However, the performance degrades for artefacts, such as

respiration of a nearby person, that are superimposed to the radar signal.

In [106], the signal distortion issue is addressed by applying the artificial neural
network (ANN) on raw radar signals eliminating the need for any preprocessing
(demodulation, 1/Q imbalance, or offset compensation) and avoided any impact of
imbalance. The author developed a system for heart rate detection by directly coupling
the CW Doppler radar with an ANN stage. The implementation of the shallow ANN

within a microprocessor system is quite computationally inexpensive. However, the
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experiment is performed in a confined environment with no moving object in the
vicinity. Moreover, no exact information on the absolute position of the target could be
found. Therefore, the method cannot be used for the estimation of vital sign for multiple

people simultaneously.

4.1.4 Antenna Characteristics

The selection of transmitting and receiving antenna and its characteristics play a
significant role in estimating the efficiency of the system. Depending on the antenna
configuration either single elements or array, using conventional or alternative
materials, the overall performance of a system may vary. The antenna performance
depends on the infinite gain, lack of side or back lobes. However, in the context of NCVS
applications, the due consideration must be given for the system sensitivity to
environmental clutter, the small radar cross-section (RCS) and the lowpass signal

characteristics.

In a comparative study, it was established that helical antenna because of high
directivity and symmetry in H & E plane provided better accuracy as compared to Yagi,
log-periodic, and patch antennas [32]. It was concluded that as broader beams are more
susceptible to acquire clutter and noise, narrower beamwidth antennas are preferable
for NCVS applications as they provide a better signal-to-noise ratio and result in high
efficiency. In an extension to the study, a highly directive three helical antenna based
phased-array system was designed and compared. It was concluded that the helical
antenna could achieve better accuracy as compared to the patch antenna [34].
However, directive antennas lead to the higher power requirement, which again puts a
limitation on the design. In another comparison study, to analyze the optimal design of
antenna for UWB NCVS systems, different antennas were evaluated [107]. It was
concluded that the Vivaldi antenna, which has a medium gain, a directive radiation

pattern, and the best co and cross-polarization ratio performed best.

The high frequency increases the sensitivity of bio-signals, detectivity of
imperceptible targets and shrinks the antenna size. Planar microstrip antennas tuned at

such frequencies enable the low-cost, on-chip integration for portable applications. The
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Figure 15: Signal interference due to multi-person, clutter, and motion artefacts

author in [108]-[112], designed the microstrip antenna (patch, horn, dipole) at different
frequencies which offer the advantage of increase gain, decreased side-lobe level, and
narrow beamwidth. The author [108] also reported that the circularly polarized antenna
array in a multi-sensor network provides better isolation against interference than
orthogonal linearly polarized antennas. Rabbani et al. [109] demonstrated that the
detection range widely varies depending on whether a single antenna or dual antenna
is used for transmission and reception. It was shown that their designed single antenna
has good accuracy in vital signs’ detection, but limited for a short-range of
approximately 0.5 cm. However, with the dual antenna system with a separation of 20

cm between Tx and Rx antenna, the vital sign was successfully observed up to 200 cm.

Owing to the small RCS of around 0.5 m? for the human chest wall, the proper
alignment of transceiver must be ensured to acquire signals with optimal SNR. For a
fixed range, fixed-beam antennas require the calibration for every human due to its
varying features such as height, body structure. To address the issue and achieve large
detection range, an adaptive beamsteering antenna is used which can redirect the beam
seeking for the best SNR without increasing the system size [113]. A 2x2 microstrip patch
antenna array and two-phase shifters were embedded on the same board to act as

adaptive beamformer.
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4.2  Signal Processing, Detection Algorithm, and
Associated Challenges

The performance of the NCVS depends on the accurate extraction of HR and RR signals
from a composite signal. The displacement in the reflected signal is minimum due to
heartbeats as compared to the respiration. The second and third-order harmonics of RR
signals are comparable in magnitude to HR fundamental frequency. The RR harmonics
and the intermodulation between the heart rate and respiration signal make extraction
of HR difficult, increases the complexity of signal processing and detection algorithm.
The random body movement and clutter introduce noise in the signal, which is a hurdle
in the design of an efficient detection algorithm for low SNR signals. The issue is
pictorially represented in Fig. 15, where the red dotted line forms the clutter. It
illustrates how high signal strength from these fixed objects diminishes the signal-to-
noise ratio (SNR), consequently impacting the accuracy of range calculations. Multipath
signals, whether combined constructively or destructively with the received signal,
compound the impact on SNR. Given the non-linear nature of real-time signals, attempts
to eliminate the influence of static clutter through techniques like frame differencing or
background subtraction fall short of complete removal. However, moving clutter
impacts differently than static as it creates disruption in phase. Various approaches have
been investigated in the literature to address these challenges and to design an efficient

and simple detection algorithm to extract RR and HR accurately.

4.2.1 Motion Artifacts Due to Random Body

Motion artifacts are inevitable in certain applications and cannot be ignored, such as
baby monitoring or sleep apnea detection where the target may be moving. Since the
signal from the random body movement is more substantial or at least comparable to
the signal due to respiration and heartbeat, therefore it presents a critical noise source,

which should be dealt with in the design of efficient and reliable NCVS detection.

Li et al. [100] suggest that the noise from the random body movement can be
eliminated using the techniques based on the complex signal modulation and
arctangent modulation using two transceivers. It was observed that the desired
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physiological signals presented a phase modulation in the baseband signal and random
body movement caused a random frequency drift in the baseband signal for the two-
transceiver system. With complex signal demodulation, the two complex signals were
multiplied to cancel out the random body effect and enhance the chest wall motion
term. In arctangent demodulation, random body effect is cancelled out by adding the
angular information from the front and back measurement. The critical issue using
arctangent demodulation is the presence of baseband DC offset as it changes with the
change in the environment and needs to be calibrated every time. It is observed that
complex signal demodulation is more efficient when DC offset cannot be accurately
determined and calibrated as this can be easily removed by averaging the signal over
each time-domain sliding window. Although, the multiple radar system cancels the
random body movement effects but suffers from system complexity and alignment

issues of the subject with radar.

The same approach of using two radar is extended for the FMCW mode of
operation. The FMCW radar has inherent range-resolution/gating characteristics that
help in separating different range bins [114]. The idea is FMCW received signals from
various body parts which are more than the radar resolution distance apart from the

chest, occupy different range bins and hence can be filtered out [44].

A novel concept of harmonic radar is used where both fundamental (12 GHz) and
second harmonic (24 GHz) are transmitted and received to create frequency diversity
for vital sign detection and extraction [115]. An FFT algorithm and autocorrelation
function are applied on both the received signal to extract the vital signs. Further, they
experimentally improved the detection by using selective narrowband antenna than a
wideband antenna. In another approach, first, the effect of body motion as a point
target in the received signal is analyzed [116]. The baseband frequency spectrum is
shifted in a positive or negative frequency axis as the subject moves towards or away
from the radar, respectively. The random body movement is determined through a
series of short period random time window. Then peak frequency was extracted in these
small period time windows, and RR was estimated. Due to heavy interference, HR could

not be extracted with accuracy from the designed system. Ye et al. [117] have used
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another approach based on the sparse spectrum reconstruction, and zero-attracting
sign least mean square (ZA-SLMS) to suppress strong noise and interferences from
motion artifacts. The regulation parameter (REPA) was decided adaptively to reduce the
effect of small motion artifacts. The moving average filter and background extraction
technique were introduced [118]-[120], where the filtered output of the respiratory and
body movement signal was subtracted from the original signal to extract the HR signal

accurately.

4.2.2 Clutter

At the receiver, the reflected signal from the target is affected by the multipath fading,
and reflection from objects, walls, and furniture in the surrounding. The unwanted
echoes returned from the objects other than desired are termed as clutter and causes
severe degradation of SNR and reduces the detection accuracy. It is required to
implement an effective clutter suppression algorithm or technique for the measurement
of small chest movement. Researchers have explored a series of approaches to suppress
the clutter. In [121], the measurement is carried out from the human head to reduce
the multiple reflected signal from the human torso and other body parts. The advantage
of the method is that the head is assumed to be a single reflection point, and clutter

from other limbs of the body falls in different bins.

In another study, the undesired echoes are also removed by utilizing the time-
gating characteristics of the multiple-input and multiple-output (MIMO) configuration
of the ultra-wideband radar array [45]. A simple approach to energy thresholding was
used. The energy in the vital sign signal was observed over a time window and when the
energy within the segment exceeded a threshold, then data from that time window was
discarded treating it as a clutter signal. Alternatively, the background subtraction
techniques like singular value decomposition, principal component analysis (PCA), and

frame differencing are also applied to reduce the clutter significantly [119].
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4.2.3 Interference Due to Strong Respiration Harmonics and
Intermodulation Products

The heartbeat signal amplitude and frequency are characterized by displacement and
the velocity of chest motion, respectively. The chest displacement varies between 4 to
12 mm and 0.2 to 0.5 mm for respiration and heartbeat, respectively. Similarly, 0.2-0.34
Hz & 1-1.34 Hz frequency variation are observed for RR & HR, respectively [122]. The HR
signal is smaller in amplitude and slightly higher in frequency than the RR signal.
Moreover, the second and third-order harmonics of RR signals are comparable in
magnitude to HR fundamental frequency and cause interferences that cannot be
filtered. Also, the HR estimation is affected by intermodulation products. When two
different frequencies are passed through a nonlinear device, additional frequency tones
are generated from a linear combination of these two frequencies. These additional
frequency tones are called intermodulation frequencies. Some of the intermodulation
products fall within the heartbeat frequency range, and as the level of the heartbeat
component is very small, the heartbeat estimation becomes difficult and erroneous. It
was emphasized that the impact of the third-order intermodulation product is

considerable, especially when the chest wall movement due to respiration is large.

To address the issue, the author in [123], have used a filter for attenuating
harmonics and intermodulation product called harmonic canceller or moving target
indicator (MTI). The difference between the input signal and its delayed version (by one
breathing pulse duration) was observed. As all the harmonic components of the
breathing signal are periodic with breathing pulse duration, the harmonics are cancelled
by the harmonic canceller. Similarly, a cascade of single delay filters with delay
referenced to intermodulation frequencies was used to remove the influence of
intermodulation products. However, static clutter could not be separated from Doppler

signals with the design.

In another study [124], the author designed the nonlinear smart sensors utilizing
the intermodulation frequency generated through a wearable tag. The 3rd-order tone

generated by wearable tag along with the fundamental tone is backscattered towards
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the receiver. The receiver amplified the desired 3rd-order tone and attenuated the
fundamental and undesired 3rd-order intermodulation frequencies. The design was able
to increase the relative intensity of the heartbeat signal as compared with the

respiration signal along with the successful estimation of respiratory activities.

To avoid the issue of harmonics, the periodic variation of Doppler frequency,
which depends on the chest wall movement and less affected by noise, motion artifacts,
etc. was used for heartbeat extraction. This finding is utilized by [125] and employed the
multi-resolution analysis using continuous wavelet transform. The periodicity in a
specific frequency is extracted, and this periodicity infers the heartbeat. The estimation
is not affected by the range of displacements and associated noise. In [126], the
respiration signal was reconstructed from the spectral analysis of the received signal
using the complex signal demodulation technique. The reconstructed respiration signal
was subtracted from the original signal in the time domain to have harmonics free HR
signal. However, the accuracy of the method governs by the accurate tuning of
parameters of the reconstructed respiration signal to match the original respiration
signal. Also, the interference due to harmonics becomes significant for an increase in
the amplitude of every frequency component (4. 1. m,. 1) of greater than 0.5. Different
frequencies experiences different phase delay, which limits the effectiveness of the
technique as the fundamental and higher harmonics cannot be cancelled
simultaneously. In [37] double derivative of the signal is considered for the processing
in place of taking direct displacement value. The amplitude of the double derivative of
a frequency signal is higher by a multiple of w? to the original signal. Then the peaks are
obtained through the combined method of derivation and frequency-time phase
regression (FTPR). The process resulted in improved detection performance and

reduced the effect of respiration harmonics.

The peak detection algorithm was deployed to extract heart rate variability
(HRV) from the RR dominated weak HR signals [127]. The high sampling rate reduces the
requirement of the steeper cutoff for analog filters and provides a large resolution to
address the harmonics issue [53]. Additionally, time-frequency analysis by short-time

fourier transform (STFT) with a Gaussian window reduced the effect of RR harmonics
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over weak HR signals. Nguyen et al. [40], [41] designed the harmonic path algorithm
(HAPA) to find the equidistant three nodes and estimate HR frequency. The amplitude
of higher-order RR harmonics is minimal in the range of frequencies of HR harmonics.
Hence the HR harmonics are not affected by RR harmonics, and better accuracy was
achieved. Further, the spectrum averaged harmonic path (SHAPA) algorithm was
introduced to overcome the issues of the HAPA algorithm proposed in their earlier work.
Hosseini et al. [47] designed a respiratory motion detection algorithm that utilized both
time-varying delay and phase modulation. Finite impulse response (FIR) time-varying
filter was used to find out HR, effectively dealing with RR harmonics through the
selection of optimum FIR coefficients by discrete prolate spheroidal sequences (DPSS).
The HR and RR originated components are separated in the time domain. Further to
address the RR harmonics issue instantaneous frequency estimation based on local
maxima was used. Hilbert-Huang transform (HHT) and Empirical mode decomposition

(EMD) was used for the separation and extraction of HR & RR [43].

Sinharay et al. [128] observed that the larger chest wall displacement causes
phase wrapping, which generates RR harmonics. If the wavelength is increased to limit
the wrapping, tiny heart movements are missed out. Contrarily, if the wavelength is
decreased to enhance sensitivity, phase wrapping introduces RR harmonics in the HR
region. Amplitude modulation of a continuous wave (AMCW) was used to address the
issue. Through AMCW, phase detection is decoupled from the carrier frequency, and RR
harmonics are avoided simultaneously maintaining high sensitivity. However, the major
challenge is the leakage power between transmitter and receiver, which produces the

error in phase-detection.

4.2.4 Direct Current (DC) Offset and Noise Effects

The low SNR signals observe performance degradation due to DC offset clipping and
other non-linearities of an amplifier at the receiving stages. Tan et al. [129] utilized the
FIR filtering to address the challenge of low SNR signal. FIR filter with a Hamming window
was used for filtering the high-frequency noise. Though the infinite impulse response
(IIR) filters have steeper cutoff and better filtering efficiency; however, their use was

avoided to reduce the distortion introduced by non-linear group delay. Mogi et al. [130]
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applied STFT to the frequency band related to HR. Each frequency spectrum in the
selected frequency band was integrated to remove the effect of noise. The peaks and
RR intervals in the integrated spectrum were determined based on the threshold-based
algorithm, and better efficiency was achieved for low SNR signals. Another approach of
processing the signal through a vector subtraction method to remove background noise
was deployed [39]. Time-interleaved samples of signal formed the original vector, and
the data without transmitting the signal created noise vector. The noise vector was
subtracted from the original vector to get a high SNR signal vector. A similar approach

of the mean subtraction method was also used for DC offset and noise removal [131].

The Tx-Rx leakage occurs due to inefficient isolation capability of circulators,
feeder leakage, mismatch in antenna and spatial paths between antennas [132]. As the
leakage power is typically much higher than that of returned signals, LNA can be
saturated. Moreover, the dynamic range of FMCW radar is also limited by phase noise
leakage. [133] demonstrated use of the down-conversion technique in which the
frequency and the constant phase information of the beat signal of the leakage was
extracted in the digital IF domain. [134] described that the Tx-Rx leakage is caused by
the spectral leakage because of the antenna coupling of FMCW radar causes a DC offset.
This DC offset needs to be corrected to obtain error-free phase variations. The efficient
gradient descent algorithm is employed to achieve dynamic DC offset tracking and
performing DC offset correction [135]. In [89] it was emphasized that prior to the
arctangent demodulation, this DC offset must be accurately calibrated, which relies on

the accurate estimation of the centre of the arc traced by the detected motion.

The algorithms, such as Levenberg-marquard algorithm [136], L1-norm-based
algorithm [137], least squares [138], and gradient descent [139], have been used for the
centre tracking. However, for a smaller arc length as compared to the wavelength of the
operating frequency challenge still exists to track the centre of the arc accurately. The
work [140] demonstrated that the arc length is comparable for higher frequency
operation owing to the smaller wavelength even if the chest wall motions are small in

magnitude, i.e. target at larger range from radar sensor. If the arc length resulted from
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the phase change is relatively short, a linear demodulation method may be a more

accurate choice [141].

The source of DC offset at the output of the RF front-end may be due to the
direct coupling of the transmitter to receiver and circuit imperfections such as the self-
mixing of local oscillators and interferers. This DC offset may cause saturation or
limitation of the dynamic range of the following stages of baseband amplifiers. AC
coupling is proposed as a solution where the capacitors have been commonly placed
between the RF output and baseband amplifiers. However, due to the high-pass
characteristics of the coupling capacitor, AC coupling leads to significant signal distortion
because the chest wall motion has a very low frequency and amplitude. A high RF-LO
isolation mixer [142] was used to employ DC coupling in the system. The approach was
complex to implement and was not able to remove DC offsets completely. The authors
[143] designed a radar sensor with DC-coupled adaptive tuning architecture which allow
the operation of baseband amplifiers with sufficiently high gain. An RF coarse-tuning
signal path was added at the RF front end to remove most of the DC offset, and a
baseband fine-tuning feedback patch was added to calibrate the remaining DC offset
and achieve the largest dynamic range. The fine-tuning baseband architecture
adaptively adjusts amplifier bias to a level that allows both high gain amplification and

maximum dynamic range.

4.2.5 Influence of Digital Filtering and Sampling Rate

In [144], electrophysiological data were analysed, and it was emphasized that the
improvement of the signal-to-noise ratio must be considered at the first stage. At the
recording stage of data, it must be ensured to collect higher numbers of trials and
reduction of noise. Even after this, in most conditions, filtering will nevertheless be
necessary to analyze the data of such electrophysiological signals. Filtering can result in
significant distortions of the time course (and amplitude) of a signal. To address the
issue, the filter type and parameters must be thoroughly analyzed to minimize filter
artifacts. In vital sign NCVS systems, the working principle is based on analyzing phase
delay, for which it is necessary to unwrap’ the phase response. Any phase distortion

introduced by the digital filter during signal processing amounts to the signal distortion.
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The bandwidth of the signal must be taken into consideration such that the
passband of the digital filter corresponds to the frequency interval over which the phase
response is approximately linear. Digital filters are used for the processing of different
frequencies within electrophysiological signals. However, the changes are induced in the
phases of different frequencies. These phase shifts lead to a disruption of the timing
information between different frequencies within the same signal and between
different signals. Moreover, the use of high frequency would be beneficial because of
the increased phase modulation; however, as the simulations and measurements
presented in the paper mentioned some distortion effects also become magnified when
increasing the frequency [145]. The phase extraction algorithm must address the issue

while using the high-frequency radar for vital sign estimation.

The radar reflected signal contains not only vital sign information but also the
clutter from the environment and the static parts of the human body. For removal of
the signal part due to unwanted clutter, loopback filter-based technique is used [146].
As the breathing harmonicas may overshadow the heart frequencies, notch filters are
utilized to eliminate the breathing harmonics [147]. However, if the breathing
harmonics are located very close to the HR, then the notch filter-based solution would
suppress HR and would pose a challenge. [134] emphasized that compressive sensing
based on orthogonal matching pursuit based processing offered more accuracy than the
serially-cascaded Bi-Quad IIR filter based two bandpass filter design. The bandpass filter-
based design has low accuracy due to the passband noise and harmonic interference.
The use of compressed sensing orthogonal matching pursuit (CS-OMP) improved

accuracy by about 7% for HR, and 4% for RR.

The work [148]-[150] described that fast signal processing is a critical issue for
the NCVS system based on FMCW radar. As the chest wall motion are very small in
amplitude and consequently to get higher SNR, high-speed sampling is required during
analog to digital conversion. However, the high sampling rate generates massive data
for processing and reduces performance in the real-time. Sampling rate conversion

(SRC) along with different digital down converter (DDC) structures have been
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implemented to combat the issue. However, designing appropriate filters and structures

is a critical design issue for the scheme.

The author [150] presented an efficient demodulation method designed for
FMCW, which is a modified DFT (IDFT) algorithm. The algorithm can extract the
spectrum segment of interest from the original signal without calculating the whole
DFT/FFT. It provides fast demodulation and extraction of desired frequency bands
without computation complexity. The desired low sampling rate conversion could be
achieved with the combination of forward and backward structure. The digitization of
high-frequency carrier signals requires very high sampling rates for ADC and the
requirements for ADC clock and aperture jitter become more stringent. Therefore, the
frequency translations to lower intermediate frequencies are required for radar
received signals for an NCVS system [44]. The issue of group delay introduction by a
digital filter during processing was addressed through a digital down-conversion
technique which takes a band-limited high-sample-rate digitized signal, shifts the band
of interest to a lower frequency and reduces the sample rate while retaining all the

information.

In [146], the electrophysiological signals are processed through low pass filtering
to temporally smoothing and removing the noise. However, the in-band noise remains
intact. These filters have zero phase-lag, thus the issue of the event being smeared out
in time appears. It was concluded that raw data should be analyzed directly, without
filtering but with artefact rejection if required. The filtering may be avoided for analyzing

any temporal dynamics related to the signal.

The authors in [151] demonstrated the heart sound detection using radar
systems to measure heart rate variability (HRV). It was described that the heart sounds,
caused by muscle contraction and valve closures minimally transit the body as a sound
wave. These sounds propagate as a mechanical wave along arteries and vessel walls and
generate vibrations of the body surface. Hence a six-port radar system was used to
detect both cardio-physiological effects, i.e. heart sounds in addition to the pulse wave
component. The detection of heart sounds considerably enhanced radar-based

heartbeat detection. As the heart sounds were expected in the range of 16-80 Hz, a
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fourth-order Butterworth filter with a passband of 16-80 Hz was used to extract the
heart sounds. Subsequently, the logistic regression hidden semi-markov model (HSMM)

based algorithm was used to extract heartbeat.

4.2.6 Signal Processing Algorithm

Both the HR and RR need to be extracted from the received data. Various signal
processing algorithms are employed, each having its own advantages and limitations.
The most straightforward approach to extract the HR and RR was to use FFT over a
length of phase signal and find the peaks in the spectrum. However, the detection
performance is degraded due to the leakage problem caused by the limited data length
of the Fourier transform. The Fourier transform requires the invariability of vital signals
over a small duration. If the vital sign varies over time, the FFT algorithms, are invalid

and extraction performance degrades substantially.

A parametric and cyclic optimization-based approach called RELAX algorithm
was proposed to address the aforementioned problem [152]. The algorithm used the
continuous wavelet transform based synchro-squeezing transform (SST) to extract time-
varying vital signs. However, the SST is not much beneficial for high frequency and large
varying noise signals [131]. In an extension to the earlier study, the auto-correlation and
FTPR approach is combined [131]. It was used to extract weak HR from the RR harmonics
dominated signal. Lee et al. [15] also addressed FFT smearing and leakage issues by using
multiple signal classification (MUSIC) algorithms. The algorithm analyzed the signals
using signal subspace and noise space through the use of the Eigenvalues and Eigen
matrix from the autocorrelation output matrix. The MUSIC algorithm observes difficulty

in selecting an adequate number of signal subspaces and is computationally expensive.

The time-domain processing of the signal reduces the computational load of the
system as compared to the frequency-based processing. The authors in [153] used six-
port radar with cross-correlation based template matching algorithm for detection of
the instantaneous heartbeat. The design offered the detection of a heartbeat without

delay and with a very small observation window of 8 to 12 seconds.
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However, the tests were conducted with the subjects holding breath and study
was limited to detection of heart rate and respiration rate was not analyzed. Moreover,
the accuracy of measurements depends on the template of the heartbeat wave through
which the matching of a real-time signal is performed. The effect of the physiological
behavior of the cardiovascular system, as well as the effects due to the antenna
characteristics and filtering on heartbeat template was presented in an extended study
[51]. It was concluded that the cardio-physiological effect over different heartbeat wave
template was caused due to local pulse waves called sphygmograms which are the

depiction of pressure over time in an artery.

It was demonstrated that as a narrow bandpass filter is used to determine the
heartbeat from the measured radar signal, the heartbeat templates should be
generated through narrow bandpass characteristics and with highly focused narrow-
beam antenna characteristics. Yang et al. [154] used a two-stage analog bandpass filter

(BPF) for the time-domain peak detection to extract HR and RR.
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Figure 18: NCVS system for multiple person: visualizing the scenario of without phase collision and with phase
collision.

Through the first stage of BPF, the signal was filtered for RR frequencies, and the
time interval in the peaks of the signal was used to estimate RR. Similarly, in the second
stage of BPF filters, the HR frequencies dominated signal, and the time interval in peaks
of the signal determined the HR. Zakrzewski et al. [155] improved the nonlinear
demodulation, i.e., arctangent demodulation with centre estimation algorithm using the
levenberg-marquardt (LM) method. The park and Yuan-Forg method were also

evaluated, but the LM method was proved to be more accurate with the low

computational load.

5. Challenges for Multi-Resident Vital Sign Detection

Most of the studies have been conducted in a lab environment with a static target in the
proximity of a radar sensor, as shown in Fig. 16. These systems offer good results in a
controlled environment, but real scenarios imply new challenges. In a realistic scenario,
there is a high probability that the patient may be accompanied by another person such
as a nurse or attendants, older adults with caretakers, and babies with the parent, as
depicted in Fig. 17. In such a situation, the present proposed vital sign monitoring system
ceases to perform. To extend the adaptability of vital sign monitoring systems in all

practical scenarios, the design needs to be conceptualized and verified for the multi-
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resident environment. Recently, [14], [33], [45], proposed the methods to address the
issue, which can be extended further to make the system meaningful and practical,

hence bridging the gap between adaptation to the real world and the laboratory setup.

The principle behind the vital sign measurement of multiple people is first to
localize the target, and then individual phase information is extracted to retrieve the
vital sign information of an individual. The localization of the target means separating
the individual in the range-angle plane. High angular resolution is required for localizing
the multiple targets to detect the individual’s vital signs accurately. A highly directional
beam provides a large angle resolution, which is necessary to distinguish the target in
different range bins. However, the realization of a highly directional beam and scanning
the environment locally requires a large number of antenna structures if steered
mechanically or more complex algorithms are needed for digital beam-steering. The
increased hardware complexity and requirement of a high computational signal
processing algorithm governs the practical realization of the minimum beamwidth
antenna structure. Therefore, within a practically realized system, it shall probably be

inevitable to have the targets close enough in the same range-angle coordinates.

Moreover, if the targets are close enough (comparable to the theoretical
resolution limit), then the vital information for each individual will be in the same
steered beam as depicted in Fig. 18, which becomes difficult to separate [156]. In Fig.
18, the first phase spectrum is shown where the targets are at such angular distance
apart that no phase collision occurs, and the desired signals are easily distinguishable.
The second spectrum shows the situation of the phase collision that occurred in the
received signal. Here, the reflection from all the targets collides and distorted the
spectrum. Moreover, in most of the situation, the desired signal is masked by the noise
and interferences. Another challenge in the vital sign detection is the source separation.
Due to the path loss and multipath fading, the signals from the rear target is relatively
weak. When the two targets are relatively close within the resolution limit, it becomes
difficult to differentiate one from another. Even with the successful extraction of the
vital signs, it is computationally expensive to assign the detected vital sign to the correct

target. Recent research development in the field has shown that this can be achieved by
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either hardware solution where MIMO configuration of sensors is used [45] or by robust
signal processing and feature extraction algorithm (multi-person tracking algorithm)

that separates the target in different range bin [157].

The choice of the RF carrier signal with modulation schemes like linear FMCW, stepped
frequency, frequency shift keying (FSK), etc. makes it possible to obtain absolute range

bin for human tracking and localization.

In [158], the phase information is obtained by FFT, and the parametric spectral
estimation is applied for the range, which results in high accuracy and resolution. The
range information is useful in finding the number of targets in the field of view and
calculating their respective distance from the radar sensor. While the phase information
determines the change in phase caused by the micro-doppler effect due to each target’s
cardiac activity. This information is combined to extract the vital sign by using the auto-
regression (AR) method. Also, range integration of the signal is performed to reduce
mutual interference. The FFT and MUSIC algorithm are applied in conjunction as the
conventional FFT method is not enough to extract the beat frequency for multiple
targets due to the overlapped main lobes and MUSIC algorithm alone is unable to
provide necessary phase information. Although the proposed method gives good
results, still some issues must be considered for practical application. The first problem
is clutter suppression. Since the MUSIC algorithm is incapable of providing the phase
information, therefore, cannot separate the stationary clutter. The standard deviation
of phase information can utilize the micro-doppler effects and distinguish the moving

targets from a stationary one.

Another issue is the motion artifacts as the signal due to body movement is
stronger than the vital sign that makes the detection difficult [67]. The presence of the
significant sidelobes in the spectrum creates the target’s ghost image, which further
degrades the performance. The problem can be overcome with a high gain antenna to

suppress the side lobes, and power is concentrated towards the main lobe.

The MIMO technique of wireless communication is utilized to achieve the vital

sign monitoring of multiple people [45]. The transmitting antenna array transmits an
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FMCW signal in a time-division multiplexing mode. The scattered signal is received over
multiple channels that separate the target in the range-azimuth plane. In this manner,
the different range bin corresponding to each person is identified. Depending on the
relative distance between targets and receiver elements, an additional phase shift
occurs. For each Tx-Rx pair, two-step FFT is performed. First, the range FFT is applied to
separate the different range bin from each other. Second FFT separates the objects
within the same range bin but are at a different angle means mapping different subjects
in the range-azimuth plane. Phase values are extracted over the slow-time axis for each
range-azimuth range bin, and after performing a sequence of signal processing, the vital
signs are estimated. This arrangement worked well under the constraint that the targets
should be in the same range-angle bin for the entire experiment time. The requirement
of targets to be practically stationary, random body movement, effective cancellation of
RR harmonics over HR and robustness of measurements in clutter environment are

some research challenges, yet to be addressed.

Recently Marco et al. [33] observed that moving targets affect the transmitting
and receiving signals from stationary objects. It generates the phase and amplitude
modulations in the reflected signals from stationary objects. This makes target detection
difficult in the presence of stationary clutter in an indoor environment, mainly due to
the presence of household, tables, etc. An algorithm was designed utilizing the range
bin, phase change in range bins, and range speed matrix. A draft path matrix was formed
to track the targets. The effect of random body movement was removed by first locating
the artifacts using continuous wavelet transform and then suppressing these with
moving average filter. The system consists of only one transmitter and one receiver
configuration. The experiments were carried out in an office setting with the moderate
and vigorous movement of targets. Reasonable results were achieved with the
moderate movements of the target, but vital sign signals were lost during vigorous
target movement, and subsequently, the system picks up the signal as the target

movement reduced and remain locked on the same target.

In most of the studies, the localization of targets was achieved based on the

amount of received power from different targets. However, using FMCW as a filter,
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multiple targets are isolated into different frequency bins depending on the arrival time
of a received signal [14]. The use of filters also isolated some of the body parts’
movements as they occupy different frequency bins. Linear regression on the phase of
the complex time-domain signal is used in extracting the single dominant frequency of
the signal [159]. This concept was used to successfully extracting the breathing and

heart rate from the range bins isolated earlier.

Hilbert vibration decomposition method was used to decompose the vibrating
components into the lower frequencies in the signal [160]. The algorithm worked on
baseband received signal and extracted the largest energy signal around which the
signal oscillates [161]. The algorithm extracted the dominant breathing rate with better
accuracy. Similarly, the distance spectrum, i.e. the power spectrum of the received
signal represented in terms of distance, was calculated through FFT application.
Applying the FIR filter over the peak detected in the distance spectrum, the distance and
small oscillating displacements are extracted [162]. The sampling rate is limited for
practical implementation, and hence the range profiles obtained from FFT/IFFT are
limited in range resolution. Moreover, the peak detection algorithm for FFT offers

limited performance for multiple targets in close vicinity to each other [163], [164].

Though the range resolution of the MUSIC algorithm is much higher as compared
to the conventional IFFT techniques, it is priced with considerable computational
complexity [118], [165]. The latest approaches of the Hilbert vibration decomposition
algorithm have the advantage of self-adaptation and better ability of decomposition to
similar frequencies; however, the performance is limited in the presence of super
harmonics in the signal. Moreover, the computational complexity is also very high [160],

[166].

Zhang et al. [167] exploit the stepped-frequency continuous-wave (SFCW) radar,
which offers the benefits of small size, low power consumption for continuous vital sign
monitoring. The different parameters are optimized for high precision and accuracy for
multi-target. The results show that to obtain a high range resolution; the SFCW radar
system should be designed with high centre frequency, smaller frequency step, large

bandwidth, sufficient antenna beamwidth, and a suitable elevation angle. Single-
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conversion continuous-wave (SCSFCW) radar which is a combination of SFCW radar and
a self-injection-locked (SIL) radar are proposed to obtain high range resolution up to 15
cm [168]. Lee et al. [169] proposed improvement of range resolution through the use of
a modified waveform that doubles the bandwidth and subsequently improved the

resolution.

The RF waves travel at a speed of light and hence the differences in reflection
time are of the order of picoseconds which is very difficult to measure the wavelength,
which tends to increase the phase difference and make the detection process more
efficient [72]. The higher frequency offers large bandwidth. The bandwidth has a direct

consequence on the range precisely for the localization of targets closer than one foot.

The FMCW technique provides the mapping of time differences into
corresponding shifts in the carrier frequency. Thus, it makes the measurement simple
as the frequency shifts are easy to measure. Another challenge is of multipath effects
due to the reflection of the transmitted signal from walls and furniture. The reflections
from multiple humans and some static objects are complex and pose a significant
challenge in localization of targets in indoor settings. Some recent research works are
addressing these challenges, yet the architecture design, the complexity of signal
processing algorithm, clutter due to relative movement of target and objects are some
of the main areas that need to be dealt for efficient localization and tracking of multiple

targets.

6. Summary and Future Direction

Since the early 1970s to date, technological advancements have made it possible to
implement the radar sensing on a single chip with low power and low-cost solutions. For
NCVS monitoring, the radar-based systems have gained momentum after 2010, and the
studies have shown an increasing trend within recent years. Current research efforts are
towards producing an NCVS device that is comparable to ECG accuracy, and at the same

time power-efficient, smaller in size, robust and reliable for practical applications.
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Table 4: Summarized description of methods for addressing the issues in NCVS

Issues in NVCS Method Advantage Limitation
Null Point 1. Double-sideband transmission [95] 1. Null point at larger separation 1. Increases the power and bandwidth
2. Vector network analyzer [72] 2. Simple installation, easy frequency tuning requirement, require small angle
3. Phase-locked loop (PLL) in VCO [101] 3. Direct baseband conversion of received signal, approximation
avoids 1Q unbalance and DC offset 2. Slow in processing the sweep over complete
signal
3. Trade-off between stability of PLL and gain
error
Clutter 1. Measurement through Human Head [121] 1. Single point reflection avoiding reflection from 1. Limited accuracy, constrained target position
2. MIMO configuration of radar array + Energy the same range bin 2. Time division multiplexing (TDM) MIMO configuration
Thresholding [45] 2. High angular resolution, used for multiple increases complexity
3. Background Subtraction Technique (PCA, Singular people 3. Re-calibration of background signal is required with
Value decomposition, Frame differencing) [119] 3. Clutter due to antenna coupling also reduced change dynamics of indoor environment
Motion Artefacts 1. Phase Cancelation using multiple Radar [179] 1. Remove null point effect 1. System complexity and alignment issue
2. Complex signal demodulation [100] 2. Robust against DC offset 2. Affected by harmonic and inter-modulation
3. Harmonic Radar [115] 3. High sensitivity for HR detection interference
4. Moving Average Filter [175] 4. Robust against DC offset 3. Precise frequency stability is required
4. Trade-off between window length, accuracy
and processing complexity
RR harmonic 1. Periodicity of doppler frequency due to velocity of 1. Limitation in phase variation extraction is avoided 1. Method is limited for HR detection only; parameter
interference chest movement [125] 2. Weak higher order BR harmonics can also be removed needs to be changed for BR
2. Reconstruction and subtraction [126] 3. Requires minimum processing and power consumption 2. Accuracy depends on reconstructed respiration signal
3. Double derivative of the signal [180] 4. Simple, Low computational cost 3. Differentiation introduces numerical instability
4. Time-frequency analysis [53] 5. Narrowband processing removes other interferences 4. Requirement to hold the breathing for the
5. FIR time varying filter [47] 6. Antenna size is decoupled from sensitivity measurement duration
6. AMCW [128] 7. Signal Processing Algorithm 5. Complex processing
7. Signal Processing Algorithm a. Less processing time 6. Stability of modulating signal limits the performance
a. Viterbi Algorithm [176] 7. Signal processing Algorithm

b. Zero-attracting sign least-mean-square (ZA-
SLMS) algorithm [117]

c. Ensemble empirical mode decomposition
(EEMD) [43]

d. Adaptive noise cancelation (ANC) [181]

e. Variational mode decomposition (VMD)
algorithm [171]

f. Peak Detection algorithm [127, 175]

g. HAPA, SHAPA [40, 41]

b. Large spectral resolution
c.  Fully adaptive and very simple
decomposition algorithm
Simple and less processing time
Small computations and can be
implemented in embedded systems
f.  Simplest and fastest processing method
g. Low sampling rate and low cost

a. Complexity increases manifold if monitoring
duration increases
b. Trade-off between gradient correction and
spectrum sparse penalty affects the accuracy
c. Lack of dynamic motion compensation and cannot
address the motion artefacts issues.
. Instability for large noise such as motion artefacts
. Large noise affects the accuracy
. Works satisfactorily only for high SNR
. Erroneous results for large heart rate variability
cases

cm S 0o Q
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Table 5: Current status of the NCVS for multi-person

Author Frequency Radar Type Localization Vital Sign Extraction Targets Range Performance Limitations
Method Parameter
Ahmed, 2018 77 GHz FMCW Range gating Range FFT - range bins  Two targetsin same 1m - -Targets should stay in
[45] using MIMO radar Second FFT - separate range bin (1m) with the same angle-range bin
and Beamforming targets in same range angular separation of for the measurement
bin 60° time
-Impact of motion
artifacts, clutter, and
radar movement
Lee, 2019 24 GHz FMCW Parametric Auto-regressive Two stationary Range resolution limited Avg. accuracy more -Interference due to
[158] spectral algorithm + MUSIC targets in sitting to 40cm than 98% clutter and motion
estimation position Targets’ distance varies artefacts
between 130 to 300 cm -Insufficient sidelobe
from radar suppression generates
ghost target
Marco, 7.3 GHz FMCW Tracking algorithm Linear demodulation +  Two targets in Range resolution 20 Avg. accuracy RR:  -Subjects to be in quasi-
2019 [33] based on range FFT+ Continuous different walking cm and range 94 % HR: 88 % stationary state
bin and range- wavelet transform scenarioinawell- 2.6 mand5.4m
speed profile setup-controlled
using FFT environment
Adib, 2015 5.8 GHz FMCW FMCW technique FFT Three quasi- Range1mto 8 m Avg. Accuracy -Targets are quasi-static
[14] as a filter stationary targets RR:99 % - 1-2 m Range resolution
HR:98 % required for high
accuracy
Sheikh, 2018 24 GHz Monopulse Phase comparison FFT+FIR filter Two stationary Range 1 m RR (Normal):78%  -Accuracy decreases
[164] monopulse targets Angular resolution 30° drastically for slow and
technique to find fast breathing case
DOA
Lu 2019 [163] 24-27 GHz CW radar with  Angular space FFT+ Butterworth High-  Two stationary - RR:92% -Stationary targets
metamaterial  scanning using pass filter targets HR:95% -Resolution depends on

(MTM) leaky
wave antennas
(LWAs)

frequency-space
mapping
characteristic of
MTM LWAs

the precise beam angle
formation of leaky wave
antennas
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Various radar topology has been used in the NCVS system. However, FMCW has
the advantage of inherent range-gating capability that can separate the multiple targets
in different frequency bins. Apart from the radar type, antenna design also has an impact
on system performance. High gain antenna improves the SNR of the received signal that
increases the sensitivity of the receiver. On the other hand, the highly directive antenna

is desired to reduce the effect of clutter.

Other aspects that have a significant impact on system performance are phase
noise and offset error, multipath fading, gain, phase error in quadrature demodulation,
and non-idealities of ADC dynamic range fitting. Different techniques and robust signal
processing algorithms have been studied to address these mentioned issues and for
extraction of the HR parameter with better accuracy are summarized in Table 4. The
limitation associated with each technique and method opens further research avenue

to improve the performance.

Over the evolution period of NCVS, different frequencies have been used to
achieve the desired performance. The selection of transmission power and type of radar
technology has an impact on the range and accuracy of the system. Table 3 gives an
overview of system performance over different frequencies, transmission power, and
type of radar technology used in the different scenarios as reported in the literature.
We cannot estimate the explicit relation between the operating frequency and the
performance of the system asit is highly influenced by the choice of hardware and signal
processing algorithm. However, higher frequency gives large bandwidth, resulting in
high resolution and hence accurate detection. Therefore, the trend is from lower ISM
band to higher frequency and now towards mmWave. Due to the small wavelength,
mmWave radar offers the advantage of a smaller footprint which is a crucial factor for
implementing a low power single-chip device. Most of the reviewed literature have
experimented within a range of 0.5 to 2 m with reference to the target. The

measurement accuracy degrades with an increase in the range [14], [33].

Owing to an average floor area per room as 17.7 m? [170], for a practical NCVS
system, the targets usually are within a distance range of 4 to 5 m. Therefore, the thrust

on increasing the measurement range is a critical requirement to deploy the NCVS
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system practically. Almost all experiments are performed in a controlled lab
environment with a well-defined pathway or distance. In the clinic or home
environment, there is the possibility of other persons and objects, causing the clutter
interference in the desired vital signal. Even the small body movement or the presence
of other moving objects in the room causes the noise comparable or even stronger than
the feeble physiological chest wall movement. In such a situation, the present vital sign
monitoring system ceases to perform. The vital sign monitoring in a multi-resident

environment opens tremendous opportunities in a different application.

The current status of the techniques used for multi-person vital sign detection,
performance parameters and associated challenges are summarized in Table 5. To
extend the adaptability of vital sign monitoring systems in all practical scenarios, the
design needs to be conceptualized and verified for multi-resident environments.
Though, various algorithms have been explored for the detection of vital signs for
multiple people but are priced with the limitations, as mentioned in Table 4. Referring
to Table 4, the experiments are performed in a controlled environment where targets
are either static or quasi-static. Also, the multipath effects due to the reflection of
transmitted signals from walls and furniture, the complex reflections from multiple
humans pose a significant challenge in the localization of targets in an indoor setting.
The architecture design and signal processing algorithm are some of the main areas that

need to be dealt with for efficient localization and tracking of multiple targets.

The beamforming technique adopted from wireless communications offers the
two-fold advantage of improving SNR and provide better angle resolution and hence
spatial filtering. The technique may be beneficial to address the challenge of a multi-
resident NCVS measurement system. The contribution of this review article towards

scientific research society considering radar-based non-contact measuring systems is:

e Different topologies, architectures of NCVS radar and an overview of the radar
operational principle to design a non-contact measurement system is presented.
e The implication of mmWave exposure on human health and the effect of

environmental attenuation is analyzed and discussed. The review added that there
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is a shift towards mmWave frequencies in system design owing to the immense
advantages of larger bandwidth of mmWave transmission.

The review described the research challenges associated with the hardware and
signal processing for practical deployment of the NCVS system.

The review emphasized that the measurement range is limited within 0.5-2 m
mainly, and the accuracy decreases drastically if the range is increased further. The
detection range can be increased using a high gain antenna.

The radar system with high power and frequency has higher sensitivity and better
resolution. However, the null point problem is enhanced by smaller wavelengths,
and high power decreases the safety margin of EM wave radiation.

Though the power level for transmissions was kept under the safe limits yet to
minimize the effects of long-term exposure to the EM wave, a system with minimum
power requirement or integration with wi-fi and other daily used devices should be
focused on future work.

The implementation challenges for the multi-resident scenario is discussed in detail.
The review emphasized that most of the studies are focussed on detecting vital signs
for a single stationary user. However, in a practical scenario, multiple people (mobile
or stationary) shall be present in the environment.

Most of the literature have experimentally verified the design with small datasets in
a controlled environment. A vast scope exists for a prolonged trail and with a
different group of subjects to check the reliability and robustness of systems while

considering device aging and changes in the environment.

7. Conclusion

A technological review on the current state-of-art of radar technology for vital sign

measurement is presented, which would be informative for future research into the

multi-resident scenarios. The research challenges associated with hardware and signal

processing are highlighted for a multi-resident environment. Heart rate and respiration

rate measurement through non-contact methods have immense potential in

applications such as sleep apnea, sudden infant deaths and the ever-increasing demand

for home care. Doppler radar-based NCVS detection systems can be deployed for long
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term monitoring with high reliability and accuracy. The recent approaches of designing
an NCVS system for multiple persons opens immense possibilities toward the practical
realization and adaptation in a realistic scenario. However, motion artifacts, clutter,
choice of frequency, efficient detection algorithm to address RR harmonics and noise-
related issues are some areas that require extensive investigation for wide commercial

applications
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Chapter 3

Modelling of Chest Wall Motion for
Cardiorespiratory Activity for Radar-Based NCVS
Systems

Abstract

Chest wall motion can provide information on critical vital signs, including respiration
and heartbeat. Mathematical modelling of chest wall motion can reduce an extensive
requirement of human testing in the development of many biomedical applications. In
this paper, we propose a mathematical model that simulates a chest wall motion due to
cardiorespiratory activity. Chest wall motion due to respiration is simulated based on
the optimal chemical-mechanical respiratory control-based mechanics. The theory of
relaxation oscillation system is applied to model the motion due to cardiac activity. The
proposed mathematical chest wall model can be utilized in designing and optimizing

different design parameters for radar-based non-contact vital sign (NCVS) systems.

This contribution has been accepted for publication in Sensors Journal
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1. Introduction

Continuous monitoring of vital signs, namely respiration and heartbeat, can provide
information in predicting the undesired events like cardiac arrest, critical dizziness,
arrhythmias, cardiac rhythm, temperature regulation, synchronization with respiration
rate [4]. The continuous monitoring can be achieved either through contact (wearable)
sensors or non-contact (radar) sensors. It is not practical to use wearable sensors 24/7
throughout the year. One of the alternative solutions for long term continuous
monitoring is using radar-based sensors [14]. The monitoring of surface chest wall
motion can provide vital signs information which can be useful in many applications e.g.,
designing a radar-based non-contact vital sign system for long term home health care
and sleep monitoring. Another application of modelling chest wall motion due to
respiratory signals is to study the radiotherapy for treating a lung tumor. The main issue
in radiotherapy is that a lung tumor may move due to respiration. From existing studies,
it is observed that chest wall motion is associated with tumor movements; therefore, it

can help in predicting the tumor position [182].

The radar-based system for vital sign detection is developed based on
movements of a target, i.e., chest wall motion due to respiration and cardiac activity.
Chest wall displacement with respect to time is reflected in the phase variation in the
received signals. Subsequently, the modelling accuracy of non-contact vital sign (NCVS)
systems depends on the modelling of chest wall motion with respect to time, i.e., the

shape of the chest wall motion.

The performance and testing of a robust design depend on the analysis and
strength of the experimental dataset available. Though a larger and exhaustive dataset
produces an opportunity for the design to be tested and analyzed in all possible
scenarios, it would require a considerable number of real-time experiments. It not only
consumes time, costs, and power but is also impractical for participating subjects. This
can efficiently be managed through simulation and mathematical modelling. In earlier
works related to radar-based systems, many researchers conducted exhaustive

experiments for analyzing radar-received signals [14]. However, any change in design
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parameter or experimental scenarios like change in subject position, movement, and
presence of multiple subjects, then reconducting all experiments are required.
Additionally, fewer efforts have been made for modelling the chest wall motion due to

respiration and heart activity.

In literature, most of the simulation for radar-based NCVS systems to date are
based on a simplistic approach of assuming chest wall motion as sinusoidal [16], [61].
The respiration model presented by Fouladi et al. [183] follows the sinusoidal pattern
for a periodic breathing activity. The airflow was taken as sinusoidal, and consequently,
the time integration of airflow produces the lung volume variation pattern during
breathing activity which represents the chest wall movement [184]. However, the main
issue is the cusp at the peak after inhalation, which offered a substantial variation of
simulation wave with real signals. This inferred that the pure sinusoidal functional model
suffers from significant deviation during real-life breathing and modelled breathing
pattern. Another model based on the duty cycle, depending on the inhalation and
exhalation phases was presented by Li et al. [185]. Primarily three models referenced to
duty cycle are designed to model respiratory signals based on cosine function (CM)
[186], [187], the absolute value of cosine function (ACM) [188], and even power of
cosine function (EPCM) [189]-[191].

The selection of the order of EPCM modelling determines the duty cycle, and
there is a significant deviation of a duty cycle from the real signal for different values of
the order of EPCM modelling [185]. To address these challenges, the power of the
absolute value of the cosine function (PACM) [185] was used to model the breathing
signal. Based on the dilation and erosion of sinusoidal PACM base wavelet, the shape of
the waveform was adjusted empirically to produce breathing signal with better
accuracy. However, the model was realized with a complex algorithm and with very high
computational complexity. The mentioned challenges opened the domain of modelling
the chest wall motion due to respiration to be simplisticc and computational

inexpensive.

The heartbeat signal is complicated and nearly periodic. Almost all simulations

to date are based on assuming the chest wall motion due to cardiac activity as sinusoidal
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[46], [101], [125], [192], while Morgan et al.’s [193] model is based on heart functioning.
A short impulsive action is initiated during the systolic phase when the heart ventricles
start emptying. This impulsive motion is filtered by the bone and tissue structure to
finally observe the chest wall motion [194], [195]. Morgan et al. [193] chose a second-
order Butterworth filter to emulate the bones and tissues structure. Further, the model
was slightly simplified to avoid signal processing complexity by Weishaupt et al. [43].
However, as the heart rate variability is observed for cardiac activity, the chest wall
displacement varies considerably with respect to time. This implies that the shape of
chest wall motion pulse varies considerably and cannot be simplified to a simplistic
sinusoidal model [196]-[198] and hence the design performance of the system cannot
be analyzed comprehensively through a sinusoidal mathematical model. Addressing the
mentioned issue, a mathematical model of chest wall movements due to

cardiorespiratory activity is proposed in this paper.

Our proposed model is the first step toward modelling chest wall motion due to
cardiorespiratory activity. This would help in customizing it for the various respiratory
pattern that arises due to different health conditions/diseases. For example, Kaneko et
al., in their study, assess the effect of posture, age, and gender on the breathing
movements in healthy subjects [198]. The outcome of the study is helpful in evaluating
breathing movement, which is a critical element in a physical therapy assessment. By
mapping the simulation parameters for similar observations to study the effect of age,

gender, and various disease scenarios, the presented study can be further extended.

The chest wall motion can be used as a critical parameter in assessing patient’s
health condition during treatment or post-surgery. For example, assessment of the
change in chest expansion post-thoracotomy may help in the development of the
patient tailored chest physiotherapy [199]. In another study [200], Diaz et al.
emphasized an evaluation of the changes in chest wall motion that occur in the patient
with the neuromuscular disease during mechanical ventilation. It is demonstrated that
measurement of chest wall motion can be useful in the determination of optimal

ventilator setting for the children and young adults.
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Figure 19: Chest wall motion resultant due to the contraction and relaxation of diaphragm causing the pleural

pressure variation.

A recent survey [201] highlights that change in vital sign can be an indicator of
the infant’s physiology. The continuous analysis of vital sign can help in predicting
disease like sepsis, bronchopulmonary dysplasia, brain injury, and mortality by increased
vigilance and proactive involvements of the clinical practitioners. Thus, the simulation
of chest wall motion can be extended further to be used in designing analytical tools and
potential applications as discussed. However, this research work does not explicitly

investigate those health conditions, and we will leave it for our future work.

The rest of the paper is organized as follows. The proposed mathematical model
for the chest wall motion is described in Section 2. Section 3 presents the experimental
analysis and discussion. With summary and future directions, the paper is concluded in

Section 4.

2. Proposed Model

2.1 Respiration Signal

Respiration or breathing is a natural periodic activity which involves airflow into and out
of lungs, also called pulmonary ventilation. The contraction and relaxation of the
diaphragm cause pleural pressure variations and governs the airflow, as shown in Fig.

19. The decrease in lung pressure causes an increase in lung volume. Considering the
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ribcage, chest wall, and lungs, forming a rectangular prism shape, the increase in lung
volume is accompanied by proportional chest wall movement [32]. Therefore, a chest
wall movement x(t) follows the pattern of lung volume variations during a breathing

cycle.

In this work, the respiration cycle is simulated based on the optimal chemical—
mechanical respiratory control model, which has been utilized earlier to develop a
respiratory control simulator [202]. From the physiology viewpoint, it is well known that
the instantaneous airflow is controlled by the neural impulses from the respiratory
controller. The neuro-mechanical effector that relates a neural respiratory output to a
resultant mechanical airflow can be approximated by the electrical RC model based on

the lumped parameter mode [203]. The equation of motion can be expressed as
P(t) =V(t).Rys + V(t).E s (3.1)

where P(t): Isometric respiratory pressure measured at functional residual
capacity (FRC), V(t): instantaneous airflow, V(t): instantaneous lung volume, R,: total
respiratory system resistance, and E,.; represents the elastance of the lungs, chest wall,
and airways. The model considers only two phases of the breathing pattern as repeating
inhale and exhale phases. The isometric pressure wave shape P(t) is modeled into an
inspiratory and expiratory phase in the model. The inspiratory pressure is approximated
by a quadratic function, and the expiratory pressure is represented by an exponential

discharge function of the form:

P(t)=ay+ a;t+ a,t? 0<t<t (3.2)
=ty
P(t) =P(t;).e t;<t<t;+t¢t, (3.3)

where P(t,) is the isometric pressure at time t,. a,, a;, and a, are pressure pulse shaping
parameters and, t,,, the rate of decline of an inspiratory activity, t; and t, are inhale
and exhale duration, respectively.
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Figure 20: Chest wall motion resultant due to the relaxation (diastole) and contraction (systole) of

chambers.
The empirical equations for lung volume variation pattern and, consequently,
the chest wall movements for a breathing cycle during inhalation and exhalation

periods, can be derived as follows.

-t -t
V() = ;L;[Altz + Ayt + A (1 - eﬁ)] + Voerrs, 0<t<t, (3.4)
(t-tq) —(t-ty1) —(t-tq)
V(t) = %[e T —e s ]+ V(ty).e s , t <t<t;+¢t, (3.5)

— — — 2 —
Al =daz, AZ =a; — ZaZTrsr AZ =ag — AT + 2az‘[rs » Trs = Rrs-Crs

2.2 Cardiac Signal

The heart is placed in the space called a thoracic cavity. The thoracic cavity is protected
by the thoracic wall or, commonly called the chest wall, which consists of a rib cage and
associated skin, muscle, and fascia. Inside the thoracic cavity, the heart is located atop
the diaphragm having its apex closer to the anterior surface of the thoracic cavity. For
every beat, the heart contracts and expands with the apex taping against the chest wall

[204].

The heart consists of muscle tissue, commonly called fibers containing
contractile elements and coordinate cardiac contraction. The coordination of
mechanical activity of the chambers is requisite for the efficient working of the heart.
During the systole and diastole, the contraction and expansion of the muscle tissue or
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contractile elements govern the thoracic wall or chest wall movement [205] and is
described in the Fig. 20. The systole and diastole are a rhythmic activity that describes
the heart rate. The heart consists of its own rhythm generator called the sinoatrial (SA)
node which comprises of a small strip of modified muscle tissue, about 20-34 mm, on

the posterior wall of the atrium [204].

The cardiac impulse generated at the SA node is conducted by the contractile
cells or the muscle tissues (myocardial cell) of the heart. Excitation—contraction coupling
ties electrical depolarization to the mechanical expansion and shortening of myocardial
cells [204]. The different branches derive from the bundle of His and conduct the
impulse to the ventricles. This special conduction system consisting of muscle tissues
coordinate the contraction of the heart. Through this conducting system, excitation is
transferred to the heart muscle to coordinate its contraction from the apex upwards.
This ensures the same spontaneous rate of depolarization to the other parts of the heart

to have the same spontaneous rhythm [205].

The sinoatrial (SA) node (cardiac pacemaker) rhythmic behavior is represented
by a relaxed oscillatory system [206]. It is an oscillatory system having a characteristic of
adapting its intrinsic frequency to the frequency of external driving signal without

changing its amplitude [207]. The oscillatory behavior of the SA node is defined as

2
% — a1l —x?) % +w?x=0 (3.6)

The rhythm of the SA node cardiac pulse governs the contraction and expansion
of contractile cells or muscle tissues. This muscle tissues directly controls the rhythm of
thoracic or chest wall activity. The excitation and depolarization cycle of SA node is
synchronized with the systole and diastole cycle of cardiac activity. The thoracic wall or
chest wall observes expansion and contraction cycle in coordination with the systole and
diastole cycle where its rhythmic behavior is synchronously represented by the SA node
behavior. Therefore, the heartbeat model used in this study is represented by a relaxed

oscillatory system.
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Table 6: Design parameter range for respiration wave used in simulation

Pulse Duration (t; + t,) 4,5

Inhale shaping (a;) (1), (=3), (-5), (7)
Exhale shaping (t) 3.5,45,5.5,6.5,75
Peak amplitude 0.035, 0.045, 0.05, 0.06, 0.07

For an NCVS system the heart rate is extracted from the phase variations in the
reflected signal caused by chest wall motion. This chest wall motion has been modeled
as linear sinusoidal motion in the earlier literature, assuming the heart rhythm as a
simple oscillatory behavior. However, the phase variation of the radar-reflected signal
depends on the minute movement of the chest wall, and small variations in movement
can result in large variation in the phase or resultant heart rate. Since, heart is treated
as a network of elements and these elements show oscillatory behavior that can be
modelled as nonlinear van der pol oscillator, therefore, the chest wall motion has been
modelled in rhythm to the rhythm of heart network element as novel approach for chest

wall movement modelling.

3. Experimental Results and Discussions

We simulate chest wall motion pulse using Simulink, MATLAB 2019b. A sampling rate of
1 kHz is chosen to generate the simulation signals. The simulated waveforms are
technically vetted through a separate experimental dataset available for the chest wall
motion [208]. The dataset contains different trials obtained from 11 participants
recorded in a supine position from a respiratory belt BIOPAC SS5LB attached to the
subject’s chest in different scenarios such as free-breathing, breath-hold, post-exercise,
and irregular breathing. The breath hold is used for cardiac activity and rest dataset for
respiration. The dataset contains different trials for each participant (post exercise-5,
free breath-16, irregular-11). Each participant’s data are compared with total number
of generated simulated waves covering entire parameter range. The correlation
coefficient of all the simulated wave with each participant is shown in the box plots. The
median value for each participant indicates that the better similarity is observed with

proposed simulated wave as compared to the sinusoidal model. For the comparison of
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Figure 21: Variation of inhale parameter on the chest wall motion due to respiration for t: 4.5 & Variation of

exhale parameter on the chest wall motion due to respiration for a,:-5

our simulated waveforms and the waveforms from the dataset, the simulated
waveforms are resampled to 100 Hz, and dataset waveforms are smoothened to arrive

at a common comparison platform.

3.1 Simulation Result

3.1.1 Chest Wall Motion—Respiration

Design parameters including pulse duration (t; + t,) inhale shaping a,, exhale shaping
T, and peak amplitude are varied to study their effect on simulated respiration wave

shapes. Different values used in presented simulations are given in Table 6.
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Figure 22: Variation of alpha pulse shape parameter on chest motion due to cardiac activity.

The breathing pulse duration (t; + t,) can take a range from 4 to 5 s, which
corresponds to the respiration rate of 12 to 16 bpm. Similarly, the peak amplitude
parameter can range from 0.035 to 0.11, corresponding to the chest wall displacement
from 4 to 12 mm [122]. The values for presented simulation are taken as steps from
0.035 to 0.07 corresponding to 4 to 7 mm of chest wall motion, respectively. The shape
defining parameter for inhale (a,) and exhale (1) follows the range variation of -1 to -7

and 3.5 to 7.5, respectively.

The inhale shape approaches a straight line resulting in a triangular shape of
respiration pulse for inhale parameter (a,) lower than -1 and starts following a circular
pattern with a large duration cusp at the top beyond the parameter value of -7, which
is not a realistic scenario [202]. The step increment is taken to generate different

simulated shapes covering the entire range for the pulse shaping parameter.

Similarly, air discharge during exhalation follows smooth discharging as a type of
exponential decay [203]. Beyond the mentioned parameter range from 3.5 to 7.5, the

shape adopts a triangular straight-line decay and discontinuity at the transition stage

Table 7: Design parameter range for cardiac wave used in simulation

Peak amplitude 0.2,05
Pulse Duration (w?) 50, 60, 70, 80, 90, 110
Pulse Shaping («t) 3.5,7.5,10.5,13.5,16.5
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from “end of exhale” to “rest” and then “start of inhale” phase for next cycle. Fig. 21 (a)
and (b) depicts a variation of inhalation and exhalation-shaping parameters on the chest
wall waveshape due to breathing. The shape of the wave during the inspiratory phase is
found to be more concave upward indicating the loaded breathing condition through
variation of the parameter a,,. The parametric variation of T simulates the rate of
decline of inspiratory activity, i.e., for the sharper rate of decline with a longer pause
between exhale and next inhale instance for the same duty cycle wave represents the

breathing pattern of the post-exercise phenomenon.

3.1.2 Chest Wall Motion—Cardiac

Design parameter for simulation of chest wall motion due to cardiac activity is given in
Table 7. The parametric variation of a simulates the behavior of atrial sinus (SA) node
and atrial ventricular (AV) node during biological rhythms for different human activities
such as sleeping, wake cycle etc. Similarly, the pulse duration and maximum chest wall
displacement of the wave can be simulated through variation of w? and peak amplitude

parameters, respectively.

The shape of the simulated chest wall displacement during heart activity was
found to be more bulged out in the middle through higher values of the parameter («)
as illustrated in Fig. 22. For chest wall simulation, cardiac pulse duration parameter is
taken in the range from 50 to 110 in incremental steps. The parameter range
corresponds to the heart rate 60 to 100 beats/min for a healthy adult. Similarly, the peak
amplitude parameter ranges from 0.2 to 0.5, corresponding to the chest wall
displacement range from 0.2 to 0.5 mm [209]. The shape defining parameter () for
chest wall motion follows the range variation of 3.5 to 16.5, respectively. Beyond the
mentioned parameter range the wave shape adopts a trapezoidal form and
discontinuity while approaching half of the chest motion amplitude during a beat cycle
which is not in tandem with actual chest wall motion where no discontinuity is observed
for a beat cycle [122]. Single-step increments are taken to generate different simulated

shapes covering the entire range for the pulse shaping parameter.
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Figure 23: Time profile comparison of chest wall motion due to (a) respiration and (b) heartbeat, with

dataset.

3.2 Validation and Comparison Analysis

During a normal breath, chest wall motion comprises of two components, the
displacement from respiration activity and second, the displacement due to cardiac
activity. However, if a chest wall displacement is captured during a breath-hold
condition, the displacement is caused by heart activity only. The motion due to heart
activity is too small (0.2—0.5 mm) as compared to the motion due to respiration (3—12
mm). Therefore, a dataset of chest wall motion due to heart activity only is extracted
from the breath-hold duration and used to perform the similarity analysis. The time
profile of the chest wall movement due to cardiorespiratory activity obtained from the
simulation is compared with the human chest wall experimental data [208]. The data at
channel 2, where the respiratory belt (SS5LB) is connected to measure the chest motion,

are plotted, and zoomed in time axis to visually compare with the simulation waveform.
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Figure 24: Correlation coefficient for the free breathing, irregular breathing, and post-exercise breathing with

(a) simulated wave and (b) sinusoidal wave.
As shown in Fig. 23(a) the exhale-inhale pattern closely follows the experimented
dataset wave. The pulse duration and in turn, the respiration rate is the same for both
the simulated and referenced signal. As demonstrated in Fig. 23(b), the simulated
systole-diastole cycle closely follows the experimented dataset wave. Our proposed
model produces accurate matching between the duty cycle of the actual cardiac signal
to the model generated wave. The similarity between simulated waves and the signals
obtained from the referenced cardiac-respiratory dataset is demonstrated through the

Pearson product-moment correlation coefficient and dynamic time warping (DTW). The
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Figure 25: Comparison of dynamic time warping (DTW) between simulation-dataset and sinusoidal-dataset

waves.

Pearson product-moment correlation coefficient for two signals A(t) and B(t) is

identified as a similarity index and is defined as:

p(A,B) = ﬁ(Ai — 1a0a)(B; — upogp)

(3.5)

where 4 and g, are the mean and standard deviation of A, respectively, and ug and oy

are the mean and standard deviation of B, with each variable has N scalar observations.
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In time-series analysis, the normalized time-dependent Pearson correlation
coefficient is an indicator of similarity index as the cross-correlation coefficient value
must lie in the range from -1 to 1, with one indicating perfect correlation [210], [211].
Additionally, in time series analysis, another technique dynamic time warping (DTW) is
used for measuring the similarity between two temporal sequences [212]. DTW works
on the principle of stretching the vectors to make them similar, and minimum possible
distance between vectors is calculated for stretching. This distance is a parameter to
measure the similarity of two sequences. We have used this distance to compare the
similarity of simulated and sinusoidal chest wall motion with experimental and dataset

chest wall motion.

3.2.1 Comparison of Respiration Simulation Signal

Fig. 24(a) displays the correlation coefficient for different breathing scenario for the
subjects lying in a supine position. For the free-breathing scenario, it is observed that
the maximum correlation coefficient approaches 0.97 with most of the values for
coefficient lying between a range of 0.9 and 0.97. The mean cross-correlation coefficient
of the simulation-dataset wave is in a range of 0.86-0.94, the 75 percentile reaching
above 0.9 on average. A similar pattern can be observed for irregular and post-exercise
breathing as well. However, the similarity index between a sinusoid and dataset
waveforms lies in the range of 0.68-0.84 with the median lying in the range of 0.65-0.77
correlation coefficient, as shown in Fig. 24(b). This indicates that the chest wall
displacement due to respiration is convincingly represented through proposed

simulation model in comparison to the assumption of sinusoidal motion.

The respiration waves are nonlinear time series in nature, and hence,
revalidation of the simulated model is performed through dynamic time warping, a
nonlinear similarity matching technique for two time series. The distance between two
waves acquired through DTW analysis is shown in Fig. 25 for different breathing types.
The DTW distances between proposed simulation and experimental datasets waves lie
at nearly zero between the range of 0.2 and 0.3 while the DTW distance for sinusoidal

simulation lies in the range of 2-15. From the results in Fig. 26, the dynamic warping
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Figure 26: Comparison of DTW between cardiac simulation-dataset and sinusoidal-dataset waves.

Figure 27: Box-plot representation of correlation coefficient for the chest wall motion due to cardiac activity
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distance between the simulated and experimental wave is consistent and matches

closely.
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3.2.2 Comparison of Cardiac Simulation Signal

Fig. 27(a) presents the correlation coefficient for cardiac activity (breadth hold
condition). It is observed that the median of the correlation coefficient for simulation
with reference to the cardiac dataset is around 0.93, the 75th percentile is above 0.9.
The maximum correlation coefficient achieved is in a range of 0.9-0.98. The inter-
quartile range is also implying that the similarity between the two signal waves is quite
high. Whereas the similarity index for sinusoidal wave shape is much lower as compared
to simulated wave shape lying in the range of 0.59-0.89 with a median in the range of
0.7-0.84 as given in Fig. 27(b). This infers that simulated shape represents the actual

chest wall displacement due to heart activity.

The DTW distance between simulated and experimental dataset waves for
cardiac activity acquired through DTW analysis is shown in Fig. 26 for different trials. The
threshold distance for DTW similarity match was taken through the experimental
cardiac waves match data samples. The DTW distances between proposed simulation
and experimental datasets waves closely approach one and lie between range of 2 and
5 with respect to the DTW distance for sinusoidal simulation, which lies in the range of
10-25. From the results in Fig. 26, the dynamic warping distance between simulation

and experimented wave is consistent and matches closely.

4. Conclusions

This work contributes to the development of a mathematical model for ubiquitous and
nonobtrusive cardio-respiratory vital sign monitoring through radar-based NCVS
system. The comparative analysis through cross-correlation demonstrates that the
simulated chest wall motion is in close agreement with the real motion and hence
validate the applicability of simulated chest motion in cardiac-respiratory applications.
The cross-correlation coefficient between the simulated waveform and the
experimental dataset approaches to the range of 0.95-0.97, indicating a high degree of

similarity of both time sequences.
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Our proposed model is not only useful for validating the design parameters
through a target modelling for radar-based NCVS system applications but can also be
utilized for the development of techniques to evaluate the cardio-respiratory
parameters of chest surface motion beneficial in validating the design of artificial cardio-
respiratory systems. The proposed model demonstrated the ability to simulate the
varying chest wall motion in different scenarios such as free-breathing and post-exercise

breathing etc.

The limitation of our study is that it relies on the single experimental dataset
available for the chest wall motion. However, in future work, exhaustive experiments
with a varying subject profile in terms of age, gender, weight, medical history can be
employed for the measurement of chest displacements. This chest wall measurement
may be compared with more simulation waveforms to arrive at a conclusion for a shape
defining condition of diseases such as lung tumor, sleep apnea or different disease
triggering scenarios. In addition, these simulation parameters may be employed for
designing a care system to address the diseases or scenarios without exhausting

experimentation of the design over real subjects.
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Chapter 4

Human Vital Signs Estimation Using Resonance
Sparse Spectrum Decomposition

Abstract

The noncontact measurement and monitoring of human vital signs have evolved as a
valuable tool for efficient health management. Because of the greater penetration
capability through material and clothes, less affected by environmental conditions such
as illumination, temperature, humidity, etc., mmWave radar has been extensively
researched for human vital sign measurement in the past years. However, interference
due to unwanted clutter, random body movement (RBM), and respiration (RR)
harmonics make the accurate retrieval of the heart rate (HR) difficult. This paper
proposes a resonance sparse spectrum decomposition (RSSD) algorithm and harmonics
utilized algorithm (HUA) for accurate HR extraction. RSSD addresses the clutter and
random body movement effects from phase signals, while HUA utilizes the harmonics
to extract HR accurately. A set of controlled experiments was conducted under different
scenarios, and the proposed method is validated against ground truth HR/RR collected
by a smart vest. Our results show an accuracy of up to 98-100% for distances up to 2
meters. The method substantially improves the HR estimation accuracy by effectively
mitigating the effects of noise in the phase signal, even under heavy clutter and
moderate body movement. Our results demonstrate that the proposed method
effectively counters harmonic interference for accurate estimation of HR comparable to

RR estimation up to 4m of the distance from the radar sensor.

This contribution has been submitted for review in IEEE Transaction on Human Machine Systems Journal
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1. Introduction

Radar technology is environmentally robust and is also suitable for working in
unilluminated settings. Advancements in Integrated circuits have enabled small,
affordable short-range radars. This has made radar a choice for many applications, such
as collision avoidance in cars, adaptive control of autonomous vehicles and drones,
structural monitoring, gesture recognition, and health monitoring in recent years [213].
Conventional wearable sensors [10], [11], [214], [215] are cumbersome for continuous
human monitoring, and people often forget to wear them. Cameras are seen as
infringing on privacy [6], particularly in bedrooms and bathrooms. Radar offers remote
monitoring without requiring the user to carry any electronic device and addresses
privacy issues [216]. The Non-contact measurement and monitoring of human vital signs
can be a valuable tool for efficient health management in clinics and hospitals by
reducing the time consumed in recording and maintaining the data log for patients, the
effective prognosis of many diseases, and inarguably pivotal in-home health care

especially for older adults [217]-[219].

The cardio-respiratory system offers a critical attribute of periodic skin
displacement, which is utilized to measure vital signs through radar-based systems. The
basic radar-based vital sign detection model involves the transmission of microwave
signals toward the human target. The reflected signal, which is phase-modulated by the
chest wall's displacement motion, is captured by the receiving antenna to be further
analyzed. Owing to the skin displacements of 0.6 mm from heart activity as compared
to 12 mm displacement from the respiration, the reflected signal due to heartbeats is
minimal compared to respiration [122]. Moreover, the strong noise constituted by
second and third-order harmonics of RR and intermodulation products is also present in

the fundamental frequency range of the HR spectrum [40].

The environmental clutter and random body movement also contribute to noise
in the received reflected signal, which presents a challenge in designing an efficient HR
estimation system. Therefore, it is much more complex and challenging to accurately

extract heart rate than respiration rate under these observations. The challenge is
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aggravated for longer distances between the radar and humans. Also, the complexity of
the signal processing algorithm is increased. Therefore, the current state-of-art
addresses these challenges and investigates an effective and robust heart rate detection

algorithm.

Filtering and frequency-based analysis are fundamental tools in signal processing
algorithms. The piecewise-smooth signals defined primarily by their transients are
analyzed and processed in the time or wavelet domain. In contrast, frequency and time-
frequency analysis are more effective on substantially oscillatory or periodic signals. The
complex signals such as geophysical (ocean tide-height data) and the HR and RR signals
produced from the physiological processes, are non-stationary and exhibit a mixture of
oscillatory and non-oscillatory transient behaviors [220]. For such signals, linear
methods, e.g., frequency and time-frequency analysis, cannot be applied effectively as
these methods are helpful for oscillatory or periodic signals. The non-linear signal
analysis method based on signal resonance rather than frequency or amplitude of the
signal has achieved much attention. This study proposes a new sparsity-enabled signal
analysis method utilizing resonance-based signal decomposition [220] for HR/RR

detection.

The method decomposes the signal into the sum of the 'high resonance' and 'low
resonance' components. A high resonance component means a signal containing a
sustained oscillation sequence, whereas a low resonance component refers to a non-
oscillatory transient. The algorithm also produces a residual signal present due to the
noise (stochastic) component, whose amplitude can be controlled by the parameters of

the decomposition algorithm.

The signal's 'high resonance' component is used further for extraction of the
heartbeat and respiration by the proposed harmonic utilized algorithm. Our main

contributions are summarized as follows:

e We propose a method that comprises resonance sparse spectrum decomposition
(RSSD) and harmonic utilized algorithm (HUA) for HR/RR extraction. RSSD utilizes the

'high resonance' part of the signal mitigating the effects of clutter and random body
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movements from the received phase signal. The efficacy of the proposed method is
validated by observing that the HR estimation accuracy is comparable to the RR
estimation accuracy, even under heavy clutter and moderate body movement.

e We evaluate the effectiveness of the proposed method, and the HR/RR is compared
with the reference data obtained through the Hexoskin smart vest. The results show
that the proposed method substantially improves HR detection accuracy by
effectively mitigating the effects of noise in the phase signal.

e We further evaluate the reliability and robustness of our method based on
comprehensive experiments on four participants with various target distances and
angles with respect to the radar. It is observed that the detection accuracy remains

consistent up to 4 m from the radar device.

The rest of this paper is structured as follows: Section 2 presents the related
work. Section 3 discusses the proposed method, including the proposed harmonic
utilized algorithm (HUA) for heart rate. Sections 4 and 5 present the experimental results

and discussion, respectively. The paper is concluded in Section 6.

2. Related Work

The HR extraction algorithm's chronology starts with the most straightforward approach
of using fast fourier transform (FFT) over a phase signal length and finding the
spectrum's peaks. However, the detection performance is degraded due to the leakage
problem caused by the limited data length of the Fourier transform. The Fourier
transform requires the invariability of vital signals over a small duration. Under the time-
varying vital sign scenario, the estimation performance of FFT algorithms degrades

substantially.

A parametric and cyclic optimization-based approach called the RELAX algorithm
was proposed to address the problem but was found computationally demanding [221].
Continuous wavelets transform-based synchro-squeezing transform (SST) was used in
the algorithm for estimating the vital signs. However, the SST is not beneficial for high
frequency and large varying noise signals caused by body movements [222]. The

autocorrelation and frequency-time phase regression (FTPR) approach is combined as
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an extension to earlier studies to extract vital signs. Lee et al. [169] also addressed FFT
smearing and leakage issues using multiple signal classification (MUSIC) algorithms. The
MUSIC algorithm observes difficulty in selecting an adequate number of signal

subspaces and is computationally expensive.

The time-domain processing of the signal reduces the computational load of the
system compared to frequency-based processing. Yang et al. [223] used a two-stage
analog bandpass filter (BPF) to extract HR and RR for the time-domain peak detection.
Zakrzewski et al. [155] improved the non-linear demodulation, i.e., arctangent
demodulation, with a center estimation algorithm using the levenberg-marquardt (LM)
method. For HR estimation, the signal processing algorithm incorporated peak detection
through FFT, wavelet, MUSIC, or DCT. However, the problem related to the degradation
of HR estimation accuracy due to heavy clutter and body movement persists [224]. Zhao
et al. [225] extended the time-domain analysis for multiple target's HR/RR extraction.
An algorithm based on energy scaling and sliding window FFT is employed to reduce the
effect of random body movement. However, the targets are at a different distance from

the radar, and limited accuracy was achieved.

Sekine et al. [125] employed the multi-resolution analysis using continuous
wavelet transform to remove the harmonics. The heartbeat is estimated through
periodicity in a specific frequency. Tu et al. [126] reconstructed the respiration signal
which was subtracted from the original signal in the time domain using the complex
signal demodulation technique to have a harmonics-free HR signal. However, the
accuracy of the method depends on the quality of the reconstructed respiration signal.
Also, different frequencies experience different phase delays, limiting the technique's
effectiveness as the fundamental and higher harmonics cannot be canceled
simultaneously. Nosrati et al. [37] considered the double derivative of the signal for the
processing whose amplitude is higher by a multiple of w? than the original signal. Then
frequency-time phase regression (FTPR) is employed to reduce the effect of respiration

harmonics.

Additionally, time-frequency analysis by short-time fourier transform (STFT) with

a Gaussian window reduced the impact of RR harmonics over weak HR signals. Nguyen
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et al. [40], [41] designed the harmonic path algorithm (HAPA), and spectrum averaged
harmonic path (SHAPA) algorithm to overcome the issue. Hosseini et al. [47] developed
a respiratory motion detection algorithm that utilized both time-varying delay and
phase modulation. A finite impulse response (FIR) time-varying filter was used to find
out HR, effectively dealing with RR harmonics by selecting optimum FIR coefficients by
discrete prolate spheroidal sequences (DPSS). Still, the effect of clutter and body
movement persists. The circle fitting-based DC offset calibration technique was used for

clutter mitigation, but the body movement effect needed further studies [226].

The HR and RR originated components are separated in the time domain. RR
harmonics issue was addressed using instantaneous frequency estimation based on
local maxima. Hilbert-huang transform (HHT) and empirical mode decomposition (EMD)
were used for the separation and extraction of HR & RR [43]. The accuracy of HR
estimation lagged behind the RR estimation accuracy. In [227], the breathing pattern is
detected with the xtreme gradient boosting (XGBoost) classification model and adopted
mel-frequency cepstral coefficient (MFCC) feature extraction. IR bandpass filter using
cascaded Bi-Quad is implemented for extracting the breathing information from the
chest displacement information. Cardillo et al. [228] proposed two methods to
distinguish between real target and clutter based on the auto-correlation and cross-
correlation applied to phase trails and range doppler bin, respectively. However, there
is a trade-off between radar motion extent and computational complexity. The
mitigation of clutter and body movement effects, along with accurate HR estimation

comparable to RR estimation, were open issues.

Since the respiration magnitude is large compared to the heartbeat signal's
magnitude, the proximity of higher-order respiration harmonics and intermodulation
products to the HR fundamental component can interfere with the weak HR signal and
lead to incorrect peak selection. Advanced filtering methods like adaptive noise
cancellation (ANC) [229] and double parameter least mean square (LMS) filter [230]
have been developed for HR signal separation. However, despite their computational
complexity, these approaches may not effectively handle scenarios where respiration

harmonics are closely adjacent to the heartbeat component, especially in low SNR
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situations. Khan et al. [231] introduce an HR extraction algorithm based on selecting
peak locations using the probability of occurrence over N iterations. However, this
method requires long initialization times and may lead to inefficient estimation for fast

HR variation.

On the other hand, Morgan et al. [193] have developed a technique to enhance
weak heartbeat signals by adaptively canceling respiration harmonics using a mean-
square error cost function. However, this method requires precise estimation of the
respiration fundamental frequency for higher harmonic cancellation, and it may not
effectively retain the heartbeat component when it is close to the respiration
harmonics. Furthermore, the adaptive harmonic cancellation method effectively
eliminates low-order harmonic components, but the implementation still exhibits
relatively large residual high-order harmonic components. Also, if the true HR is the
multiple of RR harmonics, then the method may lead to the HR fundamental
cancellation itself. The challenges of reliable HR monitoring are further added by
random body movement of the subject, which can reduce the small RR and HR signals,
making accurate estimation of RR rates difficult and, consequently, reliable HR

estimation.

Another method called differential enhancement (DE) [232] is employed for HR
monitoring. This approach involves performing differential operations (first- and
second-order) on the initially extracted chest wall displacement signal to suppress
respiration and enhance the heartbeat components. However, using the differential
operation makes the method sensitive to high-frequency noise, often present in the
high-frequency region of the phase signal. To mitigate strong noise interference, the
phase signal needs to be pre-processed with simple data smoothing techniques, such as
moving average or local regression. It is worth noting that employing a second-order
differential amplifies more in-band noise, potentially degrading detection performance,
especially in low SNR situations. Moreover, a trade-off must always be made between
using first- and second-order differentials to achieve accurate estimation and restricting

the generality of the approach for all scenarios. Overall, reliable and accurate HR
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monitoring remains a challenge due to the potential proximity of high-order respiration

harmonics to the weak heartbeat component.

3. Theory and Method

3.1 Resonance-Based Sparse Signal Decomposition
(RSSD) and Tunable Q-factor Wavelet Transformation

(TQWT)

Resonance is an intrinsic property of a signal defined as resonance index or resonance
quality factor Q. We used RSSD to decompose the phase signal comprising of a higher Q
signal, which indicates stronger resonance and more oscillation in the time domain, and
a low Q signal primarily considered as noise. The center frequency and the frequency
bandwidth define the resonance property, and hence signal components with similar
center frequency bands but with a different quality factor, Q, can be separated and
sparsely represented. RSSD obtains the sparsest representation of each resonance
component of the signal. Mathematically, the signal resonance index can be described
with the Q-factor, which is the ratio of the center frequency f, and bandwidth BW in the
frequency domain, described in (4.1),

Q=2 (4.1)

We chose the RSSD implementation through TQWT because it specifies the Q-
factor, redundancy factor r, and decomposition level J, directly enabling the design of
wavelet bases that phenomenally overcome the length limitation of the input signal.
TQWT has more flexibility and is most suited for RSSD analysis in physiological signal
analysis fields [233]-[235]. We choose the RSSD implementation through TQWT because
the common constant-Q transformation method, such as dyadic wavelet transformation
(DWT), has a limited application under strict high-frequency resolution requirements
[233], [234]. The parameter selection for implementing RSSD through TQWT is

controlled through the Q-factor of the phase signal. For a fixed Q factor, an increase in
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Figure 28: TQWT wavelet bases with Q = 3, r = 3, J = 8. (a) Time-domain waveforms; (b) Frequency responses.

redundancy factor r results in a higher overlapping rate. The value of redundancy factor
r should be strictly greater than one, and we have chosen a generally recommended
value of three for perfect reconstruction and sparsity. After fixing the Q-factor and

redundancy factor r, we have obtained the scaling parameters  and a through (4.2),
p=—a=1—-= (4.2)

As a subsequently higher value of the decomposition level, J, covers a broader
frequency range and approaches 0 Hz with a trade-off to poor computational efficiency.
Specifically, TQWT decomposes an n-point discrete-time signal into J-level sub-bands.

The maximum number of levels J,,,,, is set according to (4.3),

_ [ros(£+5)
]max - [ log(é) l (4'3)
f.=ad 28, (4.4)
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BW = Balin (4.5)

As shown in Fig. 28, for Q = 3, r = 3, and J = 8, it is described that as the
decomposition levels increase, the corresponding center frequency and bandwidth are
both decreased, maintaining the Q-factor unchanged. The TQWT sub-bands are no
longer flat tops except for the first level sub-band, and each sub-band frequency peak
maintains a constant value. Therefore, an explicit Q-factor indicating resonance

behavior can be much more conveniently obtained through TQWT.

RSSD separates the different resonance components of a given signal and
realizes the sparsest representation of each resonance component. Specifically, for a
given signal x = x; + x5, through RSSD, the signal is decomposed into the high-
resonance component x;, low-resonance component x, and the residual. Considering
that x; and x, can be sparsely represented in bases S; and S, (obtained through TQWT
with high and low Q-factors), respectively. Therefore, the desired optimization problem
for estimating coefficient matrixes W, and W, under S; and S, is find out according to

(4.5) & (4.6),
“;%f;’,’z‘{n x — S;Wy — S;Woll3+ A4 W4l + AW, 1L} (4.6)

where A4, A, are the corresponding weight coefficients. It is pertinent to note
that the relative values of 4;, A, determine the energy distributions of these two
resonance components. With a fixed 4; increasing 4 , will increase the energy of xq,
decrease the energy of x,, and vice versa. Increasing both A4; 1, will increase the residual

energy and reduce that of the resonance components.

Utilizing Split Augmented Lagrangian Shrinkage Algorithm (SALSA) [236], [237],
RSSD iteratively updates coefficient matrixes W, and W, to achieve minimization. After
processing all iterations, optimal coefficient matrixes W;* and W, and a considerable
sparse representation of the resonance components is achieved. Considering the
random noise in practical cases based on MCA, the high-and low-resonance components

can be estimated as in (4.7),

x1 =S5 Wi, x; = S; W5 (4.7)
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The RSSD algorithm steps can be summarized in the following:
e The phase signal x is input to the algorithm;

e Wavelet bases S; and S, (via TQWT) are constructed using the apriori resonance
information, suitable Q -factors @4, and Q,, redundancy factors 7y, and 1,

decomposition levels J;, and J,, and suitable weight coefficients 1, 4,;

e The optimal coefficient matrixes W] and W, are estimated to solve the

optimization problem with SALSA;

e Finally, the high and low resonance components with x; = S; W/, x, = S; W5
are obtained using W7 and W5.
As the radar returned vital sign phase signal is noisy, the optimization problem can be
formulated as the minimization of the following cost function with the RSSD algorithm

mentioned above as in (4.8) & (4.9),

argmin 11 P41
{n y— @ Wy — @, Woll2+ US4 Wyl + 253w, -||1} (4.8)
JEIE T JEIE A
W,W;
Where ¢, and ¢, represent the inverse TQWT having high and low Q-factors,
respectively. The regularization parameters 1, and A, are chosen by the user according

to the power of the noise. After W; and W, are obtained, we set,

x; = TQWT (W), x; = TQWT; (W) (4.9)

3.2 Harmonics Utilized Algorithm (HUA)

The respiratory harmonics directly relate to the respiratory amplitude. As the
respiratory amplitude increases, the amplitude of respiratory harmonics increases. The
second harmonic of respiration is larger for respiration rates on the higher side of the
normal range. Sometimes, the third respiratory harmonic has a comparable amplitude
to the heartbeat signal in the frequency domain and affects the HR peak in spectrum
analysis. The RR harmonics are sustained oscillations, which makes extracting the

affected HR beat difficult using RSSD.
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Figure 29: Harmonic utilized algorithm (HUA) for HR Extraction

It is worth noting that higher-order RR harmonics have minimal impact in the
second or third HR harmonics range owing to the sufficiently weak amplitude of RR's
higher-order harmonics. Therefore, an algorithm is designed using higher-order HR

harmonics as described in Fig. 29.
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Algorithm 1: Harmonic Utilized Algorithm (HUA) for HR Extraction

INPUT phase signal X[n], 0 <n <N —1, N * f, = T, Current observation window, C,p;
SET RSSD parameters (r, J, Q)

Ca_ops = number of samples shifted in C,;,; equivalent to one sec
X[n]

Number of observation window, N,,s =

WHILE (k <= N,,):
Input current observation signal window, X, = X[n], (k—1).Cops <n<k.Cys—1,
Extract high resonance component x, ., through RSSD-TQWT

j2mk
XenresolK] = (Xepyeqn] = exp (= 252)) 0 < ke < Ngye — 1
calculate power spectrum Px, .5,

2
chhreso(f) = |Xc_hreso [k” ,where f =k * f:s/Ndft s Nage = Cops
Find largest peak index vector Piv, in power spectrum Px, . -,

CA_obs

1Sf£fh‘r_max m=1,
. fs —
Piv.(m) = {largest peak index in Px,, . (f)} Pive(1) x Naft <SS 2% furmax m=2

(Pive(1) + P (2)) * 22) S <3 % fur e =3,

Find pairwise distance vector Dv, for the elements of Piv,
Dv.(q) = (|Piv.(i) — Piv,(j)|),Vi # j,where 1 <i,j,q <3
Select HR index hr,;,4 with a pairwise index distance limit of Ay

hting = avg (Pivc((min(DvC (q)) < Ad))
Else find minimum of pairwise distance Dv,,;, from the previous window estimate hr,;,,(k — 1)

Dvpin = min(|Piv,(i) — hrgipg(k — 1)]),where 1 <i < 3

hrging = Pive(Dvpm;n )

Estimate HR in bpm for the current observation window

hrest(k) = hrcind * f:s * 60/Ndft

The fundamental frequency of RR and HR is estimated through spectral analysis
of high resonance components obtained by applying the RSSD algorithm. However, the
spectral components (RR harmonics and intermodulation products) close to the HR
fundamental may shift the HR fundamental peak from the true location. This shifting
depends on the relative interfering amplitude of the above-mentioned spectral
components. This phenomenon is called "leakage" and causes an error in the HR
estimation as the fundamental HR peak is submerged or completely attenuated by this

spectral leakage.

This paper used the harmonics property to deal with the "leakage" issue. The
estimation process is described in Algorithm 1. The algorithm processes 512 samples of
data in one window (C,,s) or iteration with a sampling frequency (f; ) of 20 Hz. Each
window overlaps with the previous one by shifting 20 samples (Cp ,ps ), Which is
equivalent to one second. We have taken the HR estimate observed for the observation

window as the value of the initial start time. For the observation window, the high
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resonance component X preso 1S extracted through RSSD and power spectrum Px; preso
is calculated as in (4.10):

chhreso (f) = |Xchreso [k] (410)

where f = k * Nf —, f; is the sampling frequency and Ny, is the number of DFT points.
dft

|2

The HR fundamental, second, and third harmonic are located in the power
spectrum of the high resonance component of the phase signal. Therefore, the index
vector Piv, is populated with the index of the largest peaks available in the frequency
range of HR fundamental, second and third harmonics in the power spectrum Px., .
The frequency range for the second harmonic is dynamically adapted based on the value
of HR fundamentals. Similarly, for the third harmonic, the frequency range is obtained

adaptively from the values of the HR fundamental and second harmonic.

To determine the HR index that best represents the HR value, we compare the peak
indexes observed in the fundamental, second, and third harmonic ranges. If the peak index
in the fundamental range is within a 3 bpm to the second or third harmonic, we primarily
rely on the fundamental peak index. This approach ensures the fundamental index is not
affected by RR harmonics. However, if the HR fundamental is notably distant from the
harmonics, indicating potential RR harmonic interference, we then compare the second
and third HR harmonics. If their difference is within 3 bpm, these harmonics are chosen
as the representative indexes. The HR value for the current observation window is
estimated by averaging these selected indexes. In the event that none of the indexes fall
within the 3 bpm range, we compare all three indexes with the previously selected HR
index. We chose the closest index to estimate the HR value for the current window in
such a worst-case scenario. Thus, the pairwise distance vector Dv, for the elements of

Piv, can be calculated using (4.11):
Dvc(q) = (IPive (D) = Pive(D) Vi#j,1<1ij,q<3 (4.11)

The minimum pairwise distance Dv.(q) is chosen, which is under the limit of

A4 which corresponds to 3 bpm. Based on the chosen Dv,.(q) the mean of corresponding

indexes in Piv, istaken as hr,;,4. In the worst case, where none of the distances observed

is under the limit of A, then compare the distance between indexes in Piv, with the

estimated HR index of the previous window. The index in Piv, with minimum distance
is taken as hr,;,4 using (4.12) & (4.13).
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Figure 30: Experimental Platform: (a) Chirp configuration (b) Frame configuration (c) Experimental scene for

zero-degree 1 m, and (d) experimental scene for zero-degree 4 m in static position

Table 8: Participants Details

Participant# Age Height(cm) Weight(kg) Gender
P1 40 162 67 Female
P2 30 186 85 Male
P3 29 182.8 80 Male
P4 28 152.4 64 Female
Dvpin = min(|Piv,(i) — hrgipg(k—1)]) 1<i<3 (4.12)
hreing = Pive(Dvmin ) (4.13)
The heart rate in bpm is estimated using (4.14) as
hrese (k) = hrgpg * fs * 60/Ndft (4.14)
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The sliding window approach for estimation makes the non-invasive continuous HR

monitoring fast enough for real-time applications.

4. Experimental Results

4.1 Experimental Setup

Four healthy participants (two male and two female) with the demographic
parameters mentioned in Table 8 were hired for the data collection. The
experimental setup is shown in Fig. 30. The experiments were conducted in the
university staff lounge, simulating a home environment. The setup includes a sofa,
Table, chairs, PC, refrigerator, wi-fi repeater terminal, and the metal window grid on
the room wall, which constitutes the clutter. During data collection, the participants
were asked to sit quietly in normal breathing conditions in front of the radar on a
chair at a specified marked distance. The experiments were repeated by varying the
distance and relative orientation to the radar. Four datasets at different distances
(half, one, two, three, and four meters) and at different angles (zero, fifteen, and
thirty degrees with respect to radar) were recorded for each participant. A total of

176 datasets of a duration of 105 sec each were recorded.

Our radar sensor consists of texas instruments (TI)' millimeter-wave
IWR1443, an integrated single-chip FMCW radar sensor operating in the 77 to 81 GHz
frequency band [238]. A Hexoskin vest is used for ground truth data collection in this
study. Hexoskin [239] is an intelligent garment embedded with respiration sensors,
in the form of two rings present in the chest and abdomen, and heart sensors, in the
form of electrodes, can act as an electrocardiogram ECG. Cherif et al. [240] claimed
that HR and RR measurement accuracy with Hexoskin is observed between 0.98 and
0.99 for almost all participants compared to the gold-standard laboratory

measurement tools.

The original raw data for processing was captured using DCA1000 EVM along
with the IWR1443 sensor board. The collected data were analyzed offline using

MATLAB 2020a. IWR1443 consists of two transmitting and four receiving one-
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dimensional linear array antenna layouts. In our experiment, a combination of T,y —
T,, with four receivers implemented to receive a reflected signal from the human
body. Figure 30(a) depicts a single chirp and the associated timing parameters. Figure
30(b) shows a frame structure that consists of a series of chirps followed by inter-
frame time. This represents fast FMCW modulation, where each chirp is typically
64us in duration. A train of chirps is generated with chirp interval idle time = 7 ps,
the sawtooth frequency modulation slope S = 70 MHz/us, and the frame rate T,,, =5
msec. To better analyze the heartbeat and breathing rate per minute, at least four
cycles of breathing or heartbeat signals are required. Therefore, the observation
time T is kept at 105 sec, and the total number of frames is set to 20480. The data is
captured over four low voltage differential signaling (LVDS) lanes of the DCA1000
capture card, and each lane corresponds to each receiver. The idle time setting needs
to ensure the LVDS interface transfer is complete before the next chirp data is
available. The time available for this data transfer is = “ramp end time” + “idle time”.

The data is stored in a binary file in an interleaved format.

4.2 Experimental Results

4.2.1 Target Detection and Phase Extraction

The sampled IF signal from the analog-to-digital converter (ADC) is stored in a data cube.
The range information is extracted by applying the FFT over the fast time dimension of
the data cube, and subsequently, vibration information is obtained by applying the
second FFT over the slow time dimension. The circular center tracking algorithm [241]
based on levenberg-marquardt-least square (LM) optimization is applied for DC offset
correction caused due to micro-movement of the body, low-frequency static clutter, and
spectral leakage. After DC correction, the center of the data points has shifted at the red

point, as shown in Fig. 31 (a). The peak in the range slow time matrix gives the location
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of the human target. However, in strong static clutter, target detection based on the
peak detection technique will be erroneous. Therefore, we used frame differencing, the
conventional background subtraction technique [119] as shown in Fig. 31 (b) & (c). After
selecting desired range bin in the range-slow time matrix, the phase of the respective
column is computed using the differentiate and cross multiply (DACM) method [42]. Fig.
31 (d) & (e) show the phase signal in the time domain and corresponding phase

spectrum. DACM eliminates the requirement of phase unwrapping.

4.2.2 Decomposition of High Resonance Signal and Extraction of
HR and RR

Decomposing the phase signal into high and low resonance parts requires the signal to
be processed through RSSD with two different decomposition parameters (Q4, 71, J1)

and (Q,, 1y, J,), respectively.

The Q value defines the number of oscillations displayed by the wavelet and
should be specified as greater than one. To avoid excessive undesirable ringing of the
wavelet and localize it in time, redundancy 7 is usually taken as greater than or equal to
3 [242]. The extensiveness of information contained by the decomposed sub-signals
depends on the number of filter banks, i.e., related to stages /. The number of stages

must be maximized and constrained by the length of the input signal N.

We have derived the optimal decomposition parameters by designing and
implementing a parameter optimization algorithm based on minimizing reconstruction
error (Grid optimization technique). The reconstruction error is calculated using forward
and inverse TQWT over the phase signal and for all combinations of parameters from

the set.

We are processing phase signal of length 512 samples, and accordingly, the
boundary values of stage J; are calculated as (27, 91) with redundancy parameter ry,
and r; is set as (3, 5) for both. As the low resonance part is characterized by the Q, and
keeping it minimum with the constraint of localization in time, it is set as (1, 1.2) and the

value of ], between (8, 10), which is sufficient to represent a low resonance signal [243].
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Figure 32: (a). Phase signal, High resonance signal from vital phase signal obtained through RSSD, Low resonance

signal, and Residual from the phase signal; Spectrum of phase signal with and without the application of RSSD
technique: (b) RBM and clutter mitigation using RSSD indicating sharply identifiable HR peak in the spectrum, (c)

RR harmonics mitigation using HUA algorithm utilizing higher-order HR harmonic.

Using these values, Q;is calculated as per (4.6), and then iteratively varying all

parameter values in step sizes of 0.5, 0.5, 1, and 0.05 for ry, 15, /5, and Q,, respectively,
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the reconstruction error is estimated. Finally, the parameters are optimized for which

the reconstruction error is minimum.

Fig. 32 (a) demonstrates the decomposition of the noisy signal. The high
resonance signal is an almost ideal periodic signal composed of heartbeat and
respiration frequency, and the interference from the clutter or random body
movements is minimized. The signal in the topmost window displays the phase signal,
which is the input to the RSSD algorithm. The rest three plots are the outputs that
constitute the high resonance signal, low resonance signal, and residual from the phase
signal. The high resonance contains all the oscillatory signals present in the phase signal,
i.e., the high resonance signal contains the RR, HR, their harmonics, intermodulation
frequencies, and any other oscillatory frequency if present in the phase signal at that

moment.

Fig. 32 (b) shows the spectrum with and without applying the RSSD method. The
spectrum of the breathing and heartbeat signal shown in the red line is obtained using
a high resonance component of the phase signal. The HR peak obtained after applying
RSSD is clearly identifiable at a true location affected by RBM and clutter in the original
phase signal. However, RR harmonics and intermodulation products are sustained
oscillations and therefore this component appears in high resonance. If the strong RR
harmonics fall at or close to the true fundamental HR peak location, then the HR peak is
not identified correctly even after the application of RSSD. HUA algorithm utilizes the
higher-order HR harmonics for estimation, which are less likely affected by weak higher-
order RR harmonics as described in Fig. 32 (c). By utilizing the resilience of higher-order
HR harmonics, the HUA algorithm improves the reliability of HR monitoring, particularly

when RR harmonics may interfere with the true fundamental HR frequency.

4.2.3 Performance Comparison

To verify the reliability and accuracy of the proposed method, experiments are

performed with different participants, radar distance, and radar angles.

To validate the estimation performance, the similarity between two time-series

data (radar and hexoskin time series estimation data) is measured based on similarity
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measure parameters such as mean similarity, root mean square similarity, cosine angle
between two series, and Pearson Correlation Coefficient [244]. The common interval [0,
1] maps the similarity, where 1 indicates the maximum similarity. Considering two

vectors x and y of dimension n, the similarity between the two can be measured as,

|x-yl

Sime(x'Y) -4 lx|+|y] (415)
The mean similarity and root mean square similarity can be defined as,
1 .
meansimxy(x'y) = ;Z?=1 StMyy(x;,y;) (4.16)
Rt = [Ay" sim 2 (4.17)
meansqrsimxy(xy) n&i=1 xy (X3,Y1) .

Another way is to evaluate the cosine of the angle between the two vectors x

and y, which can be given as,

Slm XYy _ Z?zlxi.yi (4.18)

cosf= =
XY 1an 2 [1¢n 2
n2Zi=1%i%niz1 Vi

The cosine similarity provides the range boundary [-1, 1]. The lower boundary
value indicates that x and y are opposite, the upper boundary value shows both are the

same, and the 0 indicates independence.

Similarity measure , the Pearson Correlation Coefficient C, . is also used to
measure the linear correlation between two series . The Pearson correlation coefficient
is a statistical measure that assesses the linear relationship between two continuous
variables. This coefficient ranges from -1 to 1, with -1 indicating a perfect negative linear
correlation, 1 indicating a perfect positive linear correlation, and 0 indicating no linear
correlation. It is calculated by dividing the covariance of the two variables by the product
of their standard deviations. Widely employed in scientific research, the Pearson

correlation coefficient provides insights into the degree and direction of association
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Figure 33: The error rate for (a) HR and (b) RR estimation for increasing distance between target and radar

from half meters to four meters for all four participants

between two time series variables. The Pearson product-moment correlation coefficient

for two series X and Y is identified as a similarity index and is defined as,

Xi—pX

(1) = o155

(n-1)

oX

)(

oY

Yi— uY)

(4.19)

where pX, oX and pY, oY are the mean and standard deviation of X and Y,

respectively, with each variable having n scalar observations. In time series analysis,

the normalized time-dependent Pearson correlation coefficient (PCC) is an indicator

of similarity index as the cross-correlation coefficient value must lie in the range from

-1to 1, with one indicating perfect correlation.
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Figure 34: Accuracy rate indicating the percentage of time experimental value is same as the reference at

varying distance, (a) HR accuracy rate, and (b) RR accuracy rate at half, one, two, three, and four meters.

Additionally, accuracy is evaluated in breaths/beats per minute. Classification
of accuracy rate is defined for the values <2 bpm, between 2 and 3 bpm, and >3 bpm
compared with respect to the referenced wearable sensor values.

A. Impact of Distance

The distance between the radar and the subject's chest is approximately 0.5 m for the
first set of experiments (Fig. 30 (c)). Then distance was varied up to 4 m (Fig. 30 (d)). The
median of similarity measures, i.e., the similarity index for RR for all datasets, lies in the
range of 0.95 to 0.99. The PCCis in the range of 0.8-0.9. The similarity decreases slightly
for the larger distance between the radar and the target. Similar behavior is exhibited

for HR, but the drop in similarity for larger distances is slightly higher than the drop in
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Figure 35: Heart Rate and Breathing Rate beat to beat comparison for the duration of 75s measurement data.
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Figure 36: The average error rate using RSSD+HUA and STFT for (a), (b) HR (c), and (d) RR respectively for increasing distances

between target and radar from half meters to four meters for all four participants.
RR similarity indexes. The overall average similarity indexes for HR are in the range of

0.98-0.99, and the PCC lies between 0.8-0.9. The similarity measure parameters are
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consistent with the error rate in breaths per minute shown in Fig. 33. and it
demonstrates the average accuracy rates for all participants with respect to the

distances for HR and RR, respectively.

The overall accuracy rate of the method is defined as the difference from the
referenced within two bpm. It is evident from Fig. 34 that the HR and RR accuracy rate
is 98-100% between true and experimental values even up to 2 m distance. As the
overall accuracy rate of the method is defined as the difference from the referenced
within two bpm. It is evident from Fig. 34 that the HR and RR accuracy rate shown in Fig.
34 (a), the difference between the reference and experimental values is within 2 bpm
for 2 m and within 3 bpm for 4 m. The performance is not affected much at a distance
up to 2 m, and the error difference of up to 3 bpm is observed for more considerable
distances. The accuracy rate decreases as the distance increases, and the rate of decline
in accuracy is lesser in RR estimation as compared to HR estimation. Fig. 35 shows the
beat-to-beat comparison of heart and breathing rates obtained by the proposed method
using the radar sensor and Hexoskin vest for one data set for participant 3. The graph
shows that experimental values closely follow the true values after an initialization

period of 26 sec.

A short time-frequency transform is used for analyzing signal characteristics in
the time-frequency domain. The vital signal being time-varying, these can be analyzed
in the time-frequency domain with a carefully chosen STFT window length. To better
ascertain the efficacy of the proposed algorithm, we analyzed the results obtained with
the STFT method and our proposed RSSD-based HUA algorithm. These results are shown
in Fig. 36. The average HR and RR estimation error for all participants with respect to
the distances ranges between 4 to 11 bpm for STFT. The average HR and RR error rates
of less than 2 bpm are observed for the proposed algorithm, emphasizing the advantage

of the RSSD-based HUA algorithm.

B. Impact of Artificial Clutter and Body Movement

To observe the performance under heavy clutter and moderate body movement, we

conducted experiments on two subjects in a home environment that included
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Figure 38: RR and HR error estimation in different scenario of clutter and body movement.

household items to constitute the additional clutter. The TV was at 4 m; the dehumidifier

was placed at 3.5 m, the keyboard was beside the subject at the same distance, and the

running fan was just behind the subject at 2 m. The subject was seated on a chairat 1 m

from the radar. The experiments were conducted in three different scenarios of clutter

and body motion. In the first case, only additional clutter was introduced. The subject

was asked to sit static in a comfortable position without any body movement. In this
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case, clutter such as a running table fan, dehumidifier, and a keyboard with an iron stand
was placed near the subject, as shown in Fig. 37 (a). The running fan frequency differs
from the RR and HR frequency bands. However, any artificial clutter having a frequency
within the band of RR and HR frequency will affect the measurement. As the frequency
of the respiration and heartbeats is a maximum of 1 Hz to 2 Hz, any signal with the same
frequency clutter will affect the heartbeat and respiration rate as it shall also be a high
resonating signal in the same frequency range. The scenario is not tested in this study
and is left for future work. The perturbations due to clutter can be seen in the phase
signal. The high resonance signal obtained after applying the RSSD algorithm is
resonating, and the zero crossings are clearly distinguishable. This facilitates the HUA
algorithm to extract the HR quite accurately. The beat-to-beat comparison of the true
and estimated value of HR and RR, as shown in Fig. 37 (d), shows that the algorithm

effectively addresses the clutter issue.

The additional clutter close to the subject was removed in the second scenario.
The subject was asked to do a moderate activity like changing the position of arms,
moving a hand up and down, crossing the legs, turning the pages while reading a book,
to-and-fro body movements in the direction of radar, etc., as shown in Fig. 37 (b) & (c).
The subject performed three to four times small activities to cause moderate body
movement during 75-sec of measurement time. The abrupt change in phase can be seen
in Fig. 37 (e). However, the HR value is estimated satisfactorily at these abrupt phase
transitions. The maximum error is 4 bpm at the starting point where the abrupt phase
occurs, and the minimum error for the complete observation duration of the scenario is
1 bpm. The estimation approaches the true value more rapidly as soon as the body

movement/activity burst phase is over.

In the third case, additional clutter was introduced again, similar to the first case,
shown in Fig. 37 (e). The variation due to clutter and body movement can be seen in the
phase signal. During the body movement, the error observed between the true and
estimated value is up to 2 bpm. However, the estimation performances become
comparable to the true value after the body movement phase is over. The performance

comparison for all three cases mentioned above is shown in Fig. 38, which shows that
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the HR estimation is carried out as accurately as the RR estimation. The proposed
method exhibits clutter and moderate body movement mitigation within the average
HR and RR error of 2 and 1 bpm in all cases mentioned above. In addition, we find that
the proposed method performs robustly with an average HR and RR error of 1 bpm
under cases | and Il. The average HR error is slightly higher to 2 bpm for case lll, in which
both additional clutter and moderate body movement were introduced. However, the

average RR error is still under 1 bpm for case Il
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C. Impact of Radar Angles

The impact of the radar angle on the estimation of RR and HR is also studied. We used
two additional radar angles [ 15°, 30°] other than zero to evaluate participants breathing
and heart rates. The deployed radar is TI IWR1443 EVM which consists of onboard
etched antennas for the four receivers and three transmitters. The antenna peak gain is
> 10.5 dBi across the frequency band of 76 to 81 GHz. At 78 GHz, based on a 3 dB drop
in the gain as compared to bore sight, the horizontal 3dB-beamwidth of the antenna is
approximately +289, and the elevation 3 dB-beamwidth of the antenna is approximately
+14° [238]. We have used two transmitters and four receiver combinations in our

experiments.

The experiments are performed at a half and one-meter distance. The overall
accuracy for all the participants for RR and HR with different radar angles is shown in
Fig. 39 (a) and (b), respectively. It is observed that the accuracy decreases with the
increment in the radar angle for both RR and HR estimation. Even at lower radar angles,
the accuracy decreases substantially if the distance has increased from a half meter to
one meter. The reason is that the reflection loss depends on the radar angle, and an
increment in the angle increases the reflection loss, rendering poor SNR of the reflected

signal.

Similarly, the increased distance for the same radar angle decreases the radar
cross-section (RCS) observed as the target area goes out of the beam span. However,
since the SNR of the breathing signal is much higher than the heartbeat signal, the

performance degradation of RR estimation is not as severe as HR estimation.

5. Discussions

After applying the circular center dynamic tracking algorithm to correct the DC offset,
the extended DACM allows us to obtain heartbeat and breathing-related phase
information. RSSD and the estimation algorithm are proposed to process the extracted
differential phase signal. The high resonance signal obtained by the RSSD, and its

corresponding spectral function observes periodicity. The proposed method reduces the
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Table 9: Summarized analysis of different algorithms (stationary target) for (a) HR and (b) RR estimation

Paper Radar Distance Position Method/Algorithm Dataset Measurement RR Error HR Error (bpm)
System (bpm)
[41] UWB 15cm sitting Spectrum-Averaged Harmonic Path (SHAPA) 8 Stationary HR - 1.43%
participants
[43] LFMCW ~1lm sitting EMD - stationary - 4.4bpm
MIMO
[44] FMCW 1.7m sleep Advanced phase unwrapping manipulation - RR/HR 94% 80%
[118] cw 40 cm sleep Peak detection algo 6 Stationary HR - 96.78%
[134] FMCW 0.6-0.9m sitting Compressive sensing based on orthogonal matching pursuit 10 RR/HR 93% 93%
(CS-OMP) algorithm and Rigrsure adaptive soft threshold
noise reduction based on discrete wavelet transform (RA-
DWT)
[245] FMCW 1-2m sitting wavelet packet transformation & spectral frequency 8 RR/HR 1.21 bpm 3.138 bpm
estimation
[246] IR-UWB 30cm sitting Quadrature Demodulation IR-UWB radar 1 HR - 4 bpm
[247] SFCW-UWB 2m sleep Empirical wavelet transform (EWT) 10 RR/HR 0.3 bpm 2 bpm
[248] FMCW 2mon sleep Fast Fourier transform based cepstral and autocorrelation 11 RR/HR 96.5% 96.3%
ceiling analyses participants
[249] FMCW im sitting Adaptive peak detection, and Band pass filter 10 RR/HR 91.08 87.2
[250] cw 1.5m sitting Adaptive noise cancellation (ANC) with polynomial fitting and - RR/HR 4.86 1.25
new-type discrete cosine transforms (N-DCT)-based spectrum
extractor
[251] cw Im sitting Fast Fourier transform (FFT) 16 Stationary Error rate:  Error rate: 5%
participants  HR/RR 5%
[252] IR-UWB im sitting Fast Fourier transform (FFT) 7 Stationary RR: 0.3 HR: 8 bpm
participants  HR/RR bpm
[253] UuwB 0.2-5m sitting Ensemble empirical mode decomposition (EEMD) and 3 Stationary RR ~ 0.3bpm -
Continuous wavelet transforms (CWT) participants
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Table 10: Summarized analysis of different algorithms (stationary target) for (a) HR and (b) RR estimation (cont....)

Paper Radar Distance Position Method/Algorithm Dataset Measurement RR Error HR Error
System (bpm) (bpm)
[254] UWB 3m sitting Ensemble empirical mode decomposition (EEMD) 5 Stationary HR - Error rate:
participants 1.5-3.75%
[255] UwB 0.64m sitting Harmonic Multiple Loop Detection (HMLD) 10 Stationary Error rate Error rate
participants HR/RR (RR): 4.95% (HR): 5.06%
[258] IR-UWB 1.25m sitting Time Domain Processing Algorithm 5 Stationary HR - Error rate:
participants 1.01%-4.32%
[259] UwB im sitting Time series analysis - Stationary HR - Error rate:
1.26%
[This FMCW 0.5-4m Sitting/Minor  RSSD using TQWT 4 Stationary Less than 2 Less than 3
Paper] (Proposed Body participants/ bpm for bpm for
method) movements 64 dataset distances up distances up
per to3m to3m
participant
Table 10: Summarized analysis of different algorithms (with Body Motion) for (a) HR and (b) RR estimation
[33] FMCW 5.4m Sitting and FFT, Continuous Wavelet Transform (CWT) 8 Non- RR: 94% HR: 89%
walking participants  Stationary
HR/RR
[231] IR-UWB 1-2m Sitting and Kalman filter, auto-correlation-based 30/ Body 6bpm 8-19bpm
minor body technique is applied for detecting random body movement
movements movements
[256] IR-UWB 4.5m Standingand  Wavelet, Kalman filter 4 Non- - Error rate:
minor participants  Stationary HR 2.25%—4.6%
moving body
[257] UWB 0.7m Sitting and FFT 1 participant  Non- SNR -
minor hands Stationary RR  (handwriting):
movements 16 dB
[This FMCW Im Sitting/Minor  RSSD using TQWT 1 moderate Less than 2 Less than 2
Paper] (Proposed Body participant/  body bpm bpm
method) movements 12 dataset movements

122



irregular waveform phenomenon and effectively reduces the noise and harmonic
interference while retaining the time-frequency characteristics of the original phase

signal.

Prior researchers have deployed different algorithms for vital sign extraction from the
radar signal. The summary of the previous work is given in Table 10 to present the
comparison with the proposed algorithm. Though most researchers have presented the
works for the stationary human subject, being perfectly stationary for a long time is not
feasible for humans, and some body movement always happens after a time. We have
also included the works which presented vital sign extraction for body movement
scenarios separately and are summarized in Table 11. Compared with the algorithms
deployed in earlier works, the proposed algorithm shows an accuracy of up to 98-100%
for distances up to 2 m. However, the performance of the RSSD algorithm relies not only
on the signal intrinsic characteristics but also on the selection of ideal parameters to a
great extent. The selection of high and low resonance quality factors and optimized

weight factors is challenging.

Among the various signal processing and analysis techniques, the resonance
sparse spectrum decomposition based on tuneable Q-factor wavelet transform (RSSD-
TQWT) is more feasible due to its relatively high computational efficiency. Empirical
wavelet analysis (EWA), stationary wavelet transforms (SWT), and undecimated wavelet
transform (UWT) share comparable computational costs of O (N log N) depending on
factors like the chosen wavelet, number of decomposition levels, and signal length [59].
While empirical mode decomposition (EMD) and variational mode decomposition
(VMD) are computationally expensive with a cost of O(N2) or higher due to the signal
length and the number of iterations required for convergence [60]. However, RSSD-
TQWT exhibits a significantly lower cost of O (r N log N), where N represents the signal
length and r denotes the redundancy factor [28]. Moreover, its implementation is
optimal, ensuring a linear relationship with r. Additionally, the computational cost as a
function of N remains low, benefiting from its reliance on the discrete Fourier transform

(DFT).
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Our research would greatly help in an application where contact is to be avoided,

such as burnt patients and neonates. The proposed system was tested for four subjects

over multiple distances, and their heart and respiration rates were accurately estimated.

The contribution of this work to the community is that it provides:

Detailed analysis and application of RSSD and harmonic-based signal processing in
HR/RR estimation

Our proposed method verifies reliable HR estimation up to four meters.

The efficacy of the proposed method is validated on HR/RR estimation by varying
the target's distance.

The effect of heavy clutter and moderate body movement on the HR/RR estimation
is analyzed.

Analysis of the impact of different radar angles on the accurate HR/RR estimation

detection rate.

Although the proposed method observes HR detection as accurately as RR

detection under a daily ambulant environment, a few limitations deserve further

research. Impacts of daily objects on measurements:

The Texas Instruments millimeter-wave IWR1443 radar system possesses range and
angular discrimination capabilities. The proposed algorithm is designed for a single
human participant, and there exists an opportunity for future enhancement.
However, the proposed method can be extended to accommodate monitoring
multiple individuals by employing a minor modification in the phase signal selection
part of the algorithm.

As the chest wall motion and, consequently, the phase signal shall be different for a
static person having hyper/hypoventilation conditions, it would be beneficial to
investigate how the algorithm performs under hyper/hypoventilation conditions in

future works.
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6. Conclusion

In this paper, the resonance property of a non-stationary vital signal is utilized to
extract the heart and breathing signal from a noisy radar signal. This paper
systematically introduced the signal processing flow and parameter configuration for an
FMCW radar. The RSSD algorithm is applied to the extracted phase signal to efficiently
decompose the HR signal to remove the effect of random body movements and clutters.
Then, the HUA algorithm is used based on the higher-order harmonics to suppress the
influence of RR harmonics and intermodulation products on HR value. The detection
accuracy rate of heart rate and respiration rates are comparable to reference even up
to a considerable distance of 4 m from the radar, proving the feasibility and
effectiveness of RSSD in remote HR/RR monitoring. The implementation of transmitter
beam steering and digital beamforming on the receiving end would complement this
work. The advantages include an increased SNR and improved target localization, which

we have left for future work.
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Chapter 5

A Real-time Beam Steering and Accurate Vital Signs
Estimation Method in an Indoor Environment

Abstract

An accurate heart rate (HR) estimation using a radar sensor is challenging in a real-life
situation due to interference from unwanted clutter, respiration (RR) harmonics, body
movement, and especially variations in the target's position. To address these
challenges, this paper presents a real-time beam steering algorithm that dynamically
determines the target's position at the beginning of each measurement cycle while
simultaneously calculating the range-angle values of the target during the scanning
phase. We propose a novel method based on resonance sparse spectrum decomposition
(RSSD) that leverages sub-band energy distribution for optimizing the quality factor (Q)
and the subsequent extraction of HR using harmonics. The Q factor defines the
resonance property of an oscillatory signal, and hence, signal components with similar
center frequencies band but with a different quality factor, Q, can be separated and
sparsely represented. This RSSD-based algorithm mitigates the effects of clutter and
random body motion from the phase signal while optimizing the Q factor through sub-
band energy distribution, ensures accurate extraction of the high-resonance segment of
the signal, and significantly enhances HR estimation accuracy. Comprehensive
experiments performed under various realistic conditions were utilized to evaluate the
efficacy of the proposed method. The results demonstrate that with the proposed
method, coupled with beam steering, the HR accuracy remains consistently high at

98.72% within a 4m range across all azimuth angles.

This contribution has been submitted for review in IEEE loT Journal
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1. Introduction

Monitoring human vitals like heart rate (HR) and respiration rate (RR) can lead to
suggestions for changes in indoor lifestyle activities, reducing the likelihood of disease,
which is a crucial aspect of healthcare. Radar-based physiological state monitoring is a
promising approach to the long-term measurement of vital signs and is helpful in many
applications [217], [260], [261]. Home health care and monitoring systems have
triggered potential public interest as real-time monitoring of physiological parameters

can avoid many health emergency conditions [248], [262].

Heartbeat and respiration generate periodic micro-movements of the human
chest, producing a periodic vibration collected by the radar sensor. Due to considerable
interest, several methodologies and techniques exist for human vital sign extraction.
Radars have directional beam patterns, and the detection performance degrades
substantially if the person is not directly facing the radar at a fixed distance. In literature,
most radar-based vital sign estimation systems require individuals to be placed at a
specific distance and zero-degree angle-of-arrival (AoA) directly in front of the radar.
However, in reality, people tend to change their sitting or sleeping position frequently,
making this approach challenging to implement. In addition, the reflected radar signal
strength, and the accuracy of estimating vital signs can be influenced by each individual's
unique physical body structure and sitting or sleeping posture. The radar cross section
(RCS) of the human body is approximately between 0.5 m? to 3 m? [263], and more

specifically, the real cardio-pulmonary reflections have an RCS of less than 0.5 m? [264].

The accuracy of estimating vital signs can be enhanced by localizing and directing
the radar transmission toward the human target, which can increase the strength of the
reflected signal. A beam steering phased array can be used to steer the beam
transmission angle toward the human subject. However, as manual steering is not
feasible in real-life scenarios, a real-time beam steering solution is required to improve
estimation accuracy. In a multiple input and multiple outputs (MIMO) radar system with
multiple transmitters (Tx) and receivers (Rx), the phase values across the system can be

adaptively altered for a specific angle of arrival. This enables the beam-steered signal to
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be directed toward the human target and improves the signal-to-noise ratio (SNR). Thus,
in real-life situations, steering the radar beam toward human participants can be

beneficial for accurate vital sign estimation.

In some of the studies, the effect of receiver beamforming is studied where the
methods included conventional or adaptive digital beamforming [265], portable FMCW
radar transceivers with beamforming arrays [266], and ultra-wideband array radar with
the Capon adaptive beamforming technique [267]. These methods mainly focused on
estimating respiration signals for stationary targets with limited angular resolution.

There is a tradeoff between resolution and antenna array size.

Beam steering is used scarcely for localization and vital sign extraction of targets
[268]-[270]. Real-time beam-steering for vital sign measurement is a novel approach yet
to be widely explored. The primary challenge lies in the real-time processing of the radar
device, which includes configuring phase delays in transmitter antennas, handling
hardware limitations, and addressing beamforming errors. Hardware constraints can
impact the efficiency and precision of beam steering, influenced by factors like antenna
guantity and arrangement. Achieving precise calibration and synchronization is crucial
for accuracy, but hardware or timing alighment errors can introduce inaccuracies,
particularly in dynamic environments or with multiple radar systems in play.
Components like the antenna array, phase shifters, and control system are pivotal, and
maintaining phase signal quality is essential. Selecting appropriate parameters, such as
radar frame duration and scanning time, is critical to minimize frame loss and ensure

efficient performance during real-time processing.

Several algorithms have been developed for vital sign estimation to address the
issues of noisy and weak HR signals. Traditional spectrum-based algorithms such as the
short-time Fourier transform (STFT), empirical mode decomposition (EMD), ensemble
empirical mode decomposition (EEMD), and variable mode decomposition (VMD) only
focus on the HR and RR fundamental peaks but ignore their harmonics. It is difficult to
accurately estimate the HR, due to the fact that the RR harmonics and intermodulation
components also have a similar frequency range to the HR, so they may mask the HR

fundamental frequency. In this paper, we employ resonance-based sparse signal
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decomposition (RSSD) alongside an optimal Q selection method and leverage HR

harmonic components to enhance the heartbeat frequency estimation accuracy.

Our research focuses on empirically evaluating beam steering's efficacy in
human localization and beamforming across non-zero angles of arrival. The main

contributions of this work are as follows:

e We propose a real-time scanning algorithm based on beam steering, which utilizes
a range-angle map to accurately locate the human target's position. This method
demonstrates a high accuracy of 98.72% within a 4 m range across all azimuth angles
in the HR/RR estimation, owing to a substantial signal strength increase of
approximately three-to-fourfold, resulting from an SNR boost of about 4-5 dB.

e We propose a resonance-based sparse signal decomposition (RSSD) method, which
combines optimum quality factor selection with sub-band energy distribution
relative to total signal energy. This enables high resonance signal extraction under
heavy noise conditions with a mean estimation error reduced from 10 bpm to 1 bpm.

e We devise an experimental strategy to mimic real-world scenarios for
stationary/non-stationary targets at unknown locations. We evaluate the reliability
and robustness of the proposed method through comprehensive experiments with

six participants in various scenarios.

The rest of the manuscript is organized as follows. Section 2 delves into a review
of previous studies, while Section 3 elaborates on the research's theoretical framework
and methodologies, focusing on beam steering, beamforming techniques, and the signal
processing algorithm essential for vital sign measurement. The experimental procedures
and their corresponding results are detailed in Section 4. Finally, Sections 5 and 6,
respectively, present a comprehensive discussion of the research findings and

conclusion.

2. Related Work

In most previous studies, human subjects are located at zero angles of arrival during the

vital sign measurements. However, it is unlikely that the subject will be directly in front
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of the radar for most practical applications. Beam steering and beamforming can be
used to increase SNR locate and measure the vital signs of human participants present

other than at the zero angles of arrival.

Xiong et al. [265] proposed a single-input—multiple-output (SIMO) radar system
with an adaptive digital beamforming (ADBF) technique to estimate only the respiration
of multiple stationary human subjects at unknown positions. In their work, Peng et al.
[266] presented a novel method by implementing a portable K-band FMCW radar
transceiver with a beamforming array realized on a printed circuit board. The approach
demonstrated the application of vector controllers and a six-port circuit for short-range
target localization. Muragki et al. [267] utilized ultra-wideband array radar and the
Capon adaptive beamforming technique with different diagonal loading factor values
for the angle of arrival estimation for stationary targets. Only respiration displacement

was extracted.

In [269], the static beam steering technique was used to isolate the respiratory
signatures for individual subjects from radar signals reflected simultaneously from
multiple subjects separated by a 30° angular discrimination limit. However, the two
subject's position was fixed at a pre-defined angle. In [270], the authors developed a 2x2
microstrip patch antenna and two phase shifters on a single board to achieve an
adaptive beam-steering range from -22° to 22° in the H-plane to measure vital signs.
However, HR estimation was conducted while holding the respiration, limiting the
application in a realistic scenario as it does not mimic the normal physiological condition
where heart rate and respiration occur simultaneously. The author in [271] designed
and implemented a time-division multiplexing (TDM) phased-MIMO radar sensing
scheme for high-precision vital sign monitoring of multiple humans at the same radial

distance to the radar at a known position.

Some contributions are made in designing a self-injection locked (SIL)
metamaterial leaky wave antenna. The dual-beam radiation leverages space diversity
and addresses the phase collision problem. In [272], Wu introduced two types of radar
sensor architecture integrated with a metamaterial (MTM) leaky-wave antenna (LWA)

to detect multi-target vital signs and locations simultaneously. However, the beam
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scanning was frequency-dependent, and the measurement distance was from 0.5to 1m,
limiting its application in real-life scenarios. In [273], Rabbani et al. designed a beam-
scanning Fabry—Perot LWA for remote vital sign monitoring (RVSM) in a dynamic
environment for patients during sleep. Su et al. [274] presented a switched phased-array
(SPA) radar using SIL and digital beamforming (DBF) technologies for estimating the vital
sign detection of a single stationary person. The system was efficient compared to the
conventional phased array radar in terms of complexity and target localization, but the

clutter and random body movement due to non-stationary subjects were not addressed.

Combining multi-beam and phased-array designs enabled multi-beam radiation
to scan in different directions; authorsin [156], [275] addressed the phase collision issue
of the target's signatures. The design was capable of detecting multi-person respiration
signals with a limited measurement range of 2-3m. Ahmed et al. [276] provided an
experimental comparison of vital sign extraction with and without beamforming. The
preliminary results suggested that as the observation angle increases, the effectiveness
of beamforming increases. Conventional beamforming was employed. However,
adaptive and complex beamforming was left for future work. The authors primarily
worked on applying conventional beamforming to improve SNR for stationary targets.
The signal processing issues related to clutter and random body movements for non-
stationary targets were unaddressed. In [277], Dai used MIMO configuration to improve
the SNR level by leveraging its channel diversity. Vital sign information was extracted
using arctangent demodulation (AD) and maximal ratio combining (MRC) with an
adapted wavelet continuous wavelet transform (CWT). The improvement of HR
estimation accuracy was observed by addressing the stationary and moving clutter
issue. However, non-stationary targets and moving clutter close to the respiration rate

were unaddressed.

Recently, various novel signal processing algorithms have been used to address
the challenges related to non-stationary targets, moving clutter, and enhancing the
accuracy of vital sign measurements. The Hilbert-Huang transform (HHT) is utilized to
identify respiration characteristics and cardiac signatures, as demonstrated in [278].

HHT effectively separates the characteristics of breathing and heartbeat in the time-
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frequency domain. Zhang et al. [279] applied empirical mode decomposition (EMD) to
detect vital signals in multiple individuals. Ensemble EMD (EEMD) has gained significant
popularity as an enhancement to EMD. Hu et al. [280] introduced an EEMD-based noise
reduction approach and a CWT-based method for precisely separating respiratory and

heartbeat frequencies using radar sensors.

Variational mode decomposition (VMD) has been introduced as an alternative to
EMD as the EMD lacks a robust mathematical foundation. VMD effectively separates the
original signal into sub-signals of distinct frequency bands by solving an optimization
problem [281], [282]. For instance, Shen et al. [171] employed VMD to separate HR and
RR after determining the target location through the autocorrelation method. Li et al.
[283] combined UWB-MIMO radar with the VMD algorithm to achieve multi-subject
localization and vital sign detection through walls to address the clutter and noise issue.
The mode decomposition-based algorithms have the limitation of specifying the number
of modes, and efforts have been made to enhance the optimization objective to
emphasize the narrow-band characteristics of the decomposition outcomes. Also, mode

mixing remains a concern, affecting the decomposition results.

Another method, called differential enhancement (DE) [284], is employed for
heart rate (HR) monitoring. It uses first and second-order differential operations on the
chest wall displacement signal to suppress respiration and enhance heartbeat
components. However, this approach is sensitive to high-frequency noise in the phase
signal's high-frequency region, and potential degradation in detection performance can

be observed, especially in low signal-to-noise ratio (SNR) scenarios.

All the above algorithms estimate the heartbeat frequency by excluding
respiratory harmonics or using heartbeat harmonics. Jing et al. presented a harmonics
and intermodulation products-based fuzzy logic (HIPBFL) algorithm for vital sign
estimation [285]. However, the measurement range was limited to 0.8m, and estimation
accuracies are still to be improved. Another study proposes employing the Spectral
Unmixing Successive Variational Mode Decomposition (SUSVMD) algorithm [286] to

overcome the issue of RR component mixing with HR. The proposed method involves
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Figure 40: Digital Beam steering through a Phase shifter
the extraction of band-limited modes through back projection and spectral unmixing

optimization.

Thus, signal processing algorithms used in real-life situations need to address the
interference infused due to clutter and body movements. Additionally, humans are non-
stationary and do not always stay in the same place or position in an indoor
environment. Therefore, the system must adaptively locate the person and steer the

beam direction to improve the SNR and achieve accurate vital sigh measurements.

3. Theory and Method

This section focuses on key aspects of the vital sign measurement method, such as SNR
improvement through beam steering and beam forming and the vital sign estimation
algorithm. We discuss the theoretical principles and challenges involved in RSSD
algorithms to analyze data from radar and extract information about the vital signs of

the target.

3.1 Beam Steering and Beam Forming

The beam steering technique adjusts the antenna pattern in real-time by altering the
signal phase. Alternatively, digital beamforming techniques create radiation patterns by

combining and cancelling signals in particular directions. Fig. 40 shows the phase shifter
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modifying the signal phase for each transmitting antenna, allowing control of the beam

direction.

If the signal beam is to be directed at the 8 angle to the radar, the phase

difference of the signal phase shifter can be obtained from,

Ap
3609d

sinf = (5.1)

where, d = antenna distance, A = wavelength, ¢ = phase difference, and 0 = direction

of subject or electromagnetic beam from the radar.

To achieve the adaptive scanning and localization for non-contact vital sign
monitoring, the phase difference at T,; and T,, is determined through (5.1), and the
transmitting beam is steered towards a specific direction (8) from the radar.
Furthermore, since noise is a stochastic process, each receiver channel has its own
unique noise profile, and two receivers are unlikely to experience the same noise peaks
[287]. Combining the receive channels in-phase component enhances the echo signal,
and the noise can be decorrelated, resulting in an improved SNR and higher radar
sensitivity. A significant advantage of this proposed solution is that the array pattern can
be tailored to force the interferences to be placed in the pattern's nulls while amplifying
the receiver signal and suppressing noise. This significantly enhances the system's

detection accuracy in real-life environments heavily intruded by clutters.

There are two categories of beamformers: data-independent and statistically
optimum, which are determined by the method used to select the beamformer's
weights. The data-independent beamformer's weights are selected to achieve a specific
response for all signal and interference scenarios and are not dependent on the array
data. In contrast, the statistically-optimum beamformer's weights are determined based
on the statistics of the array data in order to optimize the array's response. This research
utilized statistically optimum beamformers such as capon beamforming which offers
better performance due to their adaptive ability to suppress directional interferences.
Unlike the other method, it does not require knowledge of the desired signal and

interference directions. The 4-dimensional sensor array shown in Fig. 41 forms the
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Figure 41: Receiver digital beamforming
beamformed signal at the receiver. The 4-dimensional antenna array is characterized by
the use of time modulation in one or more antenna parameters, which enhances system
information capacity and enables advanced radiation pattern characteristics, addressing
the need for an additional degree of freedom beyond the traditional three spatial
dimensions. Suppose that a(0) represents the array's response to a plane wave with

unit amplitude arriving from the direction(8).

We assume that a narrow-band source s(t) is targeting the array from an angle
() and is situated in the far field of the array. The resulting vector array output y(t) can

be expressed as:

y() = a(8)s(t) +v(t) (5.2)

where a(0) takes into account the impact of various factors, such as coupling
between elements and resulting amplification, while v(t) represents the vector of
additive noise, including unwanted signals like thermal noise or interference. We use
y(k) to represent the sampled array output, and the combined beamformer output can

be defined as:
y.(k) =w*y(k) =w*a(0)s(k) + w*v(k) (5.3)

where w is a vector of weights, and (-)* mentions the conjugate transpose. If we
can make w*a(8) = 1 and w*v(k) too small, then the receiver signal can effectively

recover the transmitted signal i.e., s(k). The expected impact of noise and interference
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at the combined output is represented by w*R,w, where R, = E,,» and E is the
expected value. Minimum variance beamforming, which is commonly referred to as
Capon Beamforming, in which R,, is substituted with an estimate of the covariance of
the received signal derived from the latest samples of the array output. Additionally, the
optimization process for extracting the weight coefficient w, through minimizing the
power expression, which includes the effect of the desired signal plus noise. Moreover,
the constraint w*a(0) ~ 1 prevents a reduction in gain in the direction of the signal,
and the solution can be obtained for n number of receiver antennas by:

Ry =+ 2t a1 YDy (D' (5.4)

n

3.2 Vital Sign Measurement

In this section, we discuss the theoretical principles behind the proposed method and
its implementation in the signal processing chain, which involves pre-processing, phase
extraction, and vital sign extraction. We aim to develop an optimal Q-factor selection
algorithm in reference to the RSSD and tunable Q-factor wavelet transformation (TQWT)

method.

3.2.1 Resonance-Based Sparse Signal Decomposition (RSSD) and
Tunable Q -factor Wavelet Transformation (TQWT)

Selesnick [57] introduced a new approach to signal processing, i.e., resonance-based
sparse signal decomposition (RSSD) for non-stationary signals. Resonance is a signal
characteristic that can be measured by its resonance quality factor Q, with a higher Q
indicating stronger resonance and more oscillations in a given time frame. Resonance
property can be defined by its center frequency and frequency bandwidth. The RSSD
technique utilizes the resonance property of a signal to separate and sparsely represent
signal components with similar center frequencies but different Q values. The most
efficient representation of each resonance component of the signal can be obtained

using RSSD.
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In the traditional RSSD approach, values are typically assigned to the Q-factors,
such as Q1:3~9 and Q,~1. However, the decomposition quality strongly depends on
the optimum selection of the Q-factor. Therefore, the adaptive selection of quality
factors is critical in the RSSD method. It should be noted that non-integer Q-factors may
be required in real-life vital sign extraction applications. In a high background noise
working environment, the high and low resonance components of the chest reflected
radar signal that RSSD decomposes might have a high degree of overlapping due to noise
interference, which can affect the extraction of high resonance components.
Nonetheless, the extraction method only accumulated sub-band components from high
to low frequencies based on the filtering characteristics of the Q-factors. Hence, some

sub-bands may introduce noise into the extracted phase signal.

The proportions of sub-band frequencies and their contributions to the signal
energy are not considered conventionally. Suppose the signal carrying the vital sign
information is to be decomposed into components with specific resonance attributes, a
wavelet-based function library must be created that matches the oscillation
characteristics of the vital resonance signal. In this research, the sub-bands proportion
of the total energy is considered when selecting the Q factor from the library. This Q
factor library is designed based on the total energy of the signal and the energy
distribution within the frequency sub-bands of interest. The frequencies of interest for
the vital sign are taken as 1-2 Hz for heart rate and 0.1 to 0.5 Hz for respiration rate

signals. The detailed process is described as follows:

e Apply TQWT on the input signal to obtain the sub-bands energy distribution and
center frequencies. Calculate the energy E; of J; + 1 sub-band signals using (5.5) and

(5.6).

=% Wl (5.5)

where W; represents the ith wavelet coefficient belonging to the j™ level, and Nj is

the length of the j*" level wavelet coefficient.

En =Y E; (5.6)
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where Ej, represents the total energy in the signal in the heartbeat range. f.;, fen

the initial and end frequency range for heart rate.

e Make four bands in the frequency range of interest. Distribute the total energy in
these sub-bands. Calculate the energy percentage e; corresponds to energy

distribution in four sub-band, as shown in (5.7).

ff’}n E]'
= "E—f” + 100 (5.7)

e.
n h

where f¢in, fcnn the initial and end frequency range for the respective sub-band.

e Optimize Q for the signal by comparing the Euclidean distance of each ej,, n =
1,2, 3,4 with the values in the library. The Q is selected for which the Euclidean

distance is minimum.

With the selection of optimum Q and using RSSD, a signal like x = x; + x, can be
decomposed into its high-resonance (x; ), low-resonance (x,), and residual components.

The RSSD algorithm steps can be summarized as follows:

e The signal x is used as input to the algorithm.

e Wavelet bases S; and S, (via TQWT) are constructed leveraging the apriori

resonance information.
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Figure 42: Frequency spectrum of High resonance component with optimized Q and with fixed Q value.
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in transmitting antennas dynamically.

e Split Augmented Lagrangian Shrinkage Algorithm (SALSA) is used to estimate the

coefficient matrixes optimally W7, and W5 [231].

e Using Wy, Wy, high and low resonance components with x; = S; W/, x, =

S,W5 are derived.
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The effectiveness of Q-factor optimization can be observed in Fig. 42, which
shows the frequency spectrum of the high resonance component extracted from the
phase signal with an optimized Q-factor and a fixed Q value. It's evident from the graph
that the peaks are narrower and sharper compared to those obtained with a fixed Q
value. This is because peaks that merged due to overlapping with noise interference
have been segregated, addressing the challenge in peak selection for heart rate

estimation.

3.2.2 Signal Processing Chain

The vital sign estimation is carried out through several signal-processing steps
implemented through the FMCW radar system, as shown in Fig. 43. The Tx beam
steering involves multiple Tx channels to transmit synchronously. To steer the beam at
the desired angle, each Tx channel is controlled through a 6-bit phase shifter that can
be programmed with a steering resolution of 5.625° as shown in Fig. 44. The value
programmed to each channel is determined based on where the main beam should be
focused. This coherent gain achieved in the Tx beam steered and formed leads to a much
stronger signal in the specific direction being targeted. Next, the amount of phase value
programmed to each Tx channel is calculated based on the array factor and target angle.
Finally, the allowed phase step size of 5.625° is used to determine the integer value to

be programmed to the phase shifters for optimal performance as in (5.8).

(01 @2 @3]] (5.8)

Q)integer = [ 5 625

where @,,?,,and @; are phase shift values corresponding to transmitting

antennas.

In this paper, we have used TI EVM AWR1843 [288], where three azimuth Tx
antennas can be used for beam steering. The Tx beam steering supports the per-chirp-
based and frame-based beam steering. We utilized frame-based steering with three
steps between angles of -60° to +60° to cover the entire scene in front of the radar. The
process involves configuring the phase shifter with the values corresponding to -60° for

all chirps used in the frame, followed by applying phase values corresponding to -30°,
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Algorithm 1: Phase Shifter Integer Value

// Set values for start frequency, number of antennas,
// antenna spacing, and desired phase shift theta
// Calculate wavelength based on start frequency
lambda = (3*108)/(startfreq*10°);
// Store the calculated phase shift for each antenna
antennaPhase = zeros(1, numAntennas);
// Loop through each antenna and calculate the
// corresponding phase shift
for i = 1:numAntennas

antennaPhase(1, i) = rad2deg((2pi/lambda)(i-1) *dsin(deg2rad(theta)));
end
// Convert the calculated phase shift values to bits
// for programming the phase shifter

antennaPhaseBits = antennaPhase/5.625

Algorithm 2: Automatic Target Localization Algorithm

// Initialize variables
theta = [0, 30, 60] // degrees
rangeAngleBin =[]

// Iterate through scanning angles

Fori=1to3
// Calculate the phase shifter value in bits
Forj=1to3
antennaPhase(1, j) = rad2deg((2*pi/lambda)*(j-1)*sin(deg2rad(theta(i))))
End For

phaseShifterValues(i) = antennaPhase(1, j)/5.625

// Update the profileCfg command with new phase shifter bits
varPhase = 'profileCfg 0 7730 762 0 x 60 1 64 2500 0 0 40'
cliCfg = stringReplace(varPhase, 'x', phaseShifterValues(i))
sendConfigToRadar(cliCfg)

// Estimate the range and angle for the corresponding transmitting beam angle
rangeAzimuthMatrix = getRangeAzimuthMatrix(rxSignalDataCube)
maxStrength = max(rangeAzimuthMatrix)
[rangeBin, angleBin] = find(rangeAzimuthMatrix = maxStrength)
rangeAngleBin(i) = [rangeBin, angleBin]

End For

// Estimate the final range and angle values from the three scannings
[estimatedRange, estimatedAngle] = mode(rangeAngleBin)

finalAntennaPhase = 2*pi*([0, 1, 2]*sinInverse(estimatedAngle)*180/pi)/lambda
phaseShifter = round(finalAntennaPhase / 5.625) .* [0, 28, 2716]' * 4

varPhase = 'profileCfg 0 7730 7 62 0 x 60 1 64 2500 0 0 40'
cliCfg = stringReplace(varPhase, 'x', phaseShifter)

// Send the config file to the radar and lock the beam toward the target and lock beam
sendConfigToRadar(cliCfg)
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0°, 30°, and +60°. This approach allows us to effectively scan the entire scene as the 3db

beamwidth for AWR1843 is +280.

Algorithm 1 and Algorithm 2 describe the phase shifter calculation for steering

vector and target localization. Algorithm 1 computes the desired phase shifts for an
array of transmitting antennas which are /1/2 apart. The algorithm loops over each

antenna and calculates its corresponding phase shift based on its position in the array
and the desired phase shift using (5.1). The calculated phase shift values are then

converted to bits suitable for programming the phase shifter using (5.8).

Algorithm 2, designed to automate target localization for a phased-array radar
system, iteratively scans the environment with different beam angles (0, 30, and 60
deg). The radar returns a Range-Azimuth matrix for each scan. This matrix is processed
to estimate the range and angle of the detected targets for the corresponding
transmission beam angle using a specified number of frames. After completing the
three-step scanning process, the algorithm uses the accumulated results to estimate the
target's final range and angle values. These estimated values are then used to calculate
a final phase shifter value, representing the optimal target beam angle. With this
updated configuration, the radar locks the beam towards the target, effectively focusing

its scanning capability on the detected target, resulting in enhanced SNR.

The raw data received from the front end of the radar is converted into a digital
format using an analog-to-digital converter (ADC). The digital data is then subjected to
a 1-D FFT (range FFT) and processed further to remove any unwanted signals (static
clutter removal). The 1D FFT data is averaged across all chirps for a single virtual Rx
antenna to remove static information from the signal. This average is then subtracted
from each chirp from the Virtual Rx antenna. This process ensures that only the signals
returned from moving objects remain. Next, Capon BF is applied to obtain a range-
azimuth heatmap. The Capon BF algorithm consists of the computation of the spatial
covariance matrix and the generation of the Range-Azimuth Heatmap. Finally, the chirps

in the frame are averaged to estimate the spatial covariance matrix, R, , as in (5.9).

1
Rexn = N—C[chl,XnCZ voreeneee oo XN, ] (5.9)
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(c)
Figure 46: (a) Experiment setup (b) AWR1843 EVM [288] and (c) Hexoskin device [238]

Where N, are the number of chirps in a frame, X, is range-azimuth heatmap

matrix, and N, is the number of virtual receiver antennas. To begin with, the Range-

Azimuth Heatmap is calculated for each azimuth bin. This heatmap is then used as input

for the constant false alarm rate (CFAR) algorithm, which is used to detect target points
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in the Range-Azimuth spectrum. The process is illustrated in Fig. 45. A two-pass CFAR is
applied to detect objects on the range azimuth heat map. The first pass is for per angle
bin along the range domain. The second pass in the angle domain is used to confirm the
first pass's detection. The phase value of the selected range bin is computed from the
complex range profile data, and these phase values are measured over time. Phase
values are between [-1, 1] and need to be unwrapped to obtain the actual displacement
profiles. Phase unwrapping is performed by adding/subtracting 2t from the phase

whenever the phase difference between consecutive values is greater/less than + m.

To estimate the vital signs from the unwrapped phase, the signal RSSD algorithm
is applied. The noise in a realistic environment has a different degree of impact on the
phase signal; therefore, the Q factor is optimized for each dataset. First, collect 1024
samples of phase signals, each of approximately 100 seconds in duration. These signals
are then decomposed using the TQWT into four sub-bands in the HR frequency range,
with the energy in each sub-band calculated. The high resonance quality factor Q; is
then estimated based on the sub-band energy distribution. The estimated @, is used to
decompose the phase signal into high and low resonance components. Next, the phase
signal is sliced into 1-second segments, and each segment is decomposed into high and
low resonance components using RSSD. The process identifies the three sub-bands with
the highest energy in the HR range, and finally, the most dominant and sustained

frequency within these sub-bands across the signal duration is identified.

4. Experiment Design

This section presents the experimental analysis and results of a radar-based vital sign
estimation system using AWR1843 [288]. The collected data is analyzed offline using
MATLAB 2022a. The accuracy and reliability of the system are evaluated by comparing
it with the ground truth data collected using a Hexoskin vest [238]. Hexoskin is an
intelligent garment embedded with respiration and Heart sensors. The respiration
sensor is in the form of two rings in the chest and abdomen. Heart sensors are in the
form of electrodes that act as an electrocardiogram ECG. The experiments are

conducted on six healthy participants in a lab environment with the necessary ethical
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Table 11: Participants Details

Participant # Age Height(cm) Weight(kg)

P1(F) 40 162 67
P2 (M) 30 186 85
P3(F) 29  182.8 80
P4 (F) 28 1524 64
P 5 (M) 29 188 106
P 6 (M) 28 180 78

approval and consent obtained. The demographic details are given in Table 12. The
ethics approval is obtained from AUTEC (Auckland University of Technology, New

Zealand Ethics Committee).

To ensure synchronization between the ground truth and radar data, a time-
stamping approach is performed by matching the time intervals of both data sources.
The phase signal received from the radar is processed in batches of 512 samples, with a
sampling rate of 10 Hz. These batches are processed in consecutive segments, where
each segment involves shifting the window of 512 samples by 20 samples, equivalent to
a one-second interval. This shifting process ensures that the algorithm generates
estimation outputs for each second, aligning with the timing of available hexoskin

ground truth data.

4.1 Experimental Setup

We used a millimeter-wave AWR1843 radar, an integrated single-chip FMCW radar
sensor operating in the 77 to 81 GHz frequency band. Transmit beam steering feature is
available in the AWR1843. The phase shifters allow all transmitters to focus on a desired
direction with a steering resolution of 5.6°. AWR1843 consists of three transmitting and
four receiving one-dimensional linear array antenna layouts. In our experiment, a
combination of T,y — T, with four receivers is configured. A train of chirps is generated
with chirp duration time, T.= 62 ps, the chirp interval idle time = 30 us, the sawtooth

frequency modulation slope S = 60 MHz/us, and the frame rate T,,, = 100 msec.

The radar is placed at 2.1 m from the ground, inclined at an angle of

approximately 20° w.r.t. the ground to depict the realistic scenario. Unlike other
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research work, e.g., [270], [275], [276] where radar was placed at the same torso level.
This inclination angle is calculated depending on the beam width of the main lobe of the
radar antenna and the range of interest from the radar. For the elevation 6 dB-
beamwidth of approximately +20 deg, the radar's inclination angle is calculated as 20

deg considering the target's distance from the radar between 1.2 to 4 m.

The experimental setup is shown in Fig. 46. The setup consists of desktop
computers, chairs, and tables which constitute a good amount of clutter, emulating a
more realistic environment. Each data collection is performed for a total duration of 162
sec, including the time required for beam steering and target localizing. The angles are
marked on the ground with the tape at -40°, -20°, 0°, 20°, and 40°. The data is captured

at various distances from radar at 1.5, 2, 3, and 4 m.

4.2 Observation Scenarios

This study elucidates the specifics of the diverse experimental scenarios employed. Our
experiments are tailored to achieve several objectives, such as studying the
improvement in SNR attributable to beam steering, assessing the accuracy of HR/RR
measurements, examining the impact of body motion and clutter such as reading books,
drinking water, evaluating the effect of the presence of a second person, and analyzing

the effects of body orientation. Each scenario is described in detail:

Case 1- SNR improvement and HR/RR accuracy: During the data collection, the
participants were asked to sit quietly in normal breathing conditions in front of the radar
(radar not at the same level) on a chair at a specified marked distance and angle. Two
datasets are recorded at each combination of angles. The experiment is repeated to

record multiple combinations of angles and distances.

Case 2- Effect of Body Orientation: The experiments are performed to study the effect
of body orientation for the given radar setup. The two datasets are collected from each
participant at 2 m and zero deg from the radar. The signal is captured from the target's

front, back, left, and right sides of the body.
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Table 12: Comparison analysis of HR estimation for Participant 1 dataset with and without Q-factor

optimization

Participant 1 Qi Qlopt
Dataset Mean Error Std Dev Mean Error Std Dev
0 deg 11.25 7.838 1.5 0.866
20 deg 14.625 8.601 2.25 1.56
40 deg 3.875 3.689 1.5 0.866
neg 20 deg 7.75 6.359 3.125 2.803
neg 40 deg 7.25 4.323 2.875 1.536
Body orientation 6.875 6.936 4 1.871
Clutter+BM 10.5 10.712 1 0.707

Case 3- Effect of Clutter and Body Movements: We conducted further experiments to
assess performance in conditions with heavy clutter and moderate body movement. The
setup incorporated clutter like desktop computers, tables, and chairs. A running fan is
placed close to the target to simulate interference from periodic signals. The
experiments are carried out on all participants, with varying scenarios for body
movements introduced by performing different activities in a controlled manner. Each
subject is asked to sit still for the first 30 sec, followed by a specified activity for the next
20 sec, and this cycle is repeated throughout the observation period. The time for body
movements and static positions is closely monitored, and the researcher signals the
subject when to start the movement. The experiments are designed to study the
participant's movement's impact on the radar system's accuracy and reliability. This

whole series of activities constitute a realistic scenario for moderate body movement.

Scenario 1: Only additional clutter is introduced. During the experiment, the subject is
requested to maintain a stable and relaxed posture without making any bodily

movements at a distance of 2 m-0°.

Scenario 2: The subject is positioned at 2 m-20° and asked to do backward and forward

body movements.

Scenario 3: The subject is reading a book at a distance of 2 m-0°.

147



Scenario 4: The subject is asked to grab the bottle from the side table, drink the water,

and put it back. The subject is at 2 m-20°.

Case 4- Effect of Second Person in the Vicinity: We further extended the complexity of
the experiments and the effect on the vital sign analysis due to the second person in the
vicinity of the subject being analyzed. Again, different scenarios are simulated as

follows:

Scenario 1: The Second person walks and crosses from the back after 30sec from the

measurement start time and returns.

Scenario 2: The Second person walks and crosses from the front after 30sec from the

measurement start time and returns.

Scenario 3: Second person is walking and standing at 2 m-20°, 3 m-20°, and 3 m-0°,

respectively.

Scenario 4: Second person is standing at 2 m-20° for the whole measurement duration.

5. RESULTS ANALYSIS

The performance of a vital sign estimation system is typically evaluated based on its
ability to correctly estimate HR/RR within acceptable error with reference to ground
truth values. We use evaluation metrics such as R2 value and accuracy in terms of error
bins (error < = 2 bpm and > 2 bpm) to measure the performance of the proposed
method. These metrics are widely used in radar-based vital sign measurement systems

and comprehensively assess the system's performance [269].

5.1 SNR and Target Angle

We initially analyze the advantage of beam steering by evaluating SNR

improvement and target angle accuracy.
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Figure 47: Comparison analysis of SNR with and without Beam Steering at various radar angles

5.1.1 SNR with and without Beam Steering

Fig. 47. demonstrates the comparison of SNR versus azimuth angle with and without
beam steering. For the single-person measurements, the subject is asked to position at
2 & 3 m for different azimuth angles (0, 20, and 40 deg). Without beam steering, the
SNR is maximum at zero deg and drops to half for each 20 deg increment due to reduced
H plane beam coverage at larger distances and angles. Conversely, employing beam
steering improves SNR, equating it to zero-degree value. The SNR boost of about 4-5 dB
at 40 deg and 2-3 m implies a three-to-fourfold signal strength increase. This confirms
the beam steering technique's effectiveness, yielding enhanced SNR at varying angular

positions.

5.1.2 Target Angle Estimation

The angle estimation is verified with the case 1 dataset. The participants are seated at
different marked locations. The location is marked at -40°, -20°, 0°, 20°, and 40% and
various distances from radar are 1.5, 2, 3, and 4 m for each angle. Each data collection
step includes environmental scanning. Due to the space restriction in the lab, the
environment is scanned in zone | (positive angles) and zone Il (negative angles). The
beam is steered in three steps in each zone from 600, 300, and 00 (and -600 and -300

for zone ll).

The Azimuth static heatmap, a 64x48 matrix of intensities that represent

different ranges and angle bins, is generated from the received radar image, as shown
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Figure 48: Range-Angle Heat Map

in Fig. 48. Since no other significant object is placed between the radar and the human
target, we can conclude that the reflection from the human target produces the highest
intensity on the heat map. Therefore, the target's location (angle and range) is estimated
at the coordinates of the highest intensity on the heat map. The angle and range
estimated in each scan are verified with the Range-Angle heat map at the time of data
collection. The beam is then locked at the estimated location by radar, and data is

collected.

The result of target angle estimation is compared with the true values, and the
results show strong agreement. This results in accurate beam locking at various
unknown locations with a deviation of one angle bin corresponding to 2.5 deg, mainly
at shorter distances. The reason for deviation may be attributed to the fact that the
human target is not a point target. At short distances, the radar with 3db beam width of
28 deg, the target reflection is obtained from the RCS of around 0.5-3 m2 [267] and
hence the angle bin (maximum strength signal bin) may get shifted one to two bins

around the actual angle bin.

5.2 Vital Sign Estimation

To initiate the estimation of vital signs, we initially examined how the RSSD algorithm's
performance is affected by carefully selecting an optimal Q-factor, which is determined
based on the energy distribution within sub-bands. Table 13 presents a comparison of
error estimations, highlighting the differences with and without Q optimization. A mean
error ranging from 3.8 to 14.6 bpm and a high error standard deviation is observed when

the Q-factor is fixed. In contrast, we consistently observe a mean error under 3 bpm
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Figure 49: (a): Scatter plot showing the relation between RR reference values and radar estimation with R-
Squared values 0.77, 0.83, 0.85, 0.813 at 1.5, 2, 3, and 4 m respectively (b) Scatter plot showing the relation
between HR reference values and radar estimation with R-Squared values 0.81, 0.832, 0.743, 0.716 at 1.5, 2,

3, and 4 m respectively.

post-optimization with a significantly reduced standard deviation. The Q-factors

optimization enhances high resonance component extraction, thereby improving HR/RR

estimation.
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5.2.1 Effect of angular position and range

The HR and RR accuracy results for each participant at varying distances are validated
using the dataset from case 1. In the first round of experiments, the distance between
the radar and the participant's chest is approximately 1.5 m. This distance is
progressively increased in the following experimental rounds, with measurements taken
at 2, 3, and 4 m. Fig. 49 gives a comparison of the estimated and actual RR/HR. The
reference values are on the x-axis, and the estimated values are on the y-axis. The solid
blue line represents the 100% match between reference and estimation. The dotted

lines show the 2 bpm deviation band.

RR estimation at all azimuth angles, the difference between the reference and
experimental values is well within 2 bpm and exhibits an average accuracy of 99% up to
a distance of 4 m. For the experiment at 40°, the Hexoskin vest for Participant 5 lost its
proper fit around the abdomen. As a result, the respiratory sensor was misplaced,
leading to a noticeable effect on the RR estimation. Consequently, when measured at
40°, the RR estimation accuracy degrades to 96.27%. Across all azimuth angles up to 4
m, HR estimation accuracy maintains a significant 98.72%. Notably, the peak
performance is observed at 2 m, attaining an accuracy of 99.12%. The impact of the
target's angle on RR and HR estimation is observed. Importantly, it should be highlighted
that the accuracy of HR remains consistent regardless of variations in the target angle,
maintaining a fairly good accuracy of 98.72% even at distances up to 4 m. This confirms

the effectiveness of the beam-steering and estimation method.

5.2.2 Effect of Body Orientation

During the experiment, data were gathered from four distinct human subject
orientations positioned 2 m from the radar, as depicted in Fig. 50. When the radar is
situated at torso level; the radar detects a smaller radar cross-section (RCS) when the
subject's orientation is either left or right profile, compared to the 'back' or 'front'
profile. As a result, the target chest area is not visible to radar when the subject's body
side (left or right) faces the radar, complicating the detection of necessary skin

vibrations for precise RR and HR estimation. However, in our experiments, the radar is
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Figure 50: Experimental Setup showing different Body Orientation (a) Back (b) Front (c) Left (d) Right
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Figure 51: Different Postures (a): Scatter plot showing the relation between RR reference values and radar
estimation with R-Squared values 0.854, 0.924, 0.899, 0.838 at 1.5, 2, 3, and 4 m (b) Scatter plot showing the

relation between HR reference values and radar estimation with R-Squared values 0.517, 0.549, 0.76, 0.416
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placed at a higher level, providing the radar transmission beam with a significant view
of the chest area. This leads to relatively accurate HR/RR estimations under various body

orientation scenarios.

The experimental results are depicted in Fig. 51 (a) and (b), with the dotted lines
illustrating a deviation band of 2 bpm. The average HR accuracy for the front, back, left,
and right orientations are noted as 97.75%, 98.49%, 98.52%, and 97.39%, respectively.
The four orientations (front, right, left, and back) do not seem to affect RR estimation as
well. For an acceptable deviation within 2 bpm from the actual value, RR estimation
accuracy is around 99.24%, 97.14%, 100%, and 98.43% for the front, back, left, and right

orientations, respectively.

5.2.3 Effect Clutter and Body Motion

We conducted experiments on six subjects in an experimental setup, as shown in Fig.
52, to test the performance of our proposed method under heavy clutter and moderate
body movement. The environment included items to create additional clutter, such as a
desktop, monitor, CPU, keyboard, furniture, and running fan placed at various distances
from the subject. The experiments are conducted in four different scenarios, with

varying levels of body movement.

In the initial setup, the subject is stationary, with no body movement, and only
clutter is present. The clutter here refers to a running fan that operates at a frequency
distinct from the respiration and heart rate frequency bands. Introducing any artificial
clutter within these bands could potentially disrupt the measurements. Nevertheless,
the RSSD algorithm is capable of accurately separating the high resonance signal from
the clutter and moderate body movements, like reading, drinking water, changing arm
positions, head movement, allowing the estimation algorithm to accurately derive the
heart rate with errors mostly below 2 bpm, as presented in Table 14. The average RR
accuracy ranges from 98.2% to 100% in all scenarios. As depicted in Fig. 53, our proposed
method demonstrates strong performance and closely follows the actual value for most

of the observation period under all circumstances.
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(a)

(b)

Figure 52: Experimental Setup showing different scenarios of Clutter and Body Motion (a) Drinking water

(b) Reading.
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Figure 53: Beat-to-beat comparison for vital sign estimation under the effect of clutter and body motion (a)

Clutter only b) Clutter+Forward/Backward movement (c) Clutter+Reading book and (d) Clutter+Drinking

water.

Table 13: Average HR accuracy for different scenarios

Scenarios HR Average Accuracy (%)
Clutter Only 99.14
Forward/Backward movement 100.00
Reading 98.51
Drinking Water 99.43
Crossing from Back 100.00
Crossing from Front 99.44
Walking and standing close to target 98.28
Standing at back 96.57
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(a)

Figure 54: Experimental Setup: another person in the vicinity (a) Crossing from the Back, (b) Crossing from Front,

(c) Walking and standing close to the target, and (d) Standing at back.
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Figure 55: Beat-to-beat comparison for the two-person scenario in the vicinity (a) Crossing from the Back, (b)
Crossing from the Front, (c) Standing at the back, and (d), (e), and (f) Walking and standing close to target.
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5.2.4 Effect of Another Person in the Vicinity

This research investigates a crucial scenario that focuses on how the presence of a
second person near the target affects vital sign estimation. This scenario introduces
complexity, making it more reflective of a real-life environment. The experimental
configuration is displayed in Fig. 54, which involves a second individual instructed to
cross the target's path from the front and back before standing next to the target,
aligned with the radar. Table 14 presents the findings demonstrating the negligible
impact of crossing a person from the front and back on vital sign estimation, as the HR

estimation accuracy remains around 99.4% for error within £2 bpm.

However, accuracy degrades when the person stands close to the subject.
Specifically, when the person stands close behind the subject, the HR estimation
accuracy degrades to 96.57% while the RR estimation accuracy maintains around 100%
except for when the person walks and stands near the target, which is 99.24%. The
proposed method demonstrates promising performance and follows the actual value

for most of the observation duration under all scenarios, as shown in Fig. 55.

6. Discussion

This research focused on addressing the challenges associated with the contactless
measurement of vital signs using radar in a realistic environment. Experiments were
conducted under intricate, realistic scenarios with the radar placed at a height of 2.1 m,
contrary to typical research setups where the radar aligns directly with the torso level.
The paper presents a novel approach for extracting vital signs such as heartbeat and
breathing-related phase information from radar signals in complex, realistic scenarios
using the RSSD algorithm. The proposed method effectively addresses the challenges
posed by noise and harmonic interference while preserving the time-frequency
characteristics of the original phase signal. However, the effectiveness of the RSSD
algorithm is significantly affected by the choice of high and low resonance quality
factors. The Q-factor is optimally selected through sub-band energy distribution to

address this challenge. The optimum Q factor selection reduces the mean error ranging
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Figure 56: Comparative analysis of the proposed method with the state-of-art techniques. HR estimation error with target angle at

different distances from radar.

from 3.8 to 14.6 bpm for fixed Q value to the mean error within 3 bpm, paired with a

considerably lower error standard deviation.

Table 15 describes the comparative analysis of the experimental setup and
scenarios for the works related to target localization with beamforming or beam
steering. It is evident from the table that this study incurred the stationary and non-
stationary subjects to cater to the problem of random body movement. Additionally,
different level of complexity is added to the non-stationary scenarios. We conduct a
comparison of the proposed method with state-of-the-art HR estimation techniques, as
presented in Fig. 56. Different signal processing algorithms are applied to our dataset to
facilitate a more comprehensive comparative analysis. Among the other algorithms,
STFT and differential tend to exhibit higher errors, particularly when dealing with more
distant target ranges. In contrast, the VMD algorithm displays varying heart rate
measurement errors at a target range of 1.5 meters, with a mean average error of

roughly 6.25 and a variance of about 14.97. Meanwhile, the EEMD algorithm,
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Table 14: Comparison of related works with this study

Ref# Radar Type Radar Configuration Radar at torso Target Location Scenario Additional Clutter Target Localization Measured
level & Body Motion Technique Parameter
[265] CwW SIMO v 2m, Two people Stationary sitting at a x ADBF RR
(1Tx8R) at +30, 15 deg known location
[267] UWB SIMO Subject in 0.5m Stationary sleep posture x Capon DBF RR
(1Tx4R) lying position
[269] FMCW MIMO 4 0.5m, Two Stationary sitting at a x Beam Steering HR & RR
(4Tx4R) targets at +£35 deg  known location
[270] - Phased array Subject in 1.5m, -13.3- Stationary sleep posture - Beam Steering HR
lying position 14.1deg
[271] FMCW Single Phased-MIMO 4 4m, Two people Stationary sitting at a - TDM-MIMO HR & RR
(3Tx4R) at 15 & 30 deg known location
[275] IF-CW MIMO v 1.8m, Two Stationary sitting & x DBF HR & RR
(6Tx6R) targets at £15 deg  sleeping at a known
location
[156] Ccw MIMO (4Tx4R) v 3m Stationary sitting at a x Hybrid DBF RR
known location
[276] FMCW MIMO v 09m, 1.2 & 1.5m  Stationary sitting at a - DBF HR & RR
(3Tx4R) at £20, 40 deg known location
[289] - MIMO v 1.8m, 2.3m Stationary sitting at a - - HR & RR
(2Tx8R) known location
[This Paper] FMCW MIMO x (at the height  1.5,2,3,4mat0, Stationary/non-stationary at v’ Automatic Beam HR & RR
(2Tx4R) of 2.1m) +20, 40 deg an unknown location. + Steering

Second person in
the vicinity
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demonstrates HR measurement errors spanning from 0 to 20, with a mean average error
of approximately 7.14 and a variance of roughly 26.48. Particularly, performance
degrades at greater target ranges. In contrast, the proposed algorithm consistently
demonstrates the lowest HR measurement errors across the entire dataset,

encompassing different transmitter angles and target ranges.

The study demonstrated that the HR accuracy has improved at different distances
and angles compared to a previous study [289]. In our work mean average error (MAE)
for HR measurement at 1.5 m and 0°, 20°, 409, -20° is 2, 1.5, 2.25, 2.25 bpm, where the
MAE in [289] is 3.71, 2.47, 3.26, 3.20 bpm, respectively. While at -40°, the results are
comparable. An overall improvement of 48% is observed. The results suggest that the
methodology used in this study offer a more precise way to measure vital signs,
suggesting potential improvements in various experimental settings. The proposed
method demonstrated high HR accuracy of up to 98.7% at all distances and angles
combinations. The paper presents a novel approach for extracting vital signs such as
heartbeat and breathing-related phase information from radar signals in complex,

realistic scenarios using the RSSD algorithm.

While previous research mainly focused on stationary human subjects or required
apriori knowledge of target location for multi-person detection, this research
demonstrates the feasibility of accurate vital sign extraction in realistic situations where
body movement and positional changes are inevitable. These findings have significant
implications for developing of radar-based vital sign monitoring systems with potential
applications in clinical and home care settings. The contribution of this work is

summarized as follows:

e Automatic target localization and SNR Improvement: Our method successfully
achieved automatic target localization, angle estimation, and beam steering
toward the localized target for vital sign measurement in realistic scenarios, which
has not been quantified. The study demonstrated the SNR improvement achieved

through beam steering.
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Accurate Vital Sign Estimation: The study demonstrated the effectiveness of the
HR/RR extraction method based on RSSD combined with optimal quality factor
selection using subband energy distribution even under heavy noise conditions.

Comprehensive Experimentation: The efficacy of the proposed method is validated
on HR/RR estimation by conducting various realistic scenarios such as the unknown
location of the target, radar at different elevation levels with the target, adding
heavy clutter and moderate body movement, and another person in the vicinity of

the target person.

Though the proposed method accurately estimates the HR and RR under a realistic,

complex emulated environment, yet a few limitations worth noting.

7.

The frequency of operation in mm-wave radar systems makes them vulnerable to
random body movements, and target distance significantly impacts their ability to
detect vital signs, reducing their accuracy. However, improving the system's
performance is challenging as it already operates at the maximum permitted
radiation power limits. Nonetheless, a potential solution could involve combining
chips and antenna arrays to enhance the MIMO capabilities, improving hardware
performance and being a helpful direction for future research.

This study focuses on analyzing the impact of a second person's presence near the
target on the accuracy of vital sign measurements for a single person. Potential

future work could explore estimating vital signs for multiple individuals.

Conclusion

This research paper presents a method for extracting vital heart and breathing signals

from noisy radar signals, leveraging the resonance property of these vital signs. It

provides an in-depth look into the signal processing flow and parameter configuration

for FMCW radar and demonstrates automatic target localization and beam steering's

effect on SNR enhancement. The RSSD algorithm, integrating optimal Q-factor selection

and subband energy distribution, is used for phase signal extraction and HR signal

decomposition, effectively mitigating random body movement and clutter effects. The

subband energy-based vital sign estimation algorithm suppresses the influence of RR
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harmonics and intermodulation products on HR value. The proposed method
successfully suppresses noise and RR harmonic interference even at increased angles
and distances from the radar. Also, it explores the effect of substantial clutter, moderate
body movement, and the presence of another individual in the target's vicinity on HR/RR
estimation. Overall, this research provides a novel and effective HR/RR monitoring
technique, which could potentially have significant applications in healthcare and other

fields such as sports and wellness.
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Chapter 6

Conclusion and Future Work

This chapter presents a comprehensive overview of the thesis, drawing a conclusion,
discussing limitations and future directions. Section 6.1 offers a detailed summary of the
thesis contributions, highlighting the key findings and outcomes. Subsequently, in
Section 6.2, the limitations of the thesis work are discussed, along with

recommendations for future research in non-contact vital signs monitoring.
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1. Summary

Accurate monitoring of vital signs, including heart and respiration rates, is crucial for
effective health management. In recent years, the utilization of mmWave radar for non-
contact vital sign monitoring has gained prominence due to its exceptional penetration
capabilities and resilience to environmental factors. This has led to extensive research
and exploration in leveraging mmWave radar for reliable and convenient vital sign
measurements. Extracting physiological information from radar signals faces significant
challenges due to environmental noise, interference, and the impact of body
movements. The weak reflected signal from heartbeats compared to respiration, along
with noise from respiration harmonics and intermodulation products, further
complicates accurate estimation. Additionally, environmental clutter and random body
movements contribute to the complexity of developing an efficient system for heart rate

estimation.

This research focuses on developing an efficient, accurate, non-contact vital sign
(NCVS) monitoring method using mm-wave radar technology. The research incorporates
analytical modeling of chest wall motion resulting from cardiovascular activity. This
modeling helps in understanding the trade-offs associated with various radar
parameters, enabling the optimization of the monitoring system for accurate vital sign
measurements. A signal processing method is devised to enhance the accuracy of heart
rate and respiration rate measurements. This method utilizes resonance sparse
spectrum decomposition (RSSD), which allows for the precise analysis of complex, non-
stationary signals. A more accurate representation of the vital sign signals is obtained by
decomposing the signal into time-varying frequency components and identifying
resonant frequencies. An automatic beam steering and beam forming algorithm are
introduced to address the challenge of target localization in realistic scenarios. It enables
the radar system to identify target locations in real time. It enhances the signal-to-noise

ratio (SNR) and improves the accuracy of vital sign estimation.

The proposed method is thoroughly evaluated through experiments conducted

in various realistic settings. These settings include scenarios with artificial clutter and
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body movements like reading a book, drinking water, and forward/backward body
motion. A critical scenario involving the impact of a second person near the target on
vital sign estimation is also examined. The results demonstrate the effectiveness of the
method in mitigating issues caused by unwanted clutter, random body motion, and
harmonic interference. The proposed method significantly improves heart rate

estimation accuracy by reducing noise in the phase signal.

Chapter 2 of the thesis presents a comprehensive overview of various aspects
related to NCVS radar systems. It covers different topologies and architectures of NCVS
radar and provides an operational and principal overview for designing a non-contact
measurement system. The implications of mmWave exposure on human health and the
effect of environmental attenuation are analyzed, highlighting the shift towards
mmWave frequencies in system design due to their larger bandwidth advantages. The
review identifies research challenges associated with hardware and signal processing for
the practical deployment of NCVS systems. It emphasizes the limited measurement
range of 0.5-2 m and the decrease in accuracy beyond this range, suggesting the use of
high-gain antennas to extend the detection range. The trade-off between radar system
power, frequency, sensitivity, resolution, and the null point problem is discussed,
highlighting the need to consider the safety margins of EM wave radiation. To minimize
the effects of long-term exposure, the focus must be on developing systems with
minimum power requirements or integrating them with commonly used devices. The
implementation challenges for multi-resident scenarios are highlighted, emphasizing
the need to address vital sign detection for multiple people in realistic environments.
The review also highlights the need for extensive real-life experiments with different
subject groups to assess the reliability and robustness of NCVS systems, considering

environmental changes.

Chapter 3 contributes to developing a mathematical model for simulating chest
wall motion in the context of cardiorespiratory activity, which maps to RQ1. In literature,
most of the simulations for radar-based NCVS systems to date are based on a simplistic
approach of assuming chest wall motion as sinusoidal. The proposed model incorporates

optimal chemical-mechanical respiratory control-based mechanics to simulate
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respiration-induced chest wall motion and applies the theory of relaxation oscillation
system to model motion caused by cardiac activity. This mathematical chest wall model
offers a valuable tool for designing and optimizing various parameters in radar-based
NCVS systems and can aid in evaluating cardio-respiratory parameters for artificial
systems. The cross-correlation analysis validates the accuracy of the simulated chest
wall motion, with a high degree of similarity between the simulated waveform and
experimental data (cross-correlation coefficient of 0.95-0.97). It successfully simulates
varying chest wall motion in different scenarios, such as free-breathing and post-
exercise breathing. Using this model reduces the need for extensive human testing in
the development of biomedical applications, as it provides insights into chest wall

motion and its relationship to vital signs such as respiration and heartbeat.

We propose a method that combines resonance sparse spectrum decomposition
(RSSD) and harmonic utilized algorithm (HUA) for accurate heart and respiration rate
extraction in Chapter 4 that address the RQ2. The RSSD algorithm decomposes the signal
into its time-varying frequency components using a combination of wavelet
decomposition and sparse approximation. It identifies and isolates the signal’s resonant
frequencies using a resonance-based frequency estimation technique and constructs a
sparse representation of the signal using the identified resonant frequencies. The RSSD
algorithm provides a highly accurate and efficient method for analyzing non-stationary
signals with time-varying spectral characteristics. It effectively mitigates the effects of

clutter and random body movements in the received phase signal.

Further, the second harmonic of respiration is more prominent at higher
respiratory rates, while the third harmonic has a comparable amplitude to the heartbeat
signal in the fundamental frequency range. Extracting the HR beat becomes challenging
due to these respiratory harmonics, necessitating to mitigate the effect of RR harmonics
before HR estimation. Leveraging the fact that RR harmonics and intermodulation
products have a lesser or no impact on HR harmonics due to their weak amplitudes and
the fact that the heart rate does not change abruptly, an algorithm is designed and

proposed for HR estimation. This algorithm effectively estimates HR even in cases where
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the HR fundamental is missing or influenced by neighboring RR harmonics and

intermodulation products.

The efficacy of the proposed method is validated by demonstrating comparable
HR estimation accuracy to RR estimation accuracy, even in the presence of heavy clutter
and moderate body movement. The proposed method is validated against ground truth
HR/RR data collected using a Hexoskin vest. To evaluate the reliability and robustness
of our method, comprehensive experiments were conducted involving four participants
at varying distances and angles with respect to the radar device. The findings indicate
an accuracy range of 98-100% within a distance of 2 m, and the detection accuracy
remains consistent up to 4 m from the radar device. The results demonstrate that the
proposed method significantly improves HR detection accuracy even in the presence of
noise, clutter, and moderate body movement by effectively reducing the impact of noise

and harmonic interference in the phase signal.

Chapter 5 addresses the challenges of monitoring individuals in real-life
situations where their positions are unknown. This contribution maps to RQ3. Adaptive
steering of radar beams towards the target was identified as crucial for achieving a
satisfactory signal-to-noise ratio (SNR) and accurately extracting heart and respiration
rates. Interference from other individuals, self-body motion, and clutter present
additional challenges by obscuring vital signals. To overcome these issues, a signal
processing method combining the RSSD algorithm with optimal quality factor leveraging
sub-band energy distribution is proposed. Sub-band energy distribution optimizes the Q
factor for precise extraction of high resonance components, and subsequently, RSSD

effectively mitigates clutter and random body motion effects from the phase signal.

This study encompasses a range of diverse experimental scenarios to achieve
multiple objectives. The study was conducted at Auckland University of Technology,
Auckland, and ethics approval was obtained from the Auckland University of Technology
Ethics Committee (AUTEC) before commencing the experiments. These experiments aim
to assess the improvement in SNR)resulting from beam steering, evaluate the accuracy
of HR and RR measurements, investigate the impact of body motion and clutter (e.g.,

reading books, drinking water), examine the effects of the presence of a second person,
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and analyze the influence of body orientation. The proposed method is extensively
validated through these experiments conducted in various real-life scenarios. The
findings demonstrate an accuracy rate of up to 97.6% within a 4 m range, even in
challenging conditions. The results of this research hold promise for various fields, such
as adult home care, sleep apnea monitoring, driver health monitoring, and infant

monitoring.

2. Thesis Limitations and Recommendations for

Future Research

This section provides a brief overview of the limitations of the proposed
framework and outlines some potential areas for future research. It is important to note
that these limitations and future directions do not detract from the value of the research
contributions made in this thesis. Instead, they highlight areas that can be further
explored to improve the proposed framework and facilitate the deployment of mm-

wave radar-based non-contact vital sign monitoring systems in practical applications.

The mathematical model presented in this research for evaluating
cardiopulmonary characteristics based on the chest surface motion mimics chest wall
movement patterns across various scenarios, including natural and post-exercise
breathing. A limitation of our simulation is that it relies on a limited experimental
dataset regarding chest wall motion. However, future research could include
comprehensive experiments involving subjects of diverse ages, gender, weight, and
medical history to quantify chest displacements. A potential extension of this simulation
could involve incorporating clutter and environmental noise to simulate realistic

experimental conditions for evaluating radar-based NCVS systems.

The signal processing method proposed in this research to accurately extract HR
and RR values from radar-received signals in a noisy environment validates the method
through various experiments carried out under varying indoor settings for a single
stationary and non-stationary human target. In our experiments, all participants wear

everyday clothing and do not carry personal belongings such as mobile phones,
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handbags, or exercise equipment. These large objects could temporarily inflate the
estimated weights during movement power detection, leading to a noisy phase signal.
The data was collected with limited participants and for a limited time duration in a
controlled environment. More experiments will help to validate the robustness of the
method. This research work with an off-the-shelf radar device with limited hardware
capabilities, specifically Tx-Rx antennas and electronic beam steering. More Tx-Rx

antennas would help in improving the resilience against noise through beamforming.

Further, the performance of the algorithm under hyper or hypoventilation
conditions for a stationary person experiencing such conditions is worth exploring. This
investigation could provide valuable insights for future research as these conditions

alter chest wall motion and, consequently, the phase signal quality.

This study primarily delves into the influence of an additional person’s presence
near the target on the precision of vital sign measurements for a single individual. Future
research could evaluate how the algorithm performs when several individuals are near
the target person. Building upon these findings, future research could also focus on
simultaneously estimating vital signs for multiple persons. To make the system more
scalable, the signal processing algorithm needs to be modified for simultaneous multi-
person monitoring. Also advanced beamforming and tracking algorithms would help in

improving SNR and range resolution.
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