Comprehensive Optimization of Physiological
Doppler Radar Sensing: Models, Demodulation
Techniques, Sedentary State Classification & Joint

Communication and Sensing

A DISSERTATION SUBMITTED TO THE GRADUATE DIVISION OF THE
UNIVERSITY OF HAWAI‘I AT MANOA IN PARTIAL FULFILLMENT
OF THE REQUIREMENTS FOR THE DEGREE OF

DOCTOR OF PHILOSOPHY
n

Electrical and Electronics Engineering

By
Mohammad Shadman Ishrak

August 2025

Dissertation Committee:
Victor M. Lubecke, Chairperson
Olga Bori¢-Lubecke
Yao Zheng
Jeffrey Weldon
Christopher Stickley

Zlatica Marinkovié



ACKNOWLEDGMENTS

First and foremost, I am deeply grateful to my advisor, Professor Victor Lubecke, for his thoughtful
guidance, patience, and encouragement throughout this journey. His insightful feedback and
unwavering support have been instrumental in shaping both this dissertation and my development
as a researcher.

I would also like to thank Professor Olga Boric-Lubecke for sharing her deep expertise in
physiological sensing, for challenging me to refine my ideas, and for her invaluable advice on
experimental design and technical writing. My appreciation extends to Professor Yao Zheng for his
clear explanations, expertise in communication and array antennas, and for providing opportunities
to collaborate on joint communication and sensing projects.

I am indebted to Professor Jeffrey Weldon and Professor Christopher Stickley for their construc-
tive suggestions and thoughtful critiques, which greatly improved the clarity and rigor of my work.
I also wish to acknowledge my collaborators and colleagues, Professor Teresa Wu, Professor Zlatica
Marinkovic, Professor Yanjun Pan, Dr. Khaldoon Ishmael, Dr. Shekh Mahmudul Islam, Alvin
Yang, Denny Landika, Fulin Cai, Milos Suvakovic, and Ksenia Sherstyuk, who offered invaluable
insights, hands-on support, and valuable collaboration, greatly enhancing this work.

To my wife and colleague, Jannatun Noor Sameera, your constant support, encouragement, and
shared passion for discovery have sustained me through every challenge. It has been an honor to
undertake this endeavor together.

I dedicate this dissertation to my parents, M. Mukul Hossain and Salima Khatun, whose
contributions in my education and lessons on the value of hard work laid the foundation for my

achievements.

1



ABSTRACT

Over the past fifty years, the field of radar-based human physiological sensing has advanced
markedly in both hardware architectures and signal-processing methodologies. This dissertation be-
gins with an exhaustive survey of Doppler radar configurations, comparing continuous-wave (CW)
radars against a variety of modulated waveform implementations. Signal-analysis approaches are
systematically classified into “domain-expert” and “data-driven” paradigms, with specific emphasis
on their application across diverse physiological monitoring contexts. Building upon this conceptual
framework, the central contribution of this dissertation is a rigorous evaluation of demodulation
strategies applied to raw CW Doppler returns. Despite the existence of both time-domain and
spectral-domain algorithms, a unified performance assessment under identical experimental con-
ditions has been lacking. Accordingly, four time-domain methods, namely, Arctangent Demodula-
tion (AD), Extended Divide-and-Cross-Multiply (EDACM), Modified Divide-and-Cross-Multiply
(MDACM), and Linear Demodulation (LD), and two spectral-domain techniques, the Polyphase
Basis Discrete Cosine Transform (PB-DCT) and the Quadrature Cosine Transform (QCT), are
implemented and benchmarked. Employing a collection of human and mechanical mover datasets
captured under controlled motion profiles, each algorithm is evaluated in terms of micro-Doppler
sensitivity, phase-wrapping immunity, computational burden, and resilience to variations in signal-
to-noise ratio (SNR). Critical insights into method-specific trade-offs are articulated: AD’s perfor-
mance is contingent on accurate center fitting and DC offset removal; in high-SNR regimes where
AD center fitting degrades, EDACM and MDACM maintains rate accuracy; LD provides reliable es-
timates of torso displacement and velocity when IQ-arc lengths remain minimal; spectral-domain
approaches yield enhanced frequency resolution relative to FFT-based methods. Subsequently,
the dissertation addresses the challenge of discerning sedentary from non-sedentary activities
in extended monitoring scenarios, including inpatient surveillance, autonomous elderly care, and
occupational stress assessment. In these contexts, locomotion and extraneous body motion may ob-
scure physiological signatures and trigger false-positive detections. Initially, hand-crafted based on
time-series features are assessed for non-sedentary detection. Thereafter, spectral-domain feature

extraction replaces traditional time-domain metrics to refine classification boundaries. The efficacy
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of machine learning classifiers trained on DCT spectrograms is then demonstrated, followed by
RNN-based architectures (e.g., long short-term memory and gated recurrent unit networks) applied
directly to raw time-series inputs. Cross-validation analyses quantify precision, recall, and F1-
score, establishing a comparative framework against handcrafted and spectral-domain ML models.
Finally, a novel dual-function modality is presented, wherein a commercial OFDM-based 28 GHz,
52-channel radar communication system is repurposed for simultaneous physiological sensing and
data exchange. By engineering sidelobe beam configurations for target detection while preserving
main-lobe integrity for high-throughput communication, the system achieves vital-sign monitoring
with no more than 35% degradation in link-layer performance. Empirical validation using both me-
chanical and human subject datasets underscores the potential of integrated radar—communication

platforms for future ubiquitous monitoring applications.
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Chapter 1

INTRODUCTION

The ability to monitor human physiological signals continuously and non-invasively has long been
a critical objective in healthcare, sports performance, and occupancy monitoring. Traditional vital
sign sensors such as electrocardiograms (ECG) and photoplethysmography (PPG) o er high delity
but impose constraints on wearer comfort, mobility, and long-term compliance. In contrast, radar-
based sensing leverages radio-frequency (RF) emissions to detect minute chest displacements and
gait dynamics without any physical contact, thereby enabling unobtrusive monitoring in clinical
wards, assisted-living environments, and vehicular settings. Over the past fty years, the eld
of radar-based human physiological sensing has gone through transformative advances, driven by
innovations in both hardware architectures and signal-processing methodologies. Proof-of-concept
demonstrations of non-contact respiration monitoring using continuous-wave (CW) Doppler radars
in the 70's have evolved into sophisticated systems capable of high-resolution vital-sign extraction,
activity classi cation, and joint radar and communication operations using o -the-shelf commu-
nication equipment. Early breakthroughs in monolithic RF transceiver design and the exploitation
of Industrial, Scienti ¢, and Medical (ISM) frequency bands paved the way for compact, low-
power radar sensors suitable for home and clinical environments. More recently, millimeter-wave
(mmWave) radar arrays with beam-forming capabilities have enabled unprecedented spatial reso-
lution and multi-target discrimination, opening new horizons for ubiquitous health monitoring.
Doppler radar provides a reliable method of non-contact non-invasive physiological monitor-
ing via sensing the movement of the torso. Breathing and heartbeats create a rhythmic minute
movement due to the change in volume of the thoracic cavity. These rhythmic movements can be
detected through the phase shifts of the re ected waves of the radar. As opposed to traditional
sensing technology such as spirometers and ECG, Doppler radar provides similar monitoring in
sedentary patients through the clothes. Furthermore, Doppler radars can provide spatial-temporal
features of individual inhalation and exhalation cycles which can detect thorax-abdomen phase-
mismatch for sleep apnea detection. Furthermore, detailed movement features are also applied to



tidal volume measurement and identity authentication. While single-channel CW radars provide
information on the displacement of the torso, the null-point e ect can hamper system sensitivity.
Therefore, quadrature-channel CW radars are used to eliminate position dependence. Besides
CW radar, Frequency-Modulated CW (FMCW) and Ultra-Wideband (UWB) radars are also em-
ployed. FMCW provides both range and Doppler information plus angle-of-arrival estimation with
beam-forming at the cost of greater complexity. Conversely, UWB o0 ers ne-range sensing but

at higher power consumption and reduced multipath robustness. Orthogonal Frequency-Division
Multiplexing (OFDM) is an alternative for simultaneous physiological sensing and communication
leveraging existing Wi-Fi architectures.

On the post-processing side, this thesis introduces both domain-expert systems and data-driven
models for the classi cation of physiological events and states. Domain-expert or hand-crafted
algorithms use threshold-based rules to detect physiological state changes, straightforward classi-
cations like sleep apnea and hypopnea detection from 1/Q traces or sleep-posture identi cation
from ERCS. However, more complex tasks such as identity authentication and sedentary-mode
classi cation require generalized, data-driven approaches. These extract features from raw data
and train machine-learning models to yield accurate outputs. System e cacy depends on data vol-
ume, feature relevance, and computational resources. Leveraging advanced demodulation methods
together with appropriate radar modalities maximizes device performance for targeted applica-
tions. This work reviews hardware techniques and post-processing methods to enhance radar-based
physiological sensing e ectiveness.

Although FMCW and multicarrier OFDM radars ultimately promise advanced use cases and
joint communication and sensing, continuous-wave (CW) Doppler systems remain the canonical
starting point because they o er the most tractable signal model and lowest hardware complex-
ity. Moreover, quadrature demodulation methods and activity-classi cation schemes developed for
CW can be translated to FMCW and OFDM systems for comparison. Focusing on CW Doppler
research, this dissertation next presents a rigorous evaluation of six raw-quadrature demodulation
techniques: time-domain methods (arctangent demodulation, extended DACM, modi ed DACM,
and linear demodulation) and spectral-domain methods (polyphase-basis discrete cosine transform
and quadrature cosine transform). Each is assessed across time-domain delity (Pearson correla-
tion), frequency-domain alignment (magnitude-squared coherence), rate-estimation error (percent-
age deviation of respiratory and cardiac peak frequencies), and computational complexity (big-O
notation). Ground truth was generated via a programmable mechanical mover executing realistic
chest-displacement pro les, 1 cm respiratory amplitude superimposed with 0.06 cm cardiac pulses,
across nine breathing-heartbeat combinations at 1 kHz sampling and 2.4 GHz carrier frequency.
Human trials with six sedentary subjects (15 breaths/min, metronome-paced and free breathing) at
1.5 m and 3.5 m, alongside 60 Hz infrared camera tracking, further validated performance.



In mechanical mover experiments, arctangent and linear demodulation (both O(n)) achieved
waveform correlations >0.95. Extended and modi ed DACM improved cardiac-peak recovery by
up to 30% at the cost of latency and artifacts. Polyphase-basis DCT achieved <2% respiratory
error, while QCT su ered spectral leakage when misaligned. In human trials, linear demodulation
maintained a 1.1% median respiratory error; QCT minimized free-breathing error; arctangent
preserved morphologyA(j 0490-"( 1); and EDACM/MDACM delivered stable beat-to-beat
rates despite noise. This comprehensive comparison lays the groundwork for the dissertation's next
phase: applying optimal demodulation techniques for sedentary-mode classi cation.

When using Doppler radar to monitor physiological motion, e.g., at-home monitoring of elderly
patients, accurate activity-state identi cation is essential. This dissertation presents a uni ed,
four-stage framework for robust, contact-free activity and respiration monitoring using 2.4 GHz
CW Doppler radar. First, a static thresholding algorithm di erentiates recoverable sedentary
respiratory segments from extraneous motions (locomotion and EBM) by tracking DC-o set shifts
and SNR. To re ne classi cation, a spectral-binning method using DCT partitions arctangent-
demodulated signatures into frequency bands, summing magnitudes to discriminate sedentary,
extraneous motion, and locomotion states across ve subjects.

Next, supervised classi ers (Random Forest and various deep neural networks) trained on these
spectral features were evaluated: Random Forest reached 93% activity-state accuracy, while a
DNN showed promise for automated assessment. Finally, recurrent neural networks (LSTM and
GRU) were applied to quadrature CW measurements from 12 subjects, classifying sedentary and
non-sedentary states to facilitate long-term vital-sign monitoring.

For integration with existing communication infrastructures, this dissertation introduces a
millimeter-wave joint communication and sensing (JCS) hardware layer, SideSense. Operating
at 28 GHz with an array-of-phased-arrays (APA) architecture, SideSense allocates two sub-arrays
to a single RF chain: one for line-of-sight communication, the other for dynamic non-line-of-sight
sensing. A three-step tuning protocol optimizes the composite CSlI for sensing SNR (SSNR) while
preserving communication capacity (CCC): an automated beam sweep to select the optimal sensing
sub-beam, gain-ratio adjustment to equalize static and dynamic CSI magnitudes, and ne-grained
phase-o set calibration to eliminate null zones and linearize phase-amplitude mapping.

Prototype validation on phantom and human tests quanti ed the sensing-communication trade-
0: a precision stage reproduced 1 cm respiratory motion at 625 Hz over a 1 MHz OFDM
waveform. Phantom results showed an 84% SSNR gain with SideSense versus single-beam, while
CCC dropped only 35%, remaining above the re-alignment threshold. These ndings demonstrate
SideSense's feasibility for embedding into future 5G NR base stations, enabling seamless, high-
precision vital-sign monitoring. Future work will extend this hardware-software synergy to dynamic
multi-user settings, explore adaptive beam scheduling, and integrate per-subarray programmable



phase shifters for autonomous, long-term physiological sensing.



Chapter 2

DOPPLER RADAR REMOTE SENSING
OF RESPIRATORY FUNCTION

Respiratory function is a critical indicator of health yet it is often underutilized because of short-
comings in conventional monitoring methods. Even basic respiratory rate measurement can provide
insightinto a subject's health and physiological stability and is one of the strongest predictors of mor-
tality in hospitalized patients [1]. Respiratory signatures for sedentary patients have been used to
assess Sleep apnea using the apnea-hypopnea index (AHI) [2]. Results suggest a high prevalence of
undiagnosed sleep disorders for subjects within the age range of 30 to 60. Sleep Disordered Breath-
ing (SDB) has also been associated with hypertension and cancer mortality in community-based
samples [3], [4]. Conventional methods used to assess respiratory function include measurement of
(?$ 2 levels through pulse oximetry, respiratory expansion, and contraction through ECG-measured
thoracic impedance, air ow through spirometry, thorax expansion/contraction through respiration
belts, or respiratory rate through clinical observation and counting. Wpn#e, levels can provide
a strong indication of respiratory distress, such indications do not show up until the problem is
advanced and do not provide further diagnostic indications. Measurements of the diaphragm and
related muscle activity require the attachment of ECG electrodes and are subject to interference
from other electrical activity in the body. Direct measurement of air ow through spirometry or
chest motion through elastic belts also requires that restrictive measurement apparatus be applied to
the subject's body, and measurement of respiratory rate through observation is labor intensive and
generally limited to a rough estimate. Thus, more accurate and less obtrusive means for respiration
monitoring can save lives, improve quality of life, reduce hospital stays, and lower medical costs
[1].

Measurement of cardiopulmonary function through Doppler radar measurement of thoracic
displacement has been known since the 1970s [5]. Infants as well as burn victims can especially
bene t from contactless respiratory measurement systems. The e cacy of radar-based systems
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has been shown compared to other contactless approaches. It has been demonstrated that radar
systems can be designed in compact monolithic packages similar to wireless telecommunications
devices and can function without a ecting the monitored subject [6{[8]. The range of operation for
low-cost, low-power Doppler radar transceivers also makes them suitable for applications beyond
healthcare including occupancy detection, search and rescue, and security applications [9{[12].
O -the-shelf radar kit designs have also been used for radar sleep monitoring and automated sleep
apnea detection [8], [13]. The use of appropriate signal processing can isolate respiratory and
heart signals accurately even when the radar system is meters or even tens of meters away from the
subject [6], [14]. Longer-range search and rescue triage applications of Doppler radar have also
emerged. The respiratory rate has been successfully monitored for a seated subject at up to 69 m,
while heart rate was successfully monitored at up to 21 m, using a compact system generating tens
of milliwatts of power at 2.4 GHz, similar to a cordless phone. At closer ranges associated with
home and hospital patient monitoring, more detailed cardiopulmonary signatures can be analyzed
using similar or lower power levels [15]. Heart rate measurements have been successfully measured
at 1 m using sub-micro-watt power levels.

Figure 2.1: Continuous wave 2.4 GHz Doppler radar measured chest displacement. Unique
signature details for inhalation, exhalation and transition regions are mstied

Both heart and respiratory activity present as displacement changes at the body surface, whether
the subject is standing, seated, or recumbent. Doppler radar measurement of this displacement
provides a real-time signature of respiratory function which can be analyzed not only to assess
the respiratory rate, but also for the assessment of respiratory volume, recognition of diagnostic
patterns, and even for support in the veri cation of the identity of an individual [16]. A signature
of this type is illustrated in Fig.2.1, where details associated with inhalation, exhalation, and
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transitions provide valuable information on pulmonary function and physiological characteristics
of an individual subject.

The periodic motion patterns measured by Doppler radar can be used to di erentiate between
normal and abnormal breathing and identify irregular episodes such as sleep apnea events[17]. A
sleep study was conducted for Doppler radar assessment of Obstructive Sleep Apnea (OSA) and
hypopnea events. The results were compared to the gold standard polysomnography test, with
accurate detection of events identi able by a simple indicator included in the standard sleep study
monitoring data. To verify the accuracy of the Doppler radar system on infants, an infant breathing
simulator has been developed [18].

Alternate non-invasive biosensors, such as lasers, pressure sensors, and magnetic induction
coils have been used with the same goal [19]{[21]. Recording cardiopulmonary signals have been
attempted with accelerometers directly attached to the body [19]. Using lasers requires a direct line
of sight with the target. Body-attached accelerometers may have similar noise and encumbrance
issues as sensors used for ECG. Infrared sensors have also been used for respiratory monitoring
applications but su er from line-of-sight requirements [22]. In comparison, Doppler radar can be
used through clothing and other obstacles [23], [24].

Most non-invasive radar monitoring of respiration is focused on sedentary breathing, as it
provides a consistent mechanism for comparing breathing between individuals and for tracking
breathing for an individual over time. Breathing can change dramatically or even stop during
certain activities. Sedentary breathing does not require knowledge of a subject's activity but does
require a mechanism for determining that sedentary conditions are met, which can be achieved
by analyzing the spatial-temporal variations of the radar signal [25]. In addition to obstructive
sleep apnea assessment, radar respiratory measurements of sleeping subjects have also been used
to detect sleep/wake states in subjects as well as the sleep posture of a subject [26]{[28].

Radar-based torso displacement measurements have been used to accurately assess respiratory
tidal volume which corresponds distinctly with an individual's respiratory mechanics [29]. Accurate
reconstruction of the chest wall motion implementing non-contact sensors presents the possibility
of remote identi cation of individuals based on features of unique air ow pro les. By analyzing
the unique patterns of inhalation and exhalation along with tidal volume, feature sets have been
engineered to uniquely identify subjects [30]{[33]. Furthermore, unique respiratory signatures
have been used to classify measurements of adults or children, and to study other mammals, as well
as sh and reptiles [34]{[36].

Notably, the standard frequencies used for radar sensing are the internationally reserved 2.4
GHz, 5.8 GHz, and 24 GHz Industrial, Scienti ¢, and Medical (ISM) bands. Using 2.4 GHz and
5.8 GHz radars o ers the use of o -the-shelf components as these are frequencies commonly used
for telecommunication applications. Radar transceivers operating at 24 GHz or higher frequencies



o er higher-resolution data but require more complex signal processing [16].

The Respiratory Mechanics section of this paper describes the relationship between respiratory
function and torso displacement which can be measured with a radar system. The Physiological
Radar section describes the principles of operation for Doppler radar motion sensing and the types
of signals produced by such sensors. The Signal Analysis section describes the application of non-
data-driven expert models to provide radar-based assessments of various respiratory characteristics
or conditions for a subject, and also data-driven machine learning approaches to such assessments
which can provide more robust analysis and can be tailored to individuals.

2.1 Respiratory Mechanics

Physiological Doppler radar detects the minute movement of the chest surface due to cardiores-
piratory activities including heartbeat, arterial pulsation, and breathing [29]. This physiological
motion is mostly concentrated about the thorax, where the heart and lungs lie, and the abdomen
[29], [37]{[39]. Respiratory functions for these two regions are known as thoracic and diaphrag-
matic breathing, respectively [19], [39]. Torso deformation is a complex phenomenon based on a
three-dimensional pattern that varies with the subject and activity [37], [38].

Biomedical Doppler radar operates at a distance and in the frequency range where most of the
signal is re ected at the skin surface and thus motion sensing is primarily restricted to this region.
Generally, lung contraction takes place in two ways. One is by downward and upward movement of
the diaphragm to lengthen or shorten the chest cavity, and the other is by elevation and depression
of the ribs to increase and decrease the diameter of the chest cavity. It has been demonstrated in
various clinical investigations that a sedentary adult human subject shows diversity in respiratory
patterns not only in terms of the tidal volume during inspiratory and expiratory duration but also
in terms of air ow pro le [29], [37], [38]. Additionally, di erent people have di erent lung sizes,
shapes, and volumes due to physiological diversity [29], [37], [38].

Chest wall movement during the air ow in the lungs is related to the contraction and relaxation
of the diaphragm, as well as the external intercostal, neck, and chest muscles [7], as illustrated
in Fig.2.2(a). When the diaphragm pushes downward, the volume inside the lung increases and
air ows into the lungs. Air continues to ow until the pressure inside the lungs equals the
pressure outside the lungs, and at that point, the diaphragm relaxes and moves back. Therefore,
the lung and diaphragm movement coordination are the drivers for external chest displacement,
which is also controlled by the mechanics of the sternum and ribcage. Volumetric changes in
the thorax correspond to sternum movement which occurs similarly to the motion of a "pump
handle", as illustrated in Fig.2.2(b). Additionally, rib movement occurs in the lateral dimension
of the thorax when the shafts are elevated, similar to the motion of a \bucket handle", also shown



Figure 2.2: lllustration of respiratory function. Upward motion of the diaphragm during exhalation
reduces lung volume and chest displacement.(&isplacement is also governed by sternum and
rib mechanics (). Volume and corresponding displacement are not completely symmetrical and
vary between subjects and depth of breathing(c)

in Fig.2.2(b). The pro les for thoracic volume change during inhalation and exhalation are not
completely symmetric, nor are they identical for deep and shallow breathing. Fig.2.2(c) illustrates
lung compliance hysteresis for healthy breathing[40].

Thus, the displacement across the body measured by a radar system can be ultimately traced
to the mechanical function of the lungs, and are also subject to the sternum, rib, and muscular
dynamics of the individual. This facilitates not only the assessment of lung function through radar
measurement but also the unique characterization of individual subjects.

2.2 Physiological radar

A Doppler radar motion-sensing transceiver typically transmits a continuous wave signal, receives
the re ection of this signal from a moving surface, and compares the phase of the signals to
demodulate the motion information [41]. While most physiological radar measurements use a
xed-beam antenna to limit the radar eld of view, beam-steering with phased array antennas has
also been demonstrated to track and isolate subjects of interest.

While stationary re ecting surfaces in the radar signal path result in a constant value for the
demodulated phase-di erence signal, surfaces with periodic motion result in a phase demodulation
output signal which varies in proportion to displacement during the displacement cycle. However,
the resolution of the received signal depends on the standing wave pattern established by the nominal
distance to the moving subject. Depending on the frequency of the transmitted wave, at a distance
of even multiple of <4, where_ is the wavelength of the radar signal, destructive interference of
transmitted and received signal occurs and resolution is compromised (null point). On the other
hand, at a distance of every odd multiple ®e#, the optimum signal level is attained [42].



2.2.1 Continuous Wave Doppler Radar

Figure 2.3: Continuous wave 2.4 GHz Doppler radar output signals measured for a sedentary
subject. A quadrature receiver is used to produce two signals (I and Q) which are 90 degrees out
of phase with each other (a). 1 and Q signals can be plotted in a complex constellation to produce
an arc that describes signal strength and displacement through the radius and angular changes,
respectively (b). The output can also be analyzed in the frequency domain over some xed period
of time (c) or as a spectrogram illustrating spectral changes over time as in the decreasing respiratory
rate illustrated for a subject resting after exertion (d).

To manage challenges caused by this null/optimum e ect various methods have been employed.
One approach is the use of a continuous wave (CW) radar system which includes a quadrature
receiver that uses two mixers to produce two output signals with a 90-degree o set, known as the
in-phase signal (1), and the quadrature signal (Q) [43]. Continuous wave systems use simple radio
architecture while maintaining the advantage of fundamentally distinguishing between moving and
non-moving re ecting surfaces. Stationary re ecting surfaces in the radar eld of view are known
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as clutter, and associated re ections contribute to the radar output as a constant dc voltage shift.
The time domain | and Q output signals for a quadrature radar are illustrated in Fig.2.9(a) after
dc o set correction. When these two signals are plotted against each other during the period of
a motion cycle (I-Q constellation), periodic displacement results in an arc with angular variation
corresponding to the surface displacement and radius which varies with the received signal strength,
as shown in Fig. 2.9(b). Note that a radar system operating at a higher frequency will produce a
longer arc for the same displacement. A circle tting algorithm can be used to recognize the center
of the arc and thus eliminate extraneous dc o set while maintaining critical dc information in the
respiratory displacement signature. Note that the arc does not exactly retrace its shape and position
with each breath because of typical respiratory variation and the relationship between inhalation
and exhalation mechanical function. However, updating the arc center and radius over individual
respiration cycles allows useful respiratory characterization. In the time domain, the magnitude of
this demodulated phase di erence represents the time-varying displacement of the overall moving
surface. This output signal is similar to the displacement signal that might be observed using a
respiratory-belt measurement, though it contains additional temporal-spatial information that can
be exploited for further analysis and insight. In the frequency domain, the fundamental frequency
and related harmonics for the cyclical respiratory process can be observed, as shown in Fig.2.9(c),
or in combination with temporal variation as shown in Fig.2.9(d). A Fast Fourier transform (FFT)

is typically applied to convert discrete time-domain signatures to frequency-domain signatures.
Quadrature physiological Doppler radar systems have been successfully demonstrated with the short
respiratory arcs produced at 2.4 and 5.8 GHz, as well as the fully wrapped arcs produced by 24-
GHz systems. Furthermore, this architecture has also been implemented for respiratory monitoring
using software-de ned radio technology, opening the door for incredibly exible physiological
radar systems which can be adapted to an application through software alone [44].

2.2.2 Modulated Radar

Another approach involves the use of frequency-modulated continuous wave (FMCW) radar [45],
[46]. The frequency of the radar is cycled between a range of frequencies at a rate much faster
than that of the cardiopulmonary motion. Although a null point may appear in the received signal
of one of the chosen frequencies, the resolution will not be compromised at other frequencies.
FMCW radar integrates phase information along with range information [47]. Identi cation of
multiple unique respiratory signatures is possible using these properties. FMCW radar requires
complex transceiver systems that are highly stable as frequency changes occur over short periods
of time. Ultra-wideband (UWB) radar is also a viable option to record respiratory movement
[48]. UWB radars use low-power pulses to operate and allow for range tracking. These systems
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generally require high-speed analog-to-digital conversion systems. Alternatively, a multifrequency
radar paired with range-frequency analysis may also be used to extract comprehensive information
[49]. Since the arc displacement is proportional to the frequency of the radar, dual-frequency radar
systems may be used to analyze the general and micro properties of recorded respiratory signals
with complementary information derived from arcs of di erent lengths [50].

For applications where spatial tracking of multiple subjects is required, FMCW and UWB radars
can be advantageously used to ascertain range and direction. However, for sedentary subjects whose
respiratory motion signal is of prime importance, CW radar is simpler to design and implement, and
typically requires less computationally intensive signal processing. Furthermore, various methods
have been used with CW radar, including beam steering, blind source separation, etc., to separately
monitor cardiopulmonary vital signs for multiple subjects in the radar eld of view, and to isolate
and suppress sources of extraneous motion.

Apart from the more commonly used radar modes, channel state information of o -the-shelf
Wi devices has also been demonstrated to record the respiration signals of human subjects [51].
The signal can then be analyzed using fuzzy wavelet transform and Deep Learning(DL) to yield
real-time user veri cation [52].

While beam steering can be e ective for isolating a particular subject's cardiopulmonary motion
signature, the problem becomes more complex for multiple closely-spaced subjects. Advanced
techniques for the separation of signal sources include the blind source separation (BSS) algorithm
which has been used to separate unigue respiratory signatures in multi-subject experiments and
to Iter extraneous limb motion from the respiratory motion of the same subject [53], [54]. Such
methods demonstrate the potential to monitor the vital signs of individual subjects in a crowded
observation space. Another approach to separate multiple subject respiratory signals is Independent
Component Analysis (ICA) combined with Joint Approximation Diagonalization of Eigen-matrices
(JADE) algorithm, which decomposes the signal to the latent unique respiratory signatures of
individual subjects [55]. ICA is a technique for extracting distinct signals from a jumble of
signals, while JADE involves matrix diagonalization, which has been compared favorably to other
algorithms that depend on optimization procedures. The wavelet transform has also been used to
successfully isolate respiratory signals reliably [56].

2.3 Signal Analysis

Radar-measured displacement patterns can be used to characterize various cardiopulmonary func-
tions including respiratory rate, tidal volume, and apnea/hypopnea events, based on the development
of a suitable mathematical model. There have been several successful demonstrations of such mea-
sures based on models developed using domain expertise, which set generalized criteria to correlate
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the measurement signal with expectations for the characteristic of interest. Recently, some of these
have been used as a basis for more advanced machine learning (ML) methods which use data sets
to train the system to recognize and categorize measurements in subsequent data.

2.3.1 Non-Data Driven Domain Expert Systems

Figure 2.4: Tidal volume assessed using radar measured chest displacement. The demodulated
radar time domain output matches the output of the spirometer (a), and performance compared in
a Bland-Altman analysis shows that the two instruments produce outputs of similar quality [57]

Radar measurement of respiratory tidal volume has been demonstrated for a supine subject using
a linear model relating the demodulated radar-measured phase change to thorax displacement,
based on an initial calibration measurement. In Fig.2.4, a comparison of radar and spirometer
displacement plots is shown (a) along with a Bland-Altman analysis accuracy assessment (b) [57].
The ndings indicate that under the appropriate circumstances, radar measurements are equivalent
to those of the spirometer, without the encumbrances associated with the spirometer.

Assessments of tidal volume and other respiratory measures based on body-surface displacement
patterns are subject to change when the subject does not maintain a supine posture. Through further
analysis of the radar signal, it is possible to recognize changes in posture in order to properly re-
calibrate measurements accordingly.

Kiriazi et al. designed an expert model to di erentiate between supine, prone, and side
postures of sleeping subjects [58]. The experiments demonstrate a signi cant variance between
the e ective radar cross section (ERCS) properties of the three sleeping positions, which relates
to the moving area of the surface as shown in Fig.2.5(b). The expert model algorithm used
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Figure 2.5: Doppler radar measurements used to assess posture of recumbent subjects. The
e ective radar cross section (ERCS) changes depending on the size of the body surface moving
with respiration, which changes with recumbent posture (a). Analysis of the I-Q plot reveals the
correspondence between posture and ERCS through the plotted arc radius (b) [58].

thresholds comparing the quadrature radar I-Q constellation arc radius (signal strength) and angle
(displacement) magnitudes to identify speci ¢ sleeping postures. The process required an initial
calibration in the known-supine posture and then yielded reliable tracking as the subject changed
positions over time. Notably, the prone position resulted in the largest ERCS measurement, and the
side posture resulted in the smallest ERCS. The ow charts for expert model decision algorithms
used for determining sleep posture with a dual frequency radar sensor system are illustrated in
Fig.2.6.

In some cases, respiration does not produce a uniform average displacement across the body.
Particularly in the case of obstructive apnea, the thorax and abdomen will move out of phase
with each other in a phenomenon known as paradoxical breathing, as illustrated in Fig. 2.7(a).
Along with other measures, a radar system can recognize this e ect and provide a corresponding
diagnostic analysis. The radar-measured displacement signal is a composite of the motion across the
whole body surface, and constructive and destructive interference appears in the 1-Q constellation
as an arc that traces back and forth through each cycle with a recognizable degree of hysteresis.
An expert system model was devised from radar data for detecting an apnea or hypopnea event
from the analysis of maxima and minima positions, total signal power, and breathing duration.
Measurements at 2 GHz were used to readily isolate obstructive respiratory events, and higher
frequency recordings at 24 GHz further facilitated the di erentiation between apnea and hypopnea
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Figure 2.6: Flow charts for expert model decision algorithms for determining sleep posture from
dual-frequency radar measurements. Subject sleep posture is determined based on arc radius ratio
(Ar) and displacement magnitude ratio (Dr) threshold tests. The single frequency decision is based
on two threshold assessments for both Ar and Dr (a), while the dual frequency decision introduces
a third threshold test for both Ar and Dr (b) [58]

events, as illustrated in Fig.2.7.
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Figure 2.7: Doppler radar measurements used to recognize occurrence of obstructive sleep apnea
(OSA) events. During an apnea (full respiratory obstruction) or hypopnea (partial obstruction)
event, variations in chest and abdomen displacement occur which are evident in the radar time
domain displacement plot (b). The temporal-spatial variations caused by paradoxical breathing
during apnea vents are discernible through an increase in hysteresis for the arcs traced in the I-Q
plot during the respiratory cycley.

2.3.2 Data-Driven Modeling System

While models using domain expertise have provided an e ective starting point for diagnostic pattern
recognition, inherent variations between subjects, and even for a single subject over time, present
challenges. A more personally tailored method of modeling may be more e ective in these cases.
Machine learning has been applied for cases that demand high accuracy where features are not
immediately apparent.

Machine learning(ML) methods have been applied to Doppler radar measurements used for
applications including health monitoring, sleep medicine, and early detection of Alzheimer's dis-
ease. In general, ML implementation can be separated into two categories: feature engineering to
identify the salient biomarkers; and predictive modeling to identify the associations between the
features and the target tasks (e.g., diagnosis). Table 2.1 summarizes various ML approaches which
have been investigated.

Feature Engineering

Feature engineering is used to extract a set of features based on domain knowledge from raw
data. The feature vector of a sample is a characteristic description related to a target task. For
Doppler radar data, human body motion, such as that from breathing and heartbeat, causes shifts
in the frequency, amplitude, and phase of transmitted waves. These shifts are apparent in received
signals, which can be presented in two formats for feature engineering: time series (eg. time

domain displacement) and non-series (eg. 1-Q plot, spectrogram). An example of time series radar
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Table 2.1: Applications of ML on Doppler Radar Data

Data Format Application Data Information Algorithms & Performances Refs.
4 subjects (3M, 1 F)
| Age 48 699,
Sleep Apnea Classir gej LDA { Acc: 73.1%, Sen: 71.2%, [59]
cation Weight 210 20-51bs; gpac. 70.8%
AHI 49 29
Ti i 5 subjects (4 M, 1 F
oS Breath Patterns | ) 2; )| svM { Acc: 90% [60]
Classi cation V9. age 2oy
LDA { Acc: 92.8%
KNN { Acc: 94.4%
10 subjects (7 M, 3 F) DT { Acc: 94.2% [61]
SVM { Acc: 94.7%
Ensemble { 90.0%
. NN {77.1%
13 subjects (10 M, 3 F T {70.2%
Sleep Stage Estima- Age 22{29'y, “ [62]
tion . SVM { 74.2%
I Weight 53{79 kg
Ensemble {81.1%
KNN { 93.75%
Identity 5 subjects SVM { 100% [23]
Authentication RF {91.67%
20 subjects (16{35y,| KNN { 86.9% [63]
42{85 kg) SVM {97.5%
Arrhythmia Detec-| 15 subjects (9 M, 6 F) MLP { Acc: 75% [64]
tion
SVM (2.4 GHz) { 85%
20 subjects (14 M, 6 F
Sleep Posture ) ( )S.VM (5.8 GHz) { 80% [65]
. . 761 12:9kg
Non-series Recognition DT (dual-freq) { 98.4%
format 20 subjects (14 M, 6 F)
Age 22{75Y, Rule-based { 100% [58]
Weight 45.7{104.8 kg
NN { 99.88%
31 subjects (20 M, 11 E { ’
Breath Patterns A 254 {96.58% [66]
Classi cation V9. age co.4y SVM { 99.95%
5 subjects (5 M) MLP { 99%
Age 26{31, ° [67]
. RF { 98%
Weight 52{76 kg

features used for identity authentication is illustrated in 2g.A summary of reported feature
engineering research from these two perspectives is presented here.

Time series format The output from a Doppler radar system can be presented as a time-series
displacement waveform after demodulation. Often, a set of statistical measurements such as rst
and second-order statistics can capture the changes and variabilities in amplitude for recognizing
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Figure 2.8: Examples of time series feature extraction for Doppler radar-based subject identity
authentication. Breathing diversity is apparent for two di erent participants (upper vs lower plots)
as illustrated through their inhale/exhale area ratios (a) and variations in dynamics during the
transition from inhale to exhale (b) [30].

task-related information. These measurements are applied to long- and short-term periods to obtain
time-varying features [23], [59]{[62]. For example, envelopes can be derived from the original
time series using interpolation methods. The characteristics of the envelopes indicate the global
trend of the amplitude of the time series [59]. The peaks in the upper envelope denote the transition
between inspiration and expiration. In Figure 2.8(a) [30], inhale and exhale areas can be derived
from intersection areas for the time series inhale lines and exhale lines. These can be assessed with
or without the inclusion of transition peaks [63]. Similarly, details in the peak transitions, shown

in Fig.2.8(b) can also be considered descriptive features. The statistics of the peaks may present
breathing which contributes to the recognition of a breathing pattern [60], [61] and to the identity
of the subject [23]. In addition to envelope-based studies, bandpass lters have been used to obtain
respiration signals and heartbeat signals [62], [64]. The statistics of these two signals have been
used for sleep stage estimation [62]. The heartbeat signal is transformed into RR intervals to derive
arrhythmia-related features [64]. Features extracted from the frequency domain o er descriptions
of instantaneous energy and frequency of respiration and heartbeat [23], [32], [60], [61].

Non-series format The I-Q constellation has been used as an e ective alternative to display the
demodulated signal [58], [65]. In the I-Q constellation (shown in Fig.2.9(b). for continuous wave
2.4 GHz Doppler radar output signals measured for a sedentary subject), the captured signal traces
an arc on the complex I-Q plot. The radius and the angle scanned by the arc on the plot are
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Figure 2.9: Continuous wave 2.4 GHz Doppler radar output signals measured for a sedentary
subject. A quadrature receiver is used to produce two signals (I and Q) which are 90 degrees out
of phase with each other (a). 1 and Q signals can be plotted in a complex constellation to produce
an arc that describes signal strength and displacement through the radius and angular changes,
respectively (b). The output can also be analyzed in the frequency domain over some xed period
oftime (c) or as a spectrogram illustrating spectral changes over time as in the decreasing respiratory
rate illustrated for a subject resting after exertion (d).

proportional to the square root of the e ective radar cross-section and the displacement magnitude
of the moving target, respectively. The di erence in cardiorespiratory activities of subjects can be
jointly measured by these two factors, as in the example of sleep posture assessment. While prior
work used dual-frequency radar and an expert system to accurately assess a subject's sleep posture
based on comparison with a known position calibration, machine learning has been successfully
applied to make an accurate assessment using a single-frequency radar and without the need
for a calibration measurement [65]. In addition, time-frequency images, such as spectrograms
and scalograms, illustrate the spectral density of all candidate frequencies through time. The
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spectral density can directly assess respiratory patterns with di erent rates in the corresponding
frequency band [66]. Channel state information, originally designed to characterize interference in
communications systems, has been repurposed for sensing of respiratory motion [51], [67].

Predictive Modeling

Extracted features are knowledge sets representing the raw data. Taking the features as the input,
extensive research has been focused on developing ML models to assess the relationship between
input features and outcomes. Several prevalent ML models using Doppler radar data for general
applications such as subject identi cation and breath recognition, and medical applications such as
breath disorder and sleep apnea applications are reviewed as follows.

K Nearest Neighbor K Nearest Neighbor (KNN) is a non-parametric classi cation mddél

It measures the distances between new instances to all observations based on the extracted features.
For example, the distance from a new instaf® an observation could be evaluated by the
Minkowski distance of orde?

C))’ 1
38BG-1= G Ig°?— (2.1)

3=1
where3 is the dimension ofsandl, and ? is an integer. The K nearest neighbors®fthen,
are selected to vote for the category of each new instance. The key parameters in KNN models
include the number of neighbors, K, and the associated distance measurement. KNN has shown
satisfactory classi cation results [32], [58], [61], [62], [66]. Taking [62] as an example, KNN is
applied to exhale and inhale features derived from Doppler radar data (see Fig.2.8) and achieves
95% success rate for subject identi cation tasks with 6 subjects. In another study with 20 subjects
[58], the accuracy of KNN, however, degrades to 86.9%. This indicates the performance of KNN
is sensitive to the data size and quality of the dataset. It is also noted that KNN may su er from
high computational costs and memory when the instance database is large.

Decision Tree Decision Tree (DT) is a tree-structured model that progressively organizes in-
stances into small homogeneous subsets (64). The standard DT recursively partitions instances
by splitting nodes based on the information gain metric. The information gain is the expected
reduction in information entropy evaluated on the classes of instances. For ast classes,

the information entropy,=C* ©, is calculated as:

@:
=Ctoo= 256,070 (2.2)
2=1
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where ?, is the sample ratio of clasd Iterative Dichotomiser 3 (ID3) and Classi cation and
Regression Tree (CART) are two common DT variants for binary classi cation and multi-class
classi cation, respectivelyffl3. DT has been well-adopted in medical applications due to its
simplicity and ease of interpretation. ffl, DT is applied to evaluate features extracted from
the two time-frequency analysis methods (short-time Fourier transform and continuous wavelet
transform). The trained DT provides a tree-based decision ow to predict di erent levels of
breathing rate. In addition, studiesfidemonstrate that the performance of DT is comparable to
other models such as KNN. However, DT is known to face challenges for continuous variables and
the nature of lower model capacity. For examplefSinthe accuracy (90.3%) of DT is marginally
lower compared to ML algorithm performancgs 93.9%) for recognizing 6 breathing-disorder
patterns.

Linear Discriminant Analysis Linear Discriminant Analysis (LDA) is originally a dimensional
reduction technique to linearly project data to lower dimension space where the separability between
classes is maximized [68]. For a binary classi cation task, where two classes have means

and covariancesi, 2, the optimal weight should be obtained by maximizing [69]

1 1 N 202
0A6<0Gt, 0= —————-¢ (2.3)
y ) 1. 2
It has been extended to multi-class classi cation problems. LDA determines to which regions
in the lower dimension space the observation belongs, by incorporating Bayes' theorem. LDA has
been applied for di erent medical applications. For example, Zhao et al. [61] study the breathing
disorder problem and develop LDA as a six-class classi er to distinguish normal breathing, Cheyne-
Stokes breathing, Cheyne-Stokes variant breathing, Dysrhythmic breathing, Biot's breathing and
the Kussmaul's breathing with 93.9% accuracy. However, the performance of LDA cannot be
guaranteed when the mapping relationship between feature and label is nonlinear. For example, in
a sleep apnea screening study [59], 13 features are extracted from the respiratory signal and 2 are
derived from the envelopes based on the hand-crafted peak nding algorithm. The classi cation

accuracy was only 73%, which may not be considered satisfactory.

Support Vector Machine Support Vector Machine (SVM) identi es the hyper-plane that max-
imizes the margins between support vectors and its@If The support vectors are the closest
observations to the hyper-plane in the feature space. This hyper-plane is the statistically optimal
decision boundary to divide data into two categories. The basic SVM is empowered by kernel
methods to execute hyper-plane searching in a higher-dimensional space. Kernel methods can
non-linearly transform the original features into another new feature space where SVM can linearly
separate these new features. The optimal hyperplane of SVM for a binary classi cation task is:
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Figure 2.10: Spectral respiratory feature extraction used with SVM classi cation to identify six
subjects. Based on the FFT for six participants (a), SVM classi cation was used to produce 100%
accurate identi cation of each subject, as shown in the confusion matrsib)

51@ = ° Osty ‘GG, 1- (2.4)
&1

where# is the number of samples anid is the Lagrange multiplier o8 sample. The kernel
function is denoted by K and b could be further determined by using the support vectors. In general,
SVM has shown strong learning ability for various tasks [23], [32], [58], [60]{[63], [66], where
the selection of the kernel is crucial. For example, an FFT-based feature extraction approach with
an SVM classi cation algorithm has been used to uniquely identify six di erent participants based
on their normal captured breathing patterns [32]. Fig.2.10(a) shows a plotted graph of the spectral
contents of the participants' respiratory patterns. The spectral properties were used to train the
classi er and generate a confusion matrix, as shown in Fig.2.10 (b), leading to 100% recognition
of all six participants. However, the complexity of SVM training is highly dependent on the size
of the dataset. Taking the task of sleep-stage estimation as an example, SVM is applied to make
predictions minute by minute for hours of sleep recordings. The number of samples becomes large
and also the SVM's performance degrades to 74.2% in terms of accuracy in [62]. In addition,
compared to the ensemble model, the model capacity of SVM could limit its performance for a
large dataset.

Ensemble Learning Ensemble learning aims at combining prediction results from multiple
base learners to achieve accurate and robust performance. Ensemble learning methods usually
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are divided into bagging and boosting. The bagging method arranges for several base learners
to independently learn knowledge mappings whereas the base learners of the boosting method
sequentially learn based on the learning result of the last learner. One example ensemble method
is Random Forest (RF) which consists of multiple DTs contributing to the nal prediction result
[70]. Compared to a single model, Ensemble learning methods usually reduce bias/variance but
increase computational complexity [5]. For breathing disorder recognition, ensemble learning has
been used to eliminate imperfection for a single classi er i.e., KNN, DT, and LDA, and is the best
performer among candidates in terms of accuracy, 94.7% [61]. The bagged tree boosted tree, and
subspace KNN, which are ensemble models, show superiority for sleep stage classi cation due to
their larger model capacities for knowledge learning [62].

Multilayer Perceptron  Multi-layer perceptron (MLP) executes a linear mapping to project input
information and then makes a non-linear activation for valuable information in each layer [71]. The
parameters for the linear mapping are optimized by the gradient backpropagation from the loss
function, which evaluates the di erence between prediction and ground truth [72]. Iteratively, an

I -layers MLP is comprised df sets of learnable parameters. For each set, the parantetersd

1, are the weight and bias parameters respectively for linearly mapping the input to the output. In
the;th layer, these parameters project and transform the @patfollows:

51@ =f 1F.G, 1.°= (2.5)

wheref is the nonlinear activation function. There are multiple activation functions available for
modeling, such as sigmoid, tanh, relu, leaky relu, and so on. MLP is a connectionism method
and brings exibility and e ectiveness for modeling the mapping between features of CSI and
respiratory patterns [67]. In this study, the accuracy of MLP for six types of respiratory patterns

is 99%, which is higher than 98% by RF. It is the basic version basis of the deepest learning
(DL) methods, such as autoencoder, convolutional neural network, and recurrent neural network.
Di erent from the traditional ML methods, DL methods embed feature engineering in the training
process. The processes of feature engineering and knowledge mapping are conducted in an end-
to-end manner [73]. DL models also show great potential for pattern recognition in Doppler radar
sensing applications [74].

2.4 Conclusions

Doppler radar has been successfully used to accurately assess various human respiratory charac-
teristics. These include general measurements such as respiratory rate and tidal volume, as well
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as interpretive analysis including sleep apnea event detection and unique subject identi cation.

Radar systems can produce multi-dimensional representations of body surface motion which can
be analyzed through intuitive mathematical models associating mechanical motion with respira-
tory function, or through machine learning approaches that use data sets for known conditions of

interest to create models that can be used to accurately recognize those conditions in subsequent
data. Through further research, correlations may be drawn between additional respiratory health
and function and measurable radar signatures to advance this non-invasive approach to broader an-
alytics including assessment of lung ventilation heterogeneity and other diagnostically signi cant
conditions.
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Chapter 3

ASSESSMENT OF DOPPLER RADAR
DEMODULATION TECHNIQUES FOR
ACCURATE CHARACTERIZATION OF
CARDIORESPIRATORY SIGNALS

Continuous wave (CW) Doppler radar can be used in heterodyne or homodyne con gurations to
measure the velocity and periodic motion of objects, such as the cardiorespiratory activity of humans
[1){[3]. Non-contact radar-based sensors do not interfere with normal subject activity and generally
provide more comfortable monitoring than other techniques involving sensors attached to the body.
Such radar technology has been demonstrated to successfully measure respiratory tidal volume
and rate from chest movement [4]. With further analysis of physiological displacement patterns,
it is possible to detect sleep apnea [5], [6], measure Doppler cardiogram (DCG) [7], classify
sleep posture [8], measure heart rate variability [9], and authenticate identity [10]. Moreover,
CW-Doppler radar systems can be simple and robust enough to be suitable for home vital signs
detection [11]{[14].

Doppler radars are subject to a range of limitations which a ect measurement accuracy. Single
channel systems are subject to the null point problem [15]. Moreover, clutter in the environment
contributes to dc o set that can overload the resolution of analog-to-digital converter (ADC)
components [16]. A proper demodulation method is required to extract meaningful time-domain
and spectral information from raw Doppler signals. Arctangent demodulation is a quadrature
channel demodulation method that can accurately represent cardiorespiratory movement and is
robust to the null point problem [16], [17]. However, it requires a quadrature system and accurate
dc o set for proper computation. Arctangent demodulation also has a phase domain limitation
betweert 5° and* $°. This domain range can be overcome by application of a phase-unwrapping
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Figure 3.1: Block diagram of Doppler radar system used to measure physiological displacement.
Rate and displacement signature measurement accuracy was comparatively assessed using Arct-
angent, Divide and Cross Multiply, Modi ed Divide and Cross Multiply, Linear, Polyphase Basis
Discrete Cosine transform, and Quadrature Cosine Transform demodulation techniques.

step. Linear demodulation (LD), on the other hand, ampli es the channel with higher variance
[18]. However, it works only for small Doppler phase shifts as the displacement measurement
accuracy degrades and rate distortion occurs with increasing phase shift (arc length). Divide and
Cross Multiply (DACM) has been proposed as an alternative to arctangent demodulation [19]{[22].
The DACM method ensures the continuity of phase information by extending the domain from
1c0to ! c° This method also reduces noise through a normalization step. However, DACM is
computationally complex, introduces latency to the radar system, and is not suitable for measuring
the displacement waveform.

For spectral information, the Fast Fourier Transform (FFT) can be implemented in tandem with
the methods above to extract cardiorespiratory signal rates. Discrete Cosine Transform (DCT) is
used as an alternative to FFT due to higher resolution and increased computational e ciency from
the use of only real bases. Polyphase Basis DCT (PBDCT) employs multiple phase-shifted bases to
narrow down the fundamental frequency position [23]. The Quadrature Cosine Transform (QCT)
method computes the DCT of the | and Q channels simultaneously to combine them into one DCT
output [24]. These methods mitigate the misalignment issues inherent in DCT. However, compared
to FFT, DCT exhibits spectral leakage due to misalignment.

Based on the above discussion, itis clear that each demodulation method presents a unique set of
advantages and limitations. In [3], several demodulation methods were compared using simulated
sinusoidal signals. This study evaluates the performance of these methods on experimental data,
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a robotic mover replicating cardiorespiratory movements, and stationary human subjects. The
ndings highlight variations in computational e ciency, noise robustness, and cardiorespiratory
rate demodulation accuracy across the methods. Section Il describes the basics of Doppler radar,
radar preprocessing, idealized versus realistic breathing signal synthesis, and implementation using
a robotic mover as a respiration phantom. Section Ill describes the experimental setup used for
data acquisition. Section IV elaborates on the demodulation methods utilized in this work. Section
V reports on the results about the recorded data.

3.1 Methodology

Figure 3.2: Block diagram of Doppler radar system used to measure physiological displacement.
Rate and displacement signature measurement accuracy was comparatively assessed using Arct-
angent, Divide and Cross Multiply, Modi ed Divide and Cross Multiply, Linear, Polyphase Basis
Discrete Cosine transform, and Quadrature Cosine Transform demodulation techniques.

Fig. 3.1 shows a block diagram of the quadrature homodyne Doppler radar system used to
conduct this work. The RF signal generated by a VCO is split into a transmitter line leading to
the antenna and a reference line for the mixers. The signal is transmitted through the transceiver
antenna and the received signal is isolated using a circulator. The received signal is then split into
two channels and mixed with the in-phase and 90-degree out-of-phase signal. The resultant IF
signals are the In-phase (I) and Quadrature (Q) signals of the radar. An RF frequency of 2.4 GHz
was chosen for this work. Signals at 2.4 GHz provided a useful arclength, have low attenuation in
typical usage spaces, and the propagation pattern generally has low directivity allowing broad area
coverage.

The signal transmitted by a CW Doppler Radar can be expressed by,
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(dC= os2c5C— (3.1)

where cis the signal amplitude is the carrier frequency, ar@s the time.
The received signal can be expressed by,

(AlC = ac0s2c %C, \ 31C°- (3.2)

where ais the amplitude of the received signal ands the Doppler phase shift on the signal due
to motion.
The phase shift is proportional to the amplitude of motion and can be expressed by,

4c13p, GC°

\5lC = (3.3)

where_is the wavelength of the radd is the nominal distance between the target and radar, and
GCis the change of position with time.

When the received signal is down-converted by 1Q mixers, the resultant output signals can be
expressed as,

1= cos\3, q°, (3.4)

&1C = & cost\ 3, C{&O S &— (3.5)

where and g are the attenuation coe cients of the In-phase (1) channel and the Quadrature (Q)
channel, respectively. In the ideal case, where there is no mismatch between the mixer attenuation,
= g. Similarly,q andqe are the phase imbalance values due to mixer imbalance.and
& are the dc o set in the signal caused by clutter and the nominal distance of the target from
the radar.

3.1.1 Imbalance Correction

The imbalance of amplitude and phase occurs from the mismatch between the two mixer parameters.
The Gram-Schmidt method is implemented to correct the elliptical arc to orthogonal form [25],
[26]. Mover data of 4-cm amplitude and 0.2 Hz are used to calibrate the system.

After imbalance correction, the Equations 3.4 and 3.5 can be expressed as,

IC= gcos\3° s (3.6)

&IC = gpsint\3° &— (3.7)
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where g is the attenuation coe cient common to both I-channel and Q-channel.

3.1.2 DC o set correction

The dc o set can be compensated by means of a proper circle tting method, leaving the signals as

IC= gcos\3° (3.8)

&1C = gsint\ 3% (3.9)

3.1.3 Null and Optimum point

For a single-channel Doppler radar, the received signal at every even multipke2 addngular
distance su ers from a lower SNR [15].

Equation 3.9 considered at a null point with a small angle approximation using Taylor Series
can be expressed as,

&1C o\3* (3.10)

Similarly, Equation 3.8 will be at an optimum point and can be expressed using similar approx-
imation as,

2
10 ol \%% (3.11)

For a quadrature channel radar, the optimum point, where the SNR is highest, on each channel
corresponds to the null point on the other channel. Therefore, the di culty of calibrating distance
to avoid a null point is bypassed.

3.1.4 Cardiorespiratory Signal

The human cardiac and respiratory signals can be modeled as two sinusoidal waves superposed on
each other. Such a model will have the form,

GC= ac082c5C, cos2c5C- (3.12)

where aand are the respiratory and cardiac amplitudes on the chest wall, respectively. Values
Snand5 are the respiratory and cardiac rates respectively.

Realistically, the chest wall motion during cardiorespiratory activity does not follow a true
sinusoidal waveform. The inspiration and expiration phases of breathing are not a continuous
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Figure 3.3: Visualization of (a) Synthesized respiration waveform (b) synthesized Cardiac wave-
form; (c) movement waveform replicated by a mechanical mover; (d) associated I-channel data;
and (e) associated Q-channel data measured using a CW radar.
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process and have pauses in between. The sinusoidal half cycle with a rounded cusp can be
considered a better model of respiration as it takes into account the pauses between each breathing
cycle [27]. The breathing waveform can be expressed as,

% 1@ = asin’c5C— (3.13)

where? controls the rounding of the cusp.
Heart motion can be modeled with an analog pulse of an exponential with a critically damped
second-order Butterworth Iter. The heart motion equation is given by,

c P35

| 09
% 1@= 14§ » -
| o9

. I
1° smp%c cosp%q/zdf!r (3.14)

where,g = 1+12c 5°, 5 is the heart frequency ang is the damping factor for each heartbeat
signal.

3.1.5 Pearson Correlation Coe cient

In order to calculate the delity of the demodulated signals with respect to the original motion
signals, the Pearson Correlation Coe cient was implemented. The Pearson Correlation coe cient
can expressed as,

>SE1-— ©
A= f—f— (3.15)

where X and Y are the demodulated signal and reference displacement signi the covariance
function andB86<0s the standard deviation. The range of Pearson correlation coe cientis between
1 and -1 and the coe cient can be interpreted as:

~ A= 1: Perfect positive linear correlation

" A= 1: Perfect negative linear correlation
" A= 0: No linear correlation between and. .
" 0Y A Y1: Positive correlation.

A

1Y A YO: Negative correlation.
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3.1.6 Magnitude Squared Coherence (MSC)

To further assess the similarity between the demodulated signal and the reference displacement
signal in the frequency domain, the Magnitude Squared Coherence is computed. The MSC is
de ned as

o (AP’
MSCt 5 HETITE (3.16)

where (gA 5° is the cross-spectral density between the demodulated signal and the reference
displacement signal, ands¢ 5° and ( 4 5° are the power spectral densities of the demodulated
and reference signals, respectively. The MSC quanti es the degree of linear correlation between
the two signals at each frequené&y with values ranging from 0 (indicating no correlation) to 1
(indicating perfect correlation).

This frequency-speci ¢ measure provides insight into how well the spectral content of the
demodulated signal aligns with that of the reference displacement signal, thereby complementing
the time-domain analysis provided by the Pearson Correlation Coe cient.

Figure 3.4: Flowchart illustrating the radar-based cardiorespiratory frequency estimation and error
calculation process.

3.2 Experimental Setup

A homodyne CW Doppler radar setup architecture operating at 2.4 GHz was used to take the data
for verifying the e cacy of the various demodulation methods. The 2.4-GHz carrier frequency
was selected because it 0 ers an optimal balance between sensitivity, spatial coverage, and res-
olution while maintaining manageable levels of interference and attenuation. The results from
the demodulation could be generalized to any CW Doppler radar output. A signal generator (HP
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E4433B) was connected to a 0-degree power splitter (ZFSC-2-2500-S+) and was used to drive the
transceiver antenna (Alfa APA-M25) through a circulator. The power-split signal was then driven
through a 90-degree power splitter (ZX10Q-2-25-S+) and both the in-phase and quadrature signals
were mixed to create the I-band and the Q-band outputs. Fig. 3.1 shows the block diagram of
the experimental setup. Fig. 3.4 shows the general work ow from data collection to performance
estimation of demodulation methods.

3.2.1 Data Acquisition with Robotic Mover

Figure 3.5: Experimental Setup of the Mechanical Mover simulating programmed ideal cardiores-
piratory motion.

A mechanical mover (DMC 30010) was used to replicate breathing motion. The mover was
operated in contour mode and cardiorespiratory motion was generated using equations 3.13 and
3.14 with a sampling frequency of 250 Hz. The respiratory amplitude was set to 1 cm and the
heartbeat amplitude was set to 0.06 cm. The data was acquired with an 18-bit DAQ at a sampling
rate of 1 kHz. Table 3.1 shows the respiratory and cardiac frequencies implemented using the
robotic mover. Nine data instances were acquired for every combination of the respiratory and
cardiac frequencies indicated in Table 3.1. Fig. 3.3 shows an example of the respiratory signal, the
cardiac signal, the combined waveform executed by the mover, and the associated radar | and Q
channels. Fig. 3.5 shows the experimental setup for cardiorespiratory motion data recorded using
a mechanical mover.

Table 3.1: Characteristics of Cardiorespiratory Mover data

Biosignal | Frequency (Hz) | Amplitude (cm) | Waveform
Respiratory 0.3,0.4,0.5 1 Egn 3.13
Cardiac 14,15,1.6 0.06 Egn 3.14
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Figure 3.6: Experimental Setup of synchronized radar and IR camera system recording using am
IR-re ective marker on the sternum.

3.2.2 Human testing

Human sedentary breathing was captured for six subjects seated at a distance of 1.5m and 3.5m
from the radar antenna. The subjects breathed at a constant rate of 15 breaths per minute with the
help of a metronome for reference. Each data instance was 1 min long.

Data was also taken using an Infrared (IR) camera system synchronized with the radar system
[28] to provide a displacement waveform reference for human testing. An IR-re ective marker was
placed on the subject's sternum allowing the IR camera system to accurately capture the cartesian
coordinate changes of the IR marker at 60 Hz to provide a reliable reference measurement of chest
displacement while allowing the subject to freely exhibit normal breathing. The displacement of
the IR marker on the Y-axis towards the camera was considered for waveform comparison with
radar data. Fig. 3.6 shows the arrangement for reference IR data taken in-sync with the radar.

3.3 Demodulation Techniques

The demodulation methods can be divided into two categories, namely, the phase-recovery meth-
ods and rate-recovery methods. Phase recovery methods can recover the rate after the signal is
demodulated. The phase-recovery methods examined are - Arctangent Demodulation (AD), Ex-
tended Divide and Cross Multiply (EDACM), Modi ed Divide and Cross Multiply (MDACM), and
Linear Demodulation(LD). The rate recovery methods are - Complex Signal Demodulation(CSD),
Polyphase Basis Discrete Cosine Transform (PBDCT) and Quadrature Cosine Transform (QCT). Of
these, LD and PBDCT are single channel methods while the rest are quadrature channel methods.

3.3.1 Arctangent Demodulation

Arctangent Demodulation is a quadrature channel demodulation technique [16]. The e ectiveness
of the method relies on proper imbalance correction and dc o set calibration. The Doppler phase
shift\ 3 can be derived using the following equation.
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&1C
\3 = 0A2CO=; o (3.17)

Note that arctangent demodulation has a codomain range«d to ce2; therefore, there are
discontinuities present in the resultant waveform. This limitation requires the use of an unwrapping
method after the demodulation step. The frequency and probability of discontinuities occurring
are proportional to the carrier frequency used.

Figure 3.7: Spectral Analysis of Arctangent Demodulation of test signg at0.4 Hz and5 =

1.4 Hz for (a) the respiratory frequency range and (b) the cardiac frequency range. The orange
trace shows the spectral analysis of the generated ideal signal and the blue line shows the spectral
analysis of the radar measurement of cardiorespiratory motion performed by the mechanical mover.

Fig. 3.7 shows the Fast Fourier Transform (FFT) plots in the respiration rate range (0.2 - 0.6
Hz) and the cardiac rate range (1 - 1.7 Hz). The generated ideal signal's data, shown in orange, can
correctly isolate both the respiration fundamental frequency and the cardiac fundamental frequency.
However, for the radar measurement of the mechanical mover, the respiration rate was o by 0.02
Hz due to imperfect circle tting and imbalance correction. Moreover, due to the non-linear nature
of the synthesized cardiorespiratory movement performed by the mover, respiratory harmonics are
produced. The magnitude of respiratory harmonics in the spectral plots appear higher than the
magnitude of the cardiac fundamental frequency.
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3.3.2 Extended Divide and Cross Multiply

The DACM is derived by taking the derivative of AD. The codomain range of DACM is— ¢/a
and unwrapping is not required for this process [19]. The recovery of phase information by DACM
is expressed by,

3 1@
10 — — 1
| 1@ 36>OA2C(£1@ " (3.18)

However, DACM demodulation is susceptible to noise. The Extended DACM (EDACM)
demodulation is designed to address this problem. By adding an integration step after the DACM
process, the e ect of stochastic noise is neutralized [29].

C 1@ Sicl&l(go &1 31 1000

\3= 3¢ . 3.19
3= e 82C (3.19)

In digital domain, the Equation 3.19 can be written as,

~

Lo O OBAOBA &8 W &o8ALSA B 1 20
T a2 2>8‘/4 ,&2)8/4 '

where the chosen value of N is less than 1/4th of the time period of the cardiorespiratory signal. Both
the DACM and EDACM method requires proper dc o set calibration and imbalance correction.

Fig. 3.8 shows spectral plots derived using Fast Fourier Transform(FFT) within the respiratory
frequency range and the cardiac range. The orange line corresponding to the spectral plot trace
for ideal data without noise shows fundamental frequencies at 0.4 Hz and 1.4 Hz, which are the
programmed vital signs rates.

3.3.3 Modi ed Divide and Cross Multiply

The MDACM method is derived from the Equation 3.20 to perform rst-order di erentiation and
cross multiplication calibrated to théC and&*C signals [21]. It takes the form,

G

\31=0 = WBa& 8/ &8 1Ya° &>8418/4 B 1P (3.21)
g2
Equation 3.21 is computationally more e cient as the square terms in the denominator can be

avoided. The exclusion of the denominator terf) &2 minimizes attenuation in scenarios with
low signal-to-noise ratios. In contrast, although the EDACM method experiences some attenuation,
its output maintains amplitude invariance and remains robust against phase drift. The dc o set
calibration required for the algorithm can be achieved by the Levenberg-Marquardt circle tting
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Figure 3.8: Spectral Analysis of EDACM of test signal @t= 0.4 Hz and5 = 1.4 Hz for (a)

the respiratory frequency range and (b) the cardiac frequency range. The orange trace shows the
spectral analysis of the generated ideal signal and the blue line shows the spectral analysis of the
radar measurement of cardiorespiratory motion performed by the mechanical mover.

method.

Fig. 3.9 shows the spectral results of the MDACM method which provides results comparable
to the EDACM algorithm. Both forms of the DACM algorithm are susceptible to high frequency
noise, and the deviation from the true frequency value can be attributed to this reason.

3.3.4 Linear Demodulation

Linear Demodulation projects the 1Q signal along the Q-axis such that the signal has the highest
variance along the Q-axis [18]. Mathematically, it can be represented by,

G 3 Al (3.22)

whereAs=Vis the input signal matrix3 is the transpose matrix of the eigenvector of the covariance
matrix.

Fig.3.10 shows the spectral plots for Linear Demodulation (LD). Due to the LD being a projec-
tion algorithm on one axis, the displacement information is distorted. Additionally, the respiratory
harmonic peaks in radar recorded data surpasses the magnitude of the cardiac fundamental fre-
guency in spectral plots. This is due to the nonlinearities in the synthesized cardiorespiratory
movement of the mechanical mover.
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Figure 3.9: Spectral Analysis of MDACM of test signal &t= 0.4 Hz and5 = 1.4 Hz for (a)

the respiratory frequency range and (b) the cardiac frequency range. The orange trace shows the
spectral analysis of the generated ideal signal and the blue line shows the spectral analysis of the
radar measurement of cardiorespiratory motion performed by the mechanical mover.

Figure 3.10: Spectral Analysis of LD of test signal @t= 0.4 Hz and5 = 1.4 Hz for (a) the
respiratory frequency range and (b) the cardiac frequency range. The orange trace shows the
spectral analysis of the generated ideal signal and the blue line shows the spectral analysis of the
radar measurement of cardiorespiratory motion performed by the mechanical mover.
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3.3.5 Discrete Cosine Transform

DCT is an alternative spectral analysis method to the Discrete Fourier Transform (DFT). The
DCT method uses cosine functions as the real basis. The DCT method has double the frequency
resolution of DFT. The DCT function used for this analysis is given by,

12 c 1
- »YE »>=g0s — =, = 1, (q - (3.23)

o # 2
where, N is the sample size of the signal and the phase of the basis. Equation 3.23 utilizes the
basis of DCT-II. The limitation of DCT is that the processing time scales exponentially with the
sample size, making it more suitable for shorter time segments. Secondly, the DCT algorithm has
a phase mismatch issue when the input segment does not have the same phase as the basis. As a
solution, Polyphase Basis DCT (PB-DCT) or Quadrature Cosine Transform (QCT) may be used.
Thirdly, DCT is a single-channel method and needs additional processing in the case of quadrature
channels.

3.3.6 Polyphase Basis Discrete Cosine Transform

For PB-DCT, the DCT algorithm is implemented on eight di erent phase-shifted cosine basis [23].
For quadrature channels, the channel with the highest variance is chosen for analysis. The range of
polyphase basis is expressed by,

n 0
?>H? 0B& G %jGZfO—l—mBg . (3.24)

The PB-DCT is the resultant of the addition of all the polyphase basis DCT, given by

~

@)
- > Ygp= DCT? — Pe (3.25)
?2polyphase

Fig. 3.11 shows the spectral information derived from the ideal signal using the PB-DCT
algorithm. Although the algorithm has the advantage of identifying respiratory rate information
over a small window, the process is unable to determine the cardiac rate information. The false
peaks occur in the cardiac frequency range due to the harmonics caused by non-linear respiratory
signals.
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Figure 3.11: Spectral Analysis of PB-DCT at test signabat 0.4 Hz and5 = 1.4 Hz for (a)

the respiratory frequency range and (b) the cardiac frequency range. The orange trace shows the
spectral analysis of the generated ideal signal and the blue line shows the spectral analysis of the
radar measurement of cardiorespiratory motion performed by the mechanical mover.

3.3.7 Quadrature Cosine Transform

The QCT method utilizes both channels of a quadrature radar system [24]. The operation of a QCT
algorithm is given by,

p
&) »Yr VA, & Vo (3.26)

where scand &scare cosine transforms of the | and the Q channels, respectively. QCT has
the problem of phase mismatch as multiple phases are not considered as in the case of PB-DCT.
However, it is a computationally faster method and e ciently uses both channels. The QCT spectral
results are shown in Fig. 3.12.

3.4 Results

The demodulation methods were tested both on synthesized cardiorespiratory motion of a robotic
mover and on sedentary human subjects.

3.4.1 Frequency Estimation Error Analysis

The error for each data instance was calculated using the following method: 1% be the
magnitude spectrum of the signal. The the peak respiratory and cardiac frequencies are de ned in
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Figure 3.12: Spectral Analysis of QCT of test signalft= 0.4 Hz and5 = 1.4 Hz for (a)

the respiratory frequency range and (b) the cardiac frequency range. The orange trace shows the
spectral analysis of the generated ideal signal and the blue line shows the spectral analysis of the

radar measurement of cardiorespiratory motion performed by the mechanical mover.

the respective bands as follows:

Qesp= argmax " 1% (3.27)
5250 |- 08 | ¥a

Qardiac= argmax " 185 (3.28)
524 1- 21 Y

Given target frequencieSesp targe@Nd 2ardiac targefOr respiration and cardiac signals, respec-
tively, the percentage errors are computed by:

3
Jesp Jesplarget o (3.29)

Respiratory Errot%° =
5esp,target

Cardiac Erropope = ardiac 2ardiaciarget ) (3.30)
Qardiac,target

These equations quantify the relative deviation of the identi ed peak true frequencies from their

known true values as a percentage error.
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3.4.2 Computational Complexity

The demodulation algorithms were tested for their computational time complexity using the O(n)
notation. Table 3.2 shows the time complexity of each demodulation method along with their
respective classi cation complexities.

Table 3.2: Computational Complexity of Demodulation Methods

Demodulation | Computational

Method Complexity | Type
AD $1=° Linear
EDACM $1= FO Bilinear
MDACM $1= FO Bilinear
LD $1=° Linear
PBDCT $1=%0 Quadratic
QCT $ 1=20 Quadratic

In the Table 3.2 denotes the data points of the signal to be proce$sel@notes the window
size. From the table, it is observed that Arctangent demodulation and Linear Demodulation
require the least processing time and should be utilized for continuous waveform monitoring
applications, such as identity authentication. EDACM and MDACM can be e ciently processed
with a manageable window sizE,

Figure 3.13: Bar Graph of respiration rate error and cardiac rate error by demodulation method for
realistic cardiorespiratory motion by a mechanical mover.

3.4.3 Cardiorespiratory Mover Data

Figure 3.13 is a bar graph of the average errors of 9 datasets for each demodulation method.
Each demodulation method was applied on data collected by a mechanical mover with varying
respiratory and cardiac motion. The graph shows an overall superior performance of respiratory
rate determination compared to cardiac rate information. According to the graph, the most reliable
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method for respiratory rate information is PBDCT. On the other hand, MDACM is the most reliable
for cardiac rate information.

Figure 3.14: Comparison of original mover waveforms to minimally processed Demodulated
waveforms. The subplots show (a) Original Mover displacement, (b) Arctangent Demodulated
displacement, (c) DACM Demodulated waveform, (d) MDACM Demodulated waveform, and (e)

Linear Demodulated waveform, respectively.

Table 3.3 shows the Pearson correlation of the Cardiorespiratory signals executed by a mover and
the recorded radar signals after demodulation. This work shows that only AD and LD can preserve
the shape of the signal. DACM methods are susceptible to noise which signi cantly distorts the
original waveform. It should be taken into consideration that the arc lengths in the I-Q domain
are longer for higher frequency signals. Therefore, for higher frequency signals, the wrapping of
phase creates high frequency artifacts in Linear Demodulation. This issue is avoided in Arctangent
Demodulation by unwrapping the demodulated phase. In this case, Linear Demodulation does not
deteriorate because the projected arc is short at 2.4 GHz.

Fig. ?? shows the comparative time-domain graph of original mover displacement and de-
modulated signals. The distortion is higher in DACM and MDACM due to the addition of high
frequency noise in the demodulation step. The AD can track the displacement information of the
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Table 3.3: Pearson Correlation Coe cient Results for Mover Cardiorespiratory Data

Resp. Freq (Hz) | Card. Freq (Hz) | Arctangent | DACM | MDACM LD
0.3 1.4 0.661 -0.00032| 0.019 | 0.654
0.3 15 0.686 0.00181| 0.081 | 0.690
0.3 1.6 0.677 0.00128| 0.081 | 0.675
0.4 1.4 0.506 -0.0017 | 0.090 | 0.506
0.4 1.5 0.499 -0.0014 | 0.048 | 0.505
0.4 1.6 0.533 0.00150| 0.072 | 0.534
0.5 1.4 0.313 0.00328| 0.083 | 0.306
0.5 15 0.308 0.00116| 0.097 | 0.319
0.5 1.6 0.318 0.00248| 0.099 | 0.338

original signal fairly well, making it a robust choice for calculating displacement information.

3.4.4 Human Data

Table 3.4: Average Error in Human Respiration Rate Accuracy per Demodulation Method

Model Mean Error (%) | Median Error (%)
Arctangent 11.13 1.49
dacm 26.72 2.18
Id 1.59 1.49
mdacm 28.63 2.26
pbdct 9.12 3.63
gct 1.35 1.49

Table 3.4 shows the mean and median error of respiratory frequency demodulation for human
subjects. Due to uneven scattering of the human torso and micromovements, some outlier results had
higher error, thereby skewing the mean result. The median resultis more robust against outliers and
was included in the table. LD showed least mean and median error, exhibiting robustness towards
outlier cases. The mean error for QCT and the median error for AD were the lowest.

Fig 3.15 shows the time domain comparison between the displacement of the IR-marker in
Y-axis with the displacement and phase information of the demodulated waveforms.

Table 3.5 shows the Pearson correlation(PC) and Magnitude Squared Coherence(MSC) for the
IR camera captured sternum displacement and the radar captured demodulated data. An external
sync signal was implemented to synchronise the radar data and the IR marker data. The radar was
downsampled from 1000 Hz to 60 Hz to implement the Pearson Correlation. Results show a high
Pearson correlation for AD and LD due to minimal distortion in the waveform. The distortion in
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Figure 3.15: Comparison of measured IR-marker and demodulated radar waveforms for human
respiration data. The subplots show (a) IR-marker displacement, (b) Arctangent Demodulated
displacement, (c) DACM Demodulated waveform, (d) MDACM Demodulated waveform, and (e)
Linear Demodulated waveform, respectively.

Table 3.5: Pearson Correlation (PC) and MSC values for measured human respiration and IR
Camera Reference

Demodulation Technique| PC | MSC
Arctangent 0¢72 | 081
DACM 0045 | 0-85
MDACM 007 | 069
LD 071 | 0-8
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the radar signature is apparent in Fig. 3.14. High frequency noise ampli cation in DACM and
MDACM in human breathing cases cause low delity in reconstruction of the original signal.

3.5 Conclusion

This study provides a multi-measure comparison of measurement accuracy for four time-domain
demodulation methods (AD, EDACM, MDACM, LD) and two spectral demodulation methods
(PB-DCT, QCT) for CW quadrature radar. The methods were tested for cardiorespiratory signals
synthesized by a mechanical mover replicating realistic cardiorespiratory motion. The work is
further developed by using human respiratory data, both for metronome-assisted breathing and free
breathing with an IR camera reference. It is evident from the data that there are use case consider-
ations for each method concerning the computational capacity, spectral sensitivity, and waveform
preservation. Arctangent Demodulation can be used to preserve waveform and displacement in-
formation. EDACM and MDACM methods can bypass the unwrapping step and be comparatively
faster methods. However, the distortion associatied with them changes the signal shape. LD
exhibits high Pearson correlation and rate measurement. However, displacement information is
not recoverable with LD and cannot be implemented on high frequency radar systems. PBDCT
and QCT provide higher resolution and lower processing requirements than traditional Fast Fourier
Transform (FFT). The tradeo comes in the form of spectral leakage due to asynchronization of
the basis function. This study provides a reference for the limitations of di erent demodulation
methods which can be useful in the determination of the most suitable demodulation techniques for
particular applications, computing platforms, and precision requirements.
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Chapter 4

SEDENTARY MODE CLASSIFICATION
THROUGH SPECTRAL-BINNING
FEATURES AND RECURRENT NEURAL
NETWORKS

Continuous-wave (CW) Doppler radar monitors cardiopulmonary vital signs by sensing the peri-
odic chest-wall displacement produced by respiration and cardiac activity [1], [2]. Doppler radar
has demonstrated promise not only for reliably recovering respiratory and cardiac data in sedentary
subjects [3] but also for detecting falls [4], measuring heart-rate variability [5], classifying obstruc-
tive sleep apnea [6], and authenticating individuals via unique cardiopulmonary signatures [7]. In
contrast, traditional methods such as inductance plethysmography|which uses transducer bands
around the thorax and abdomen to measure lung-volume changes|or manual breath counting by
clinicians are cumbersome, uncomfortable, and prone to error during long-duration monitoring
(e.g., sleep studies) [8]. CW Doppler radar overcomes these limitations by o ering a comfortable,
privacy-preserving, and accurate alternative for continuous vital-sign monitoring [2], [3].

The initial study into classi cation of sedentary versus non-sedentary data used an intuitive,
hand-crafted algorithm. Arctangent-demodulated data are free from the distance-dependent gain of
CW radar and provide an output directly proportional to displacement [9], consequently locomotion
produces a signi cantly larger output compared to physiological signals. Phase unwrapping is then
applied to recover continuous displacement [10], and an algorithm was devised that operates
on arctangent-demodulated and phase-unwrapped data, searching for amplitudes exceeding ve
standard deviations above the mean within 5-second windows [11]. Any window exhibiting such
deviation is agged as locomotion.

The rstpart of this study focused on identifying segments of data that yield reliable respiratory-rate

58



information, even in the presence of modest extraneous motion. Two sets of human respiratory
data were recorded with a quadrature Doppler radar; the recordings included three types of seated
dgeting and locomotion events at predetermined times [12]. A thresholding algorithm is proposed

to di erentiate between respiratory-rate{recoverable and nonrecoverable data based on locomotion
and extraneous body motions [13]. The radar data demodulation process and details of the proposed
algorithm are described, and the results demonstrate the e ectiveness of the approach.

In the second part of the studies, movements were categorized as sedentary, Extraneous Body
Motion (EBM), or active locomotion by examining the spectral content of radar signals and
proposing a spectral-binning method [12], [14]. The research assesses the use of a single CW
Doppler radar to distinguish between three distinct motion states, emphasizing its suitability for
indoor movement detection and reduced demodulation and system-design complexity compared to
FMCW systems [15]. The results demonstrate a clear separation between locomotion, EBM, and
stationary states, with implications for reliable respiratory-rate monitoring despite movement.

This work reports the rst application of several machine-learning (ML) methods using fre-
guency bins as features for accurate classi cation of locomotion, dgeting, and sedentary states
[16]. Random Forest (RF) [17] and deep-neural-network (DNN) techniques with varying training
parameters [18]{[20] were examined using the same dataset for comparative assessment. While
the RF approach yielded the highest overall accuracy (93 %), each method demonstrated particular
strengths and weaknesses across classi cation challenges.

Finally, recurrent neural network (RNN){based algorithms|long short-term memory (LSTM)

[21] and gated recurrent unit (GRU) [22] were implemented to classify di erent modes of human
vital-sign data. Non-sedentary states were further classi ed into EBM and locomotion. The results
indicate that applying RNNs directly to in-phase (1) and quadrature (Q) (i.e., undemodulated) radar
outputs provides the most e ective classi cation, achieving precision, recall, arstores above

97 % for the GRU model on cropped datasets.

4.1 Theory

4.1.1 Principles of CW Doppler Radar

Continuous-Wave (CW) Doppler radar emits a single-frequency signal that is modulated by the
motion of re ecting targets. The phase di erence between the transmitted and re ected signals
is proportional to the target displaceme3#C and inversely proportional to the wavelength

For a 2.4 GHz signal (= 12¢5cm), torso displacements on the order of 1 cm due to respiration
produce measurable phase shifts, whereas larger motions such as locomotion yield higher-amplitude
responses.
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B1C= cos2c5 G (4.2)
Bx1C= cos2c5C q- (4.2)

whereBGC andB\GC are the transmitted and received waves respectivelys the associated
amplitude,5is the operating frequency and) the resulting phase shift and can be expressed as,

1
q= 4c 3 (‘2. (4.3)
where31C is the displacement produced by the moving target aisdhe wavelength of the carrier
signal.
However, single-channel CW radar su ers from destructive interference (null points) at distances
3 = =4 for even=, and constructive interference (optimum points) at odd multiplgs dhis leads
to distance-dependent resolution variability and potential loss of displacement information.

Quadrature Homodyne Architecture

To mitigate null-point sensitivity, a quadrature homodyne architecture splits the transmit signal
into two reference paths with a 9fhase shift. The received echo is mixed with each reference to
produce in-phase (1) and quadrature (Q) channels:

4
1= 2>B\ | % cGC . Qe (4.4)
4cGC
&1C= B8Ry, , % ¢ R G (4.5)

Here, GC represents the target's motion variation, the baseband amplitudes due to receiver and
mixer gain is given by and g.\ andC 4CQare the constant phase shift related to the phase
change at the surface of a target and the phase delay between the mixer and antenna and the residual
phase shift is given by q*C.

The resultant signal from unbalanced mixers produce arcs which is part of an ellipse rather
than a sphere. By identifying the general equation of an ellipse with long arc, Gram-Schmidt
orthonormalization can be applied to compensate for mixer imbalance. The resultant baseband
outputs are,

1@ = 2>B\ |

2 =L g (4.6)



g1C= B8\ qLee (4.7)

E
4 5 5
4.1.2 Arctangent Demodulation

The displacementinformation from quadrature channels can be extracted in terms of phase utilizing
the arctangent demodulation as,
te, &'C
giC = OAZCOW
where+ and+g represent the dc o set caused by leakage in the radar system and the clutter in
the environment.

Implementation of an appropriate circle tting algorithm during arctangent demodulation allows
for nullifying the e ect of dc o set and enables the extraction of proper phase information from
the arc. For periodic motion, the dc o set values change during non-sedentary activity, e ectively
moving the center of the periodic arc.

Large subject movements (e.g., changing posture or location) can induce phase wrapping, where
g*C jumps by 2c upon exceeding the c—dZzange. Phase unwrapping is applied over time to
track cumulative displacement beyond a singtecfcle, converting a truncated arc trajectory into
a continuous displacement signal.

0 (4.8)

4.1.3 Spectral Analysis

The Discrete Cosine Transform (DCT) may be utilized as an alternative to the Fast Fourier Transform
(FFT) to extract the spectral information in terms of real cosine components. Previously, advanced
DCT methods have been used in continuous monitoring of cardiorespiratory signat3asés

The DCT-II type algorithm is expressed by,

H1

1
- » YiE G=Y4 cos c =, = (4.9)
0 # 2
The frequency resolution of DCT is given by,
5. B (4.10)

2#
DCT has a higher frequency resolution compared to FFT over a xed window. When actively
analyzing the spectral domain for non-sedentary motion, it is advantageous to use a smaller window.
Hence, DCT is implemented to generate a spectrogram in this work.
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4.1.4 Random Forest Classi er

The Random Forest (RF) ensemble algorithm can be implemented in both classi cation and
regression tasks to combine multiple decision trees in one model. Trees are built using a random
subset of data features and classi cation is the result of majority voting. Each decision tree is
split using the random subset of features. Given that the training data is of the format (x,y), the
classi cation result is obtained following the equation,

10

A Kl (4.11)

) &1
where 2@ is the prediction ofGth tree and is the number of trees.

4.1.5 Deep Neural Network

A Deep Neural Network (DNN) is a multi-layered neural network designed to model complex
patterns. It consists of an input layer, multiple hidden layers, and an output layer. Each layer applies
a linear transformation followed by a non-linear activation function. For a taybe output™’ is

given by:

h" = faw™°h" 2| o (4.12)
whereW"™* andb"® are the weight matrix and bias vector, respectively, &nd the activation
function (e.g., ReLU). The network is trained by minimizing a loss function using optimization
algorithms, such as backpropagation-based algorithms.

41.6 LSTM

Long Short Term Memory (LSTM) networks are a type of recurrent neural network (RNN), that pro-

cess data through sequences and remembers the context and dependencies of these sequences[23].
These networks are often helpful in time series prediction or signal processing. LSTM units contain
input gates, forget gates, and output gates [24]. which are used as information for the cell state gate.

41.7 GRU

Gated Reccurent Unit (GRU) networks are a type of recurrent neural network (RNN), that process
data through sequences and remembers the context and dependencies of these sequences. Compared
to LSTM networks, GRU networks contain only update gates and reset gates [25]. The less complex
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architecture of the GRU makes helps the network better generalize over new datasets and reduce
over- tting on training data

4.2 Methodology

With calibrated, unwrapped phase data, motion events are detected by monitoring phase variation
in a sliding window. Lef 4 denote the standard deviationgC over a 5 s window, and letqp
denote the peak-to-peak change. A segment is classi ed as non-sedentary if

fgi 15 or qgppi 5fq° (4.13)

When motion is detected, a 10 s segment around the event is isolated as a motion artifact
and a fresh DC o set calibration is performed for the subsequent sedentary period. This adaptive
recalibration ensures that each continuous sedentary segment m&sotsets optimally centered,
preserving the delity of the respiratory displacement signal. However, this initial algorithm does
not take into account the e ects of dgeting or Extraeous Body Motion (EBM).

To incorporate dgeting and extraneous body motion (EBM) into the detection pipeline, the
calibrated, unwrapped phase is now processed in overlapping 5s windows (3s overlap). For each
window we compute the mean phasg and standard deviatiohq as before, then de ne the
maximum deviation,

Omax = néaque q° (4.14)

A window is classi ed ason-sedentaryif

Omaxi 50f g— (4.15)
asminor dgeting if
5f{qY dmax 50f q— (4.16)
and assedentaryif
Omax Of g* (4.17)

Non-sedentary windows are excluded from respiratory-rate recovery and immediately trigger a fresh
DC-o set calibration at the start of the next sedentary segment. Windows agged as minor dgeting
remain in the respiratory stream but also prompt a secondary recalibration to correct subtle EBM
bias. This two-tier thresholding therefore rejects gross motion artifacts while preserving respiratory
signal delity in the presence of small, non-disruptive movements.

Time-domain based phase data is often not generalizable over multiple subjects. Therefore,
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spectral-binning data derived through short time DCT windows is utilized to create a feature set.
The input data was rst imbalance corrected, dc o set compensated, and arctangent demodulated.

(@) (b)

Figure 4.1. Comparison between (a) the original threshold-based classi cation pipeline and (b)
the machine learning{based approach incorporating spectral-binning features, model training, and
evaluation metrics.

The resultant data is then analyzed using DCT using a 4000 sample window with a 3990 sample
overlap. Afterward, the resultant frequency magnitudes are summed according to the corresponding
frequency bins. The 5 frequency bins designated for the experiment range from 1-11 Hz, 2-12,
3-13 Hz, 4-14 Hz and 5-15 Hz. Each resultant bin is then compared to previously set thresholds
to classify between sedentary, EBM, and locomotion. A maximum voting scheme between the
decision of the bins is used to classify the state of motion.

Fig 4.1a shows the owchart of the proposed spectral binning algorithm. Fig 4.2 shows an
example of DCT spectrogram applied on locomotion and EBM data. Fig. 4.3 shows an example
of time vs. classi cation of activity type by implementing the proposed algorithm.

The set of threshold can be replaced by machine learning models to provide nal classi cation
output. The rst attempts are made to use Random Forest Classi er and Deep Neural Networks.
A number of Deep Neural Network models with varying depths (number of hidden layers) and
breadth (number of neurons in hidden layers) are also trained on the sedentary and non-sedentary
data. A split of 80% and 20% between training and testing is maintained. The details of the model
parameters are given in Table 4.1.

RF and DNN do not consider temporal dependencies when training on the sedentary datasets.
Therefore, Recurrent Neural Network models are implemented to consider time-lagged features as
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Figure 4.2: Spectrogram of arctangent demodulated signal with EBM and Locomotion events
marked with respect to the time domain.

Figure 4.3: Time vs. Activity Classi cation implementing proposed algorithm

well. LSTM and GRU models are used to train on both datasets. Fig 4.4 shows the owchart of
LSTM and GRU models implemented.

4.3 Experimental Setup

Fig 4.5 shows the block diagram of the quadrature radar system implemented to collect all data. All
experiments employed a 2.4 GHz continuous-wave Doppler radar platform to measure and record
respiratory motion from torso. The transmit signal was generated by an Agilent HP E4433B signal
generator at +16 dBm output power. A homodyne architecture split the local oscillator into in-phase
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Table 4.1: Model Parameters for RF and DNN Models

Model Parameters

Random Forest (RF) n_estimators = 100
Algorithm: RandomForestClassi er
Loss: Not applicable

DNN Model 1 5 Dense layers with 128 units
Batch size: 32

DNN Model 2 3 Dense layers with 64 units
Batch size: 32

DNN Model 3 7 Dense layers with 256 units
Batch size: 32

DNN Model 4 5 Dense layers with 128 units
Batch size: 16

DNN Model 5 5 Dense layers with 128 units
Batch size: 64

Common ParametersActivation: ELU

Dropout: 0.2

Output layer: Softmax (dynamic number of classes)
Loss: Categorical Crossentropy

Optimizer: Adam

Metrics: Accuracy

Epochs: 20

’ Spectral-binning Featur#s
v

| LSTM/GRUGate |
¥

’ Batch Normalization l-d
7

’ Dropout Layer ‘

¥

’ Neural Network Linear Layek

¥

’ Activity Classi cation Output‘

Figure 4.4: Flowchart of the LSTM/GRU Classi cation Approach

(0°) and quadrature (99 paths via a ZX10Q-2-25-S+ splitter; two ZFSC-2-2500-S+ splitters fed
equal-amplitude LO signals to a pair of ZFM-4212+ mixers. The transmit path used a ZFSC-
2-2500-S+ splitter to drive an Alpha APA-M25 patch antenna through a Narda 4923 circulator,
isolating TX and RX ports. Received signals were routed back through the circulator into the I- and
Q-channel mixers. Mixer outputs were low-pass Itered at 3 Hz and ampli@Dj with Stanford
Research Systems SR560 low-noise ampli ers to isolate cardiopulmonary frequencies. All RF
and analog front-end modules were commercial o -the-shelf components to ensure reproducibility.
Baseband 1/Q signals were digitized at 1 kHz with 18-bit resolution via a data-acquisition unit,
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Figure 4.5: Block diagram of a quadrature architecture Doppler radar measurement system.

providing ample dynamic range for subtle chest movements.

4.4 Data Collection

All human-subject procedures were conducted under University of Hawaii protocol. Subjects were
instructed to breathe at a xed rate of 15 breaths/min, maintained via auditory metronome cues to
provide ground-truth respiratory timing. A quadrature CW Doppler radar system recorded in-phase
and quadrature outputs at a 1 kHz sampling rate with 18-bit resolution; the same Alpha APA-M25
patch antenna and RF front-end chain were used throughout to ensure hardware consistency.

Six subjects each completed one 220 s session to evaluate DC-o0 set adaptation. Each session
began with 70 s of stationary breathing at 1 m from the radar, followed by locomotion to 2 m
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Figure 4.6: Anechoic chamber setup for sedentary vs. non-sedentary data collection.

where subjects remained for 75 s, and concluded with locomotion back to 1 m for a nal 75 s of
stationary breathing. Participants remained still except during the instructed repositioning events.
Raw data were segmented into 5 s windows with 3 s overlap for DC-0 set compensation and
recoverability classi cation. Fig 4.6 shows the arrangement of data collection during the sedentary
data collection.

Five subjects performed three 230 s trials, each focusing on a single dget type: side-to-side
rocking, front-to-back rocking, or brief seat readjustment. In each trial, subjects sat 1.5 m from
the radar for 45 s of still breathing, 45 s of the designated dget, then moved to 2 m at 90 s and
repeated a 45 s dget/45 s still sequence before returning to 1.5 m for 50 s of stationary breathing.
Spectrograms were generated from 4 000-sample DCT windows (3 990-sample overlap) to verify
time-aligned extraneous body motions and locomotion events. Fig 4.7 shows the data collection
steps for locomotion, sedentary and EBM data collection.

Datasets 1 and 2 served as the basis for machine learning. To address class imbalance, a new
training set was created in which one subject executed an extraneous motion every 5 s at both 1
m and 3 m distances. All ML datasets were labeled from protocol timestamps into three classes-
sedentary, extraneous motion, and locomotion-and feature extraction used spectral-bin amplitudes
from arctangent-demodulated, DC-o0 set-corrected signals. Data partitioning for both Random
Forest and DNN models was strati ed across subjects with an 80% train/20% test split to prevent
subject-dependent over tting.

All experiments were performed in a controlled anechoic-chamber laboratory with minimal
background motion and stable climate conditions. Session metadata (subject ID, dataset, trial
number, date/time, distance markers, and event times) were logged automatically, and automated
integrity checks con rmed continuous 1 kHz sampling with no missing frames before analysis.
Quality-control plots-including raw I/Q traces, spectrograms, and FFTs-were generated for each
session to visually inspect signal delity. A standardized preprocessing pipeline ( ltering, DC-
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Figure 4.7: Data collection steps for locomotion and EBM over 230 s.

o setremoval, segmentation) was applied uniformly across all datasets, and ground-truth breathing
rates were cross-validated via manual FFT peak inspection against metronome timing.

4.5 Results

Table 4.2 shows the duration in data that was identi ed as sedentary. This provides the percentage
of time that the model correctly labeled as sedentary. For subjects 5 and 6, extraneous body motion
was misclassi ed as locomotion.

Table 4.3 provides segments of data after locomotion that the algorithm classi ed as sedentary
and recalibrated the center for arctangent demodulation.

In the subsequent dataset, EBMs are incorporated. Table 4.4 shows the percentage of sections
of sedentary data identi ed by the model in presence of both EBM and locomotion. For the side to
side EBM type, the movement is performed radially with respect to the antenna aperture. At 3.5m,
the algorithm failed to identify the side to side EBM.
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Table 4.2: Comparison of extracted sedentary data with ideal case

Subject ID| Sedentary data duration (seclpeviation from ldeal (190 sec) case
1 190 0%
2 190 0%
3 190 0%
4 190 0%
5 133 30%
6 134 29.47%

Excessive non-sedentary time.

Table 4.3: Data Segments with accurate respiratory rate information

Subject ID| Time Segment 1 Time Segment 2 Time Segment 3

1 Yes Yes Yes

2 Yes Yes No

3 Yes No Yes

4 Yes Yes Yes

5 Yes Yes No

6 Yes Yes No
Non-sedentary portion of time segment too short for e ective FFT measurement of breathing

rate.

Table 4.5 shows the percentage of sedentary periods accurately identi ed by the spectral binning
algorithm by implementing the spectrogram based features. The columns refer to the number of
bins the spectrogram data was summarized in. It is observed that having 4 bins yeild the best results
and having 5 bins do not improve the outcome signi cantly. Additionally, side to side continues to
have low accuracy due to the movement being radial with respect to the radar.

Table 4.6 illustrates the accuracy metrics of the Random Forest Classi er and the DNN models.
The class 0,1 and 2 correspond to sedentary, locomotion and EBM classes respectively. RF shows
the best output in overall accuracy and di erentiating the EBM from locomotion.

Lastly, Tables 4.7 and 4.8 show the accuracy metrics of LSTM and GRU trained on quadrature
channels individually, two channel raw data and arctangent demodulated data to classify sedentary
and non-sedentary(locomotion and EBM) instances. It is observed that | and Q raw data produces
the best outcome for the RNN approach.
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Table 4.4: Percentage of accuracy to reference breathing rate (15 b/m)

Side to Side
Section 1| Section 2| Section 3 NnA
Subject 1 99% 99% 99% NnA
Subject2| 100% 100% 99% NnA
Front to back
Section 1| Section 2| Section 3| Section 4
Subject1| 100% 100% 99% 99%
Subject 2 99% 100% 100% 99%
Readjusting
Section 1| Section 2| Section 3| Section 4
Subject1l| 100% 100% 99% 99%
Subject 2 99% 100% 99% 99%

Table 4.5: Table of Locomotion and EBM accuracy values (in percents) in presence of three types

of EBM

Target Classi cation EBM Type 2 bins | 3 bins | 4 bins | 5 bins
Locomotion forward to back| 90 100 90 100
Locomotion re-adjustment| 80 100 90 100
Locomotion side to side 60 100 60 90

EBM forward to back| 90 100 100 80
EBM re-adjustment| 60 90 90 40
EBM side to side 50 30 30 50
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Table 4.6: Performance Comparison for RF and DNN Models

Model Class | Precision | Recall | F1-Score

RF 0 0.93 0.97 0.95

RF 1 0.91 0.83 0.87

RF 2 0.89 0.70 0.79
Accuracy: 0.93

DNN Model1| O 0.90 0.93 0.92

DNN Model 1 1 0.78 0.73 0.75

DNN Model 1| 2 0.66 0.50 0.57
Accuracy: 0.86

DNN Model2| 0 0.85 0.96 0.90

DNN Model 2 1 0.80 0.53 0.63

DNN Model 2| 2 0.63 0.45 0.52
Accuracy: 0.83

DNN Model3| O 0.89 0.92 0.90

DNN Model 3 1 0.71 0.72 0.72

DNN Model 3| 2 0.62 0.35 0.45
Accuracy: 0.84

DNN Model 4| O 0.88 0.92 0.90

DNN Model 4| 1 0.72 0.66 0.69

DNN Model 4| 2 0.57 0.42 0.49
Accuracy: 0.83

DNN Model5| 0 0.90 0.94 0.92

DNN Model 5 1 0.80 0.74 0.77

DNN Model 5| 2 0.72 0.52 0.61
Accuracy: 0.87

Table 4.7: Accuracy Comparison of LSTM and GRU Models

Input Parameters LSTM Cropped | GRU Cropped | LSTM Full | GRU Full
Only | 61.88% 83.75% 45.83% 66.67%

Only Q 63.75% 63.75% 41.67% 50.00%

land Q 96.88% 100.00% 79.17% 79.17%
Arctangent{Unwrapped 76.88% 73.75% 50.00% 41.67%

Table 4.8: Performance Metrics for LSTM and GRU Models (Cropped)

Input Parameters LSTM, Cropped GRU, Cropped
Precision Recall F1 Score Precision Recall F1 Score
Only | 57.08 97.50 68.93 54.79 87.50 65.71
Only Q 56.67 85.00 66.01 55.63 85.00 64.93
land Q 93.75 97.50 95.17 97.50 97.50 97.50
Arctangent{Unwrapped 66.46 67.92 65.51 60.63 65.21 60.20
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4.6 Conclusion

The initial domain expertise based algorithm of dynamic center tracking isolated sedentary data
in most cases. The presence of EBM produced the need to classify dgets as they could be
misclassi ed as locomotion. Upon supplementation of the data with both locomotion and EBMs,
it was discovered that the threshold-based parametric classi cation's accuracy was limited by
the variations in time-domain features. Spectral-binning added spectrogram based features and
dynamic thresholds for locomotion and EBM classi cation. However, the thresholds in spectral-
binning method alone required tuning for every group of subjects and is di cult to generalize.

Random Forest and Deep Neural Networks are implemented to achieve generalization and
Random Forest algorithm was more e ective in classifying non-sedentary behaviour. However, RF
and DNN methods trains on instantaeneous features. GRU and LSTM are introduced to train the
models in both in spectral-domain and time domain. Highest accuracy in classi cation is achieved
with spectral features of raw | and Q data indicating the presence of features in raw data that are
occluded through the demodulation process.

These advances support the development of autonomous, non-contact radar health monitors
capable of reliable vital-sign extraction despite subject motion. Future work will extend these
methods to heartbeat monitoring and incorporate adaptive learning for in- eld optimization.
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Chapter 5

SIDESENSE: ROBUST PHYSIOLOGICAL
MOTION DETECTION VIA MMWAVE
JOINT COMMUNICATION AND
SENSING SYSTEMS WITH MULTIPLE
BEAMS

The concept of radio systems that support both radar sensing and communication functions by
sharing spectrum and hardware has been known for decades [1]. More recent studies have demon-
strated that existing IEEE 802.11ay access points can be retro tted to perform high-accuracy
human detection and sensing [2]. This principle of joint communications and sensing (JCS) has
been demonstrated for accurate target location and tracking while maintaining high communication
throughput at microwave frequencies [3], [4]. Millimeter-wave (mmWave) JCS has attracted sig-
ni cant attention for Future Generation (FutureG) cellular networks due to the bene ts of reduced
cost, size, weight, and improved spectral e ciency [5], [6], while achieving both communication
and radar sensing capabilities through shared hardware and signal processing modules [7], [8].
The ability to obtain accurate positions, speeds, and other features for objects while simultaneously
maintaining reliable communication links is of immense importance for emerging applications such
as continuous health monitoring, smart cars, unmanned aerial vehicles, and augmented reality [6],
[9], [10].

There has been demonstrated success in the design of mmWave systems for unobtrusive continu-
ous physiological monitoring, including applications in assistive devices, in-cabin vehicle occupant
monitoring, sleep studies, vital signs monitoring, and stress level monitoring [11]{[18]. The po-
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Figure 5.1: Comparison of sensing in conventional communication systems vs. the SideSense JCS
system. The left panel (a) illustrates a conventional system where the dynamic path produced by the
side lobe senses the physiological motion, resulting in a less e cient power balance between static
communication path and dynamic path. The right panel (b) shows the SideSense JCS system with
an array of beam steering sub-arrays {BXd TXy), where the system leverages both steered sub-
beams of the TX to produce balanced static and dynamic paths, achieving better power distribution
between the communication and sensing accuracy.

tential compactness of hardware at higher frequencies enables practical implementation of antenna
arrays, that can be used for digital beamforming and multiple input multiple output (MIMO) sys-
tem con gurations for signal separation from multiple individuals [19]{[22]. Moreover, the large
bandwidth potentially provides high data rate communications for real-time delivery and feedback
of the biomedical data acquired by the sensing modality. Recent experimental work has shown that
5G signals can be leveraged for joint radar and communication functions [23].

The primary design challenge in mmWave JCS systems lies in the diversity of beam manage-
ment requirements for communications and sensing [24], [25]. Line-of sight occlusion and clock
asynchrony are notable obstacles to both communication and sensing [26]. The mmWave commu-
nication protocol consists of an initial beam alignment process for both the transmitter (TX) and
receiver (RX) to identify the optimal beamforming angles to maximize the link budget and beam
re-alignment is performed only if the link budget deteriorates signi cantly [27], [28]. On the other
hand, sensing requires time-varying continuous beam scanning and tracking to follow an object.
Prior research mostly considers schemes that use a single phased array for both communications
and sensing [29], [30], (Fig. 5.1-a) which either limits the sensing direction or utilizes expensive
full digital arrays to synthesize complicated beam patterns to meet the requirements of JCS [31].

Instead, this work explores a cost-e cient analog multi-beam technology, e.g., an array of
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phased arrays (APA),[32]{[35], to enable low-cost and e cient implementation of JCS for physio-
logical motion sensing. The JCS APA system proposed here consists of multiple analog sub-arrays
connected to a single RF chain, allowing the signal to be transmitted via a beam pattern with mul-
tiple arms. One sub-beam, xed in direction, supports communications, while the other sub-beam
supports direction-varying scans to locate and sense the target., as illustrated in Fig. 5.1-b.

While the hardware architecture is straightforward, power allocation and phase coordination
among sub-beams are challenging, as they are critical for the recovery of physiological motion from
the channel measurements obtained by the JCS system. Hence, presented here is a comprehensive
framework, SideSense, based on the original theoretical results of a bi-static multipath JCS channel,
to optimize both physiological motion detection sensitivity and communication link capacity. The
optimal power/gain ratio between the communication and sensing sub-beams (Fig. 5.1-b) are
identi ed, as well as their phase di erence, and a three-step tuning protocol is provided in SideSense
to jointly optimize communication and sensing performance.

SideSense isimplemented here using 28-GHz beamformers and software-de ned radios (SDRS).
With experiments performed using phantom devices and human subjects, SideSense is shown to
improve the sensing signal-to-noise ratio (SSNR) by 84% compared to a single-beam JCS coun-
terpart while only reducing the communication channel capacity by 35%, which is an acceptable
decrease that would not trigger a link re-establishment procedure [36]{[38]. The rest of this pa-
per is organized as follows. Section Il provides necessary background information on channel
measurement in mmWave communication systems and on the JCS system model. Section Il in-
troduces SideSense, including bi-static JCS channel analysis insights and protocol design. Section
IV presents the SideSense prototype and experimental results. Section V concludes the ndings.

5.1 Physiological Sensing via CSI

Implementation of JCS can be designed to leverage the channel measurement process that is part
of nearly all communication protocols. For instance, in mmWave cellular networks, a cellular
base station (QNB) uses phased arrays with multiple antenna elements to create highly directional
signal beams toward users, allowing concurrent communication through spatial multiplexing to
user equipment (UE). To improve reliability, the gNB broadcasts reference signals for the UE to
measure and feedback channel state information (CSI), which the gNB uses to adjust the signal
beams and track users. As users frequently move, channel measurements are performed more
regularly in mmWave cellular systems than in sub-6 GHz counterparts to assist beam alignment
and beam tracking.
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5.1.1 mmWave Channel State Information

The CSl represents the channel properties of a radio link, which describes how a signal propagates
from a TX to an RX including the combined e ects of scattering, fading, and power decay with
distance. In 5G New Radio (NR), CSl is obtained through the Channel-State Information Reference
Signal (CSI-RS), which is embedded in packets broadcast via the physical data shared channel
(PDSCH). For each sub-carrier k in an OFDM system, the RX compares the received signal with
the reference signal to compute the CSI and can be represented as,

=] :J.4gj: (5.1)

wherej . jandU . are the amplitude and phase of the channel responses at sub-carrier

5.1.2 Extracting Physiological Motion from CSI

Since the CSl represents how the surroundings a ect the signal, it is possible to detect physiological
motion, such as that from breathing and heartbeat, via changes in amplitude and phase. However,
real-world mmWave CSl is often the composite e ect of multiple propagation paths, which com-
plicates the physiological motion detection process. Speci cally, CSI captures the combined e ect
of all the paths a radio wave takes as it travels, which can be broken down into static and dynamic
components. The static component includes the line-of-sight (LoS) path and re ections from
stationary objects in the environment, while the dynamic component represents re ections from a
moving subject, such as the torso of a human when breathing.

The mathematical model of CSI amplitude and phase at sub-carrierthe presence of
multipath is represented agyv24 ishmael_physiological_2023

j:lej: —B, -3
q (5.2)

2 2 .
= B, :3'C",2 .p .3'Ccost iC-

where ._gand ._3 are the static and dynamic components, respectively, of the channel state
information at the sub-carrier. The function i (t) is the phase di erence between the static and
dynamic components, and can be represented by,

1 1 (0]
ileZZC 331C 35_

(5.3)

where 3g denotes the length of the static paBy'C represents the length of the time-varying
dynamic path generated by the moving object, andepresents the wavelength of the sub-carrier
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Table 5.1: Symbols used in equations with their meanings in mmWave communication and sensing

Symbol | Meaning Dimension / Type
: CSl at OFDM sub-carrier Complex Scalar
B Static component of CSI Complex Scalar
-—3'C | Dynamic component of CSI| Complex Scalar
e Phase dierence betweenScalar

components

38 Length of static signal path | Scalar

331C Length of dynamic signal path Scalar

- Wavelength at sub-carrier | Scalar

H Received signal at RX Complex Scalar

Ws Static component beamform-1 x N Complex Vector

ing weights

Wy Dynamic component beam-1x N Complex Vectol

forming weights

hs Static component channell x N Complex Vector

vector

hg Dynamic component channell x N Complex Vectol

vector

G Transmitted signal Complex Scalar

| Channel noise Complex Scalar

# Number of antenna elementsScalar

in ULA

Op Static component channelComplex Scalar

gain

03 Dynamic component channelComplex Scalar

gain

(o]} Static component AoD Scalar

g3 Dynamic component AoD | Scalar

3 Space between antenna eleScalar

ments

6p_= Gain for=-th antenna (static) Scalar

63_- Gain for =th antenna (dy; Scalar

namic)

\g_= Phase for-th antenna (static) Scalar

\3 = Phase for=-th antenna (dy; Scalar

namic)

B Static component global Scalar
phase o set

3 Dynamic component global Scalar
phase o set

5 H Physiological motion fre+ Scalar

quency

k1@ Beam sweep evaluation met-Scalar

ric
1 Beam sweep terminationScalar
threshold

kelC Gain ratio tuning metric Scalar
6 Gain tuning termination Scalar

threshold

X6 Gaintuning incrementing stepScalar

k1@ Phase o set tuning metric Scalar
2 Phase tuning terminationScalar

threshold

Xq Phase tuning incrementingScalar

step

Thus, the CSI amplitude is modulated, and the range of its change due to the moving object
mainly depends on the relative strength between the static and dynamic paths. The CSI phase also
exhibits a similar modulation e ect due to the moving object. It is worth noting that the detection
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performance of CSI phase and amplitude waveforms is complementary to each other, with some
o set depending on the object's location. Speci cally, for locations where the CSI amplitude
exhibits a limited dynamic range for sensing, the CSI phase provides a favorable dynamic range for
satisfactory detection performance.

5.2 SideSense: Theory and Design

This section provides the analysis and design of a multi-beam JCS system: SideSense, which
leverages the hardware capability of an APA to better perform physiological motion detection
compared to single-beam systems, without compromising the link reliability for communication.
The APA architecture used by SideSense is compatible with emerging standards, such as 5G NR
and 802.11af/h, which employ multi-beam hardware to enhance mmWave signal coverage [39],
[40].

5.2.1 SideSense Design: Engineering CSl for JCS

Consider a TX equipped with two uniform linear arrays (ULAS) that are connected together with
a single RF chain, as shown in Fig. 5.1, where theretfasntenna elements for each ULA. For
simplicity, assume that the ULA at Tg<which points to the target, creates the dynamic component
for the composite CSI at the RX, while the ULA at IXwhich establishes the LoS link with

the RX, creates the static component. Sub-carrier subscrgsd time variableCare dropped

in the dynamic component for simplicity. The received signal at the omnidirectional RX can be
represented as:

H= hhwsG, hyweG, I- (5.4)

wherehg, wg, hsz, andws are all#-by-1 vectors, representing the channel from théransmit
antennas and the beamforming weights for the ULA that create the static and dynamic components,
respectively. The symbdasis the transmitted signal, andepresents the channel noise.

For a typical ULA, the space between the antenna elem@nitshalf the wavelength, which is
signi cantly shorter than the link distance, especially in mmWave bands. Hence, the communication
is in the far eld, where the channel can be decomposed into a gain component that is consistent
across all the antenna elements in the ULA, and a phase component. With the decomposed channel,
(5.4) can be rewritten as:

y = 0pA %7 SIMAE \yoS 0¥ SN0 oG |- (5.5)
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whereOgandO3 are the channel gains for the static and dynamic channel components, respectively.
Also, » ¥, represents a row vector of size, and »¥= SiM0e’y% and 4% SiMa° gre the
channel phases for the static and dynamic channel components, respectivelyfal—e oo —#1,

with the corresponding angle-of-departure (AoD) denotedg@and qs. Speci cally, the phase
componentxA¥<= SiMae’sf o ;<=2 sintas°4% s the steering vector for the ULA beamforming.
The beamforming weights for the ULA are complex values, which can be

W = gl 80— Gg49ieee G, 4% 11), (5.6)
W3 - )63_949b—0_ @_149\’3—1_ eee _36# 149\3_# 1])4— (57)

wherej6g_i landj6z_4 1lfor==0-1—eece—# 1.
To maximize the directionality gain towards the AgPthe complex conjugation of the steering
vector atq should be used as the codebook entry to form a beam, that is:

2C=3 <inlA O

W), = » O Smagf_ (5.8)
2C=3 ainl@.,0

Wy, = »4 $ Smastiy (5.9)

where the index of the subcarrielis omitted for simplicity.

In particular, the global phase o setsg and 3 for the static and dynamic components,
respectively, tune the arriving phase of each channel component at the RX. Introducing the global
phase o setinto the optimal beamforming weights in Eq. (5.8) and (5.9) results in the beamforming
weights represented in Eg. (5.10) and (5.11), which do not change the steering dirggtaons
gs but introduce an additional phase o segand 3 for the static and dynamic components at the
RX.

Wo, = Wggd ® (5.10)
Wy, = Wg,4 3e (5.11)

Similarly, the global phase o set can be introduced into the generalized beamforming weights
expressed in Eq. (5.6) and (5.7).

By combining Eq. (5.5), (5.6), (5.7), and global phase o sets, the ratio of static and dynamic
components of the composite CSI, which consists of the e ects of APA and the wireless channel,
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can be represented as: )
. #I 1 2c=3 qinla 0 - _0-
o jOB 65_4917 sintge’, \g—5 & i
| o ==0
— = A1 . (5.12)
I3l j03 _ B3 492 S0, \a—5 30

From Eq. (5.12), it is observed that with the beamforming weights and global phase o sets,
the detection performance of sensing activities with CSI can be tuned on two levels, which is
the theoretical guideline behind the design of SideSense. First, the beamforming weights can be
adjusted to modify the gain ratio between the static and dynamic components. Moreover, the global
phase o sets can also be utilized to tune the phase di erence between the static and dynamic

components.

Figure 5.2: Sidesense owchart with three sub-procedures.

SideSense consists of three sub-procedures (Fig. 5.2): unimodal beam sweep, unimodal gain
ratio tuning, and unimodal global phase o set tuning, which perform time-varying continuous
beam scanning for sensing once the LoS sub-beam is aligned with the RX via the standard beam
alignment process. Ldt = 11°— 120_eee_1" ©represent’ samples of the composite CSI
that include both static and dynamic components, and leé the frequency-domain Fast Fourier
transform (FFT) oh" . A function is rst de ned to compute the sensing signal-to-noise ratio for
physiological motion detection in Algorithm 1, whefgyy is the frequency of the physiological
motion, and ! ° is the expectation.

The procedure begins after the communication protocol nishes the standard beam alignment
process. The rst part utilizes the sensing sub-beam and carries out a sweep to identify the target
using the unimodal beam sweep process detailed from Line 2 to 17 in AlgoPithwihere 1isa
termination threshold for the beam sweep. Next, SideSense adjusts the array gain while monitoring
the CSI on the in-phase and quadrature (IQ) plot until the origin shifts outside of the CSI circle,
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Algorithm 1 Sensing SNR

1: procedure SSNRh" | Byy)

2: 15 FFTth'°
3 SSNR ooty
4 return SSNR

5. end procedure

following the procedures from Line 19 to 3X6is an incrementing step ands is a termination
threshold. After the gain tuning, SideSense obtains the sub-optimal steeringweetthe warm
start for the following phase tuning process. Finally, SideSense system further updates the steering
vectorw with the tuned array gain by adjusting the global phase o set until the corresponding
static channel vectohg'w °, and the dynamic channel atdez'w °, are orthogonal. De ne an
incrementing stefXgand a termination threshold- for the nal phase tuning process, which is
detailed from Line 32 to 44.

After the three-part procedure, physiological motion is sensed by collecting the CSI using the
optimized steering vectav with tuned array gain and phase. The amplitude of the collected CSI
is then processed to recover the physiological motion frequency and waveform.

5.2.2 Simulation Study: Bene ts of Multi-Beam

To ease the analysis, SideSense was modeled as a bistatic JCS system model, with two antennas,
TXs and TXy, connecting to the same RF chain and one RX (Pigb). As mmWave frequencies

have high path loss, the TX, modeling a gNB, uses phased arrays to generate a highly directional
beam to account for the loss. For SideSense, the TX employs a low-cost array of phased array
architecture to generate multi-arm beam patterns. The RX, modeling a cellular UE or Wi-Fi client,
uses a small phased array to create a semi-directional beam to improve reception due to the device
size limitation.

The system model allows separate control of the communication and sensing sub-beams at TX
based on the in-situ requirements and dynamically adjusts the gains and phases of the sub-beams
to optimize the communication and sensing results. Speci cally, SideSense TX can adjust the
sub-beams' gain ratio phases to improve the dynamic range of the CSI amplitude. It can also adjust
the sub-beams' initial phase to mitigate the null position issue of a bistatic JCS. Both bene ts are
studied with simulations and elaborated below.
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Algorithm 2 SideSense (Part 1)

1: Unimodal Beam Sweep

2. for C= 12—<+do

3 Select the beam direction with indexC

4: Obtain" samples of the composite CSI:

h" e h" lW; 1(90

5: Evaluate the SSNR: )
SSNRC SSNRh 11C- gy

6: if C=1then

7 SSNRnax SSNRC

8: k1@ SSNRC

o: else

10: SSNRpax maxfSSNR1°—e««SSNRC 1°g
11: k1€ SSNRC SSNRnax
12: end if

13: if K11C 1 then

14: ) (1C

15: Terminate the beam sweep
16: end if

17: end for

18: Unimodal Gain Ratio Tuning
19: for C= 12—+ do
20: if C=1then

21: wiC w.
22: else
23: Update the steering vector:
wiC 1t 1, XewiC 1°

24: Evaluate e

] B'wiCej

k61e j Elwleoj 1

25: end if
26: if kglC 6 then
27: w wiC
28: Terminate the gain tuning
29: end if
30: end for

Gain Ratio Tuning

Consider the two cases shown in Fig. 5.3-a,b. For case a, thejratigsj -_3j, is small and the
CSl arc contains the coordinate origin, and the overall CSI amplitude does not change signi cantly
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Algorithm 2 SideSense (Part 2)
1: Unimodal Global Phase O set Tuning
2: for C= 12—++do
3 if C=1then

4 wiC w
5: else
6 Update the steering vector:

wi@  4X9wiCc 10

7: Evaluate e
AC OIS o0

8: end if

9: if ko1C » then

10: w wiC

11: Terminate the phase tuning

12: Proceed to physiological motion sensing with

13: end if

14: end for

as the dynamic component of the CSI rotates due to physiological motion. For case b, the ratio,
] -—d*] :—3), is large. The origin of the static vector is outside of the CSI circle, and the overall
CSI amplitude changes signi cantly as the dynamic component of the CSI rotates due to Doppler
motion. Overall, the dynamic range of the CSI amplitude is analyzed in the simulation results
(Fig. 5.3-a,b,c) based on the system model in section I1.B. The range, e.g., the detection sensitivity,
increases as thp ._gej ._3j increases, and saturates when the ratio is equal or greater than 1
(Fig. 5.3-a,b). The overall CSI phase change becomes linear (without aliasing) to the Doppler
motion when the ratio exceeds 1 (Fig. 5.3-c,d)Hence, ideally, the detection is at its optimal
whenj ._gej ._gj is adjusted to approximately 1. Albeit any value greater than 1 has a similar
dynamic range for the overall CSI amplitude, the beam pattern becomes increasingly monotone
whenj -_gd¢j -_3 ii 1, which reduces the mmWave communication reliability as the single LoS
beam is vulnerable to blockage.

Global Phase O set Tuning

Single-beam systems also su er from the issue of null detection points as illustrated in Fig. 5.3e-f.
When the static and dynamic components are aligned with each otheld e.g@., ._.3=0 or 180,
the change in amplitude of the CSl is small and non-linear, contrary to when the static and dynamic

lUnder a realistic setting with TX-RX synchronization error, the phase tuning e ect is not pronounced as the phase
noise overwhelms the phase changes introduced by the physiological motion.
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