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ABSTRACT

According to the World Health Organization, approximately 15 million neonates are born
prematurely each year, which is more than 1 in 10 newborns. Premature birth disrupts
the normal development of the neonate in the womb, which can result in various com-
plications and health issues, necessitating continuous monitoring of vital signs to assess
their health status.

Currently, the predominant monitoring approach involves the use of contact-wired
sensors, which offer precise readings but are accompanied by specific drawbacks. One
notable limitation is the utilization of strong adhesives to attach the sensor to the neonate’s
skin, causing pain and stress during removal. Additionally, the wired sensor hinders
skin-to-skin contact care, which is proved to be crucial for the neonate’s growth and de-
velopment.

To address these drawbacks, a non-contact wireless approach using FMCW radar is
proposed in this thesis project. The main aim is to develop a processing pipeline to
monitor the vital signs of neonates with the radar. The core concept involves estimating
the vital signs from the phase information corresponding to the chest movement of the
monitoring target. This will be achieved through the implementation of an algorithm
based on the short-time Fourier transform. Furthermore, this study also explores an ap-
proach to detect body movement, select near-steady state data segment and determine
the range bin that is most relevant for the vital signs estimation.

The proposed pipeline aims to provide a more comfortable and efficient monitor-

ing system for neonates, potentially overcoming the limitations of conventional contact-
wired sensors and promoting better care for their overall well-being and development.
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INTRODUCTION

This chapter provides the comprehensive background behind the vital signs monitoring of
the neonate in Section 1.1. Subsequently, the problem statement of this thesis is defined
in Section 1.2 based on the existing gaps found in the relevant researches, and Section
1.3 summarizes the main contributions of the proposed radar signal processing pipeline,
which is used to estimate vital signs of the neonate in this thesis. Last but not least, the
structure of this thesis is presented in Section 1.4

1.1. PROJECT BACKGROUND

According to the World Health Organization (WHO), an estimated 15 million neonates
are born preterm every year, that is more than 1 in 10 neonates [1]. Those preterm
neonates are born before 37 completed weeks of gestation, which means the loss of de-
velopment time in the womb disrupts their growth. Consequently, their organ systems
and associated functions, as well as their immune system are immature, which is the pri-
mary reason why these neonates are facing a higher risk of infections, chronic diseases,
and respiratory problems, so called the preterm birth complication [2], [3].

A significant consequence is that the immaturity of breathing regulation and lungs
often leads to apnea-bradycardia and respiratory distress syndromes. This is commonly
followed by bronchopulmonary dysplasia in 27% of the neonates born at less than 30
weeks of gestation [3], [4]. Additionally, there are numerous other preterm birth com-
plications, which are the leading cause of death among children under 5 years of age,
responsible for approximately 1 million deaths each year. Even for those who survive,
they may still face a lifetime of disability, including learning disabilities and visual and
hearing problems [5]. Such lifetime disabilities not only impact the affected individuals
but also place a heavy burden on their families. As a means of preventing the preterm
birth complications and allowing the preterm neonates to develop in a healthy environ-
ment outside the womb, preterm neonates are often required to spend several weeks in
the Neonatal Intensive Care Unit (NICU).

During this period, it is mandatory to have continuous monitoring of the neonates’
vital signs, and some of the most important parameters are the respiration rate (RR) and
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the heartbeat rate (HR)[3]. RR of neonates is commonly monitored using impedance
pneumography (IP), which measures the changes in electrical impedance resulting from
aeration of the lung and movement of the chest wall through electrodes attached to the
chest skin [6]. On the other hand, HR of neonates is typically monitored by electro-
cardiography (ECG), which also relies on electrodes placed on the skin to measure the
electrical changes that are a consequence of cardiac muscle depolarization followed by
repolarization during each cardiac cycle [7]. An example of those conventional contact-
based approaches, which directly attach the electrode as the sensor to the fragile skin
of the neonates and are connected to the monitoring systems through wires, is shown
in Figure 1.1. Even if the system truly returns accurate numbers, it still can cause other
problems, such as skin irritation to the neonates and might eventually lead to pressure
necrosis. Besides, it is also important for nurses and parents to have skin-to-skin contact
care for the neonates, which has been shown to be extremely beneficial for their growth.
However, those wired contact sensors make it difficult for the nurse to hold the neonates
while doing the skin to skin contact care. Moreover, the wires also restrict the natural
movement of the neonates, and it has been proven to add stress which may hinder their
development process [8].

Figure 1.1: Wired contact sensor attached to the neonate [9]

1.2. PROBLEM STATEMENT

As mentioned above, despite the wired contact sensors can measure the vital signs accu-
rately, there are still some glaring drawbacks, which are supposed to be fixed to promote
the development of preterm neonates in the future. Therefore, contact-less vital signs
monitoring is an area of interest to fill the gap, which attracts more and more attention
and effort. Currently, a variety of contact-less approaches are being developed to be ca-
pable of monitoring vital signs for the neonates.

For example, RR and HR monitoring in preterm neonates is reported in a study by
Villarroel et al [10] using a digital video camera by monitoring the color and volume
changes in superficial blood vessels during the cardiac cycle. But one of the most impor-
tant elements for the monitoring is the ambient light, which means such a method can-
not be used all the time. Another study conducted on preterm neonates for monitoring
RR with an infrared thermal camera, based on analysis of the anterior nares temperature
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profile associated with the inspiration and expiration phases successively is reported by
Abbas et al [11]. Major pitfalls of the infrared thermography-based method, include the
need for higher resolution images, the effect of surrounding temperature variations and
costly equipment [12].

Comparing with the digital video camera, the radar-based sensors have advantages,
such as being independent of changes in the ambient light and the subject skin com-
plexion. As for the infrared thermography-based method, the radar-based sensors are
not affected by ambient temperature, while being relatively price friendly for future im-
plementation in low-budget cases [12]. Therefore, the main problem to be addressed in
this thesis work is formulated as follows:

"Develop, validate and evaluate a proof of concept processing pipeline based on
radar technology to identify the target data segments, locate the target position and
estimate the respiration rate (RR) and the heartbeat rate (HR) of the neonates. To be-
gin with, the proposed processing pipeline will be developed, verified and evaluated
for adult vital signs monitoring under ideal scenarios. After that, the proposed pro-
cessing pipeline will be promoted to work and test at the real conditions for neonate
vital signs monitoring.”

To be more specific, the proposed processing pipeline is used to monitor RR and HR
when the neonates are in a near-steady state. Therefore, the initial step involves iden-
tifying data segments without large body movement by body movement detection ap-
proaches. And these segments will serve as the target data for the pipeline to process.
The next step is to locate the target position, which means automatically selecting the
most relevant range bin in the range-time map to gather information for further estima-
tion.

When transitioning from monitoring adult to neonate, capturing the respiration and
heartbeat becomes more challenging due to the difference in body sizes. Therefore, the
smaller size of neonates presents technical difficulties in accurately capturing RR and
HR using radar technology. Besides, unlike cooperative adult, the neonate cannot stay
in a steady state while collecting the data, which makes it more important to identify the
steady state data segments for further processing.

Last but not least, another important point to mention is that there is an experimen-
tal dataset of neonates’ radar data, which was collected by C. Ramsey at the NICU of
Erasmus Medical Center as part of a joint research project with TU Delft within the Con-
vergence Framework [13]. The dataset was collected when the neonates were lying in an
open bed crib covered in clothing and blanket, similar to incubator care, as described
in [8]. For this thesis project, the dataset from C. Ramsey will be used to validate and
evaluate the proposed processing pipeline.

1.3. CONTRIBUTION OF THE THESIS
The main contributions of the work in this thesis are:

1) Apre-process procedure that can detect the body movement of the target, segment
the data based on the body movement, and identify appropriate data segments is
formulated. An automatic approach used to locate the target position by selecting
the most relevant range bin in the range-time map is also generated. A short-time
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Fourier transform (STFT) based algorithm is implemented to estimate RR and HR
of those appropriate data segments.

2) The proposed processing pipeline is validated and evaluated through a combi-
nation of mathematical model simulations and experiments. In the experiment
part, a 60 GHz frequency-modulated continuous-wave (FMCW) multiple-input
multiple-output (MIMO) radar is used. The radar waveform design process is dis-
cussed and a basic radar waveform is designed for the radar, using to collect the
adult data. The experimental dataset is collected from 6 adult volunteers and 6
neonates, allowing for a comprehensive assessment of the pipeline’s performance
and effectiveness.

3) After processing the data, there are acceptable results in terms of simulations,
adult experiments and neonate experiments, which have mean absolute errors
less than 0.06 Hz and 0.15 Hz for RR and HR respectively. An exploration about
the impact of different channel data of the MIMO radar on the monitoring perfor-
mance is discussed.

1.4. STRUCTURE OF THE THESIS

The structure of the thesis is as follows. Chapter 2 describes the relevant literature related
to vital signs monitoring through radar technology. Besides, there are also different ap-
proaches used to identify the target data segments and locate the target position, mainly
including two procedures, body movement detection and range bin selection. By pre-
senting examples of real data processing, Chapter 3 introduces the proposed processing
pipeline used to monitor the vital signs of the target. In Chapter 4, the simulation of
the vital signs based on the mathematical models is used to validate the pipeline. More-
over, a Monte Carlo test is also implemented to evaluate the pipeline. The laboratory
measurement setup for data acquisition for both adult and neonate is fully described in
Chapter 5. Furthermore, the data process and result analysis for both adult and neonate
datasets are illustrated in Chapter 6. Last but not least, the corresponding conclusion
together with the outlines for potential future work are summarized in Chapter 7.



LITERATURE REVIEW

In this chapter, the relevant works regarding respiration and heartbeat monitoring through
radar technology are presented. In Section 2.1, mathematical signal models for cardiopul-
monary activity are introduced for further simulation work in Chapter 4. Afterwards, the
following sections are describing the main steps, which are commonly used in vital signs
monitoring. First, the important procedure used to remove stationary clutter of the range-
time map is studied in Section 2.2. While approaches used to detect the body movement
and select the range bin for further phase information extraction are studied in Section 2.3
and Section 2.4 respectively. Section 2.5 describes the recent advances in respiration and
heartbeat estimation techniques with radar implementation. At the end of this chapter, a
summary of the literature review on vital signs monitoring is shown in Section 2.6.

2.1. MATHEMATICAL SIGNAL MODELS FOR CARDIOPULMONARY

ACTIVITY
Physiologically, the cardiopulmonary activity consists of two components, respiration
and heartbeat. As a result, there will be volumetric changes in the heart muscle and
main respiratory muscles, which can be used to extract the cardiopulmonary signal [14].
Therefore, in this section, the mathematical signal model of cardiopulmonary activity is
divided into two separate models, one for respiration and another for heartbeat.

2.1.1. RESPIRATION MODEL

The most fundamental function of the human respiratory system is to complete the gas
exchange, which is to release carbon dioxide from the capillaries into the alveoli while
diffusing oxygen into the capillaries at the blood-gas barrier [15]. In order to finish the
gas exchange, a complete breathing cycle, as shown in Figure 2.1, has two main motions,
which are the inhalation and the exhalation. During inhalation, the diaphragm becomes
flat and gets lowered by the contraction of its muscle fibers, and the intercostal muscles
contract and pull the ribs and sternum upward and outward, thus increasing the vol-
ume of the thoracic cavity for the lung to expand. When exhaling, the muscle fibers of
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diaphragm relax making it convex, the intercostal muscles relax and bring the ribs and
sternum to the original position resulting in decreases of the volume of thoracic cavity
for the lung to contract [16].

Figure 2.1: Simple physiologic sketch of inhalation and exhalation [16]

Due to the changes of thoracic cavity volume, there will be distinct displacements
on the surface of the chest, which can be captured by radar, allowing non-contact mea-
surement of respiration. For healthy adults, standard amplitudes for this motion range
between 4 mm and 12 mm [17], with RR varying from 9 to 30 breaths per minute (bpm)
[18]. For preterm neonates, these amplitudes can be smaller than 1 mm, while the RR
normally stays in 30-80 bpm [19], [20], and reaches up to 110 bpm under specific con-
ditions [21]. Therefore, for the respiration of neonates in this thesis, the amplitudes are
assumed to be 0.8-1 mm, while the frequencies are assumed to be 0.5-1.8 Hz.

The most commonly used mathematical model uses the sine or cosine wave with
different amplitudes and frequencies to simulate the displacement of the chest over time
R, () caused by respiration, which can be expressed as:

R/ (t) = %-(I—COS(ZTL’fr-I)), 2.1

where the a, denotes the amplitude of the respiration, f; denotes the frequency of the
respiration [22]. Another two alternatives, which are also used to describe the movement
of the chest [23], [24], are presented in the following equations:

R (t) = ar-sin(2nf; - t), 2.2)

R, (1) = @y -sin® (21 f, - 7). 2.3)

2.1.2. HEARTBEAT MODEL

The heart plays an essential role in the whole body system of human, and the cardiac
cycle is the sequence of events that occurs when the heartbeats [25]. While the heartbeat,
it circulates blood through pulmonary and systemic circuits of the body. The cardiac
cycle consists of two phases, the diastole phase and the systole phase. As shown in Figure
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2.2, in the diastole phase, heart ventricles relax and the heart fills with blood. While in
the systole phase, the ventricles contract and pump blood out of the heart to arteries
[26]. When the heart contracts to generate the pressure that powers the blood flow, it
shifts within the thoracic cavity, striking the chest and producing displacement on the
surface of the skin, which is detectable for the radar.

Figure 2.2: Simple physiologic sketch of diastole and systole [26]

For healthy adults, the typical HR lies between 60 to 120 beats per minute (bpm)
with an amplitude of approximately from 0.3 mm to 0.8 mm [27]. The HR decreases
as neonates get older, for preterm neonates, the HR can be faster than adults varying
from 120 to 180 bpm. But the amplitude is much feebler, which can be estimated to be
approximately 0.2 mm [28]. Therefore, for the heartbeat of neonates in this thesis, the
frequencies are assumed to be 2-3 Hz, while the amplitudes are assumed to be 0.1-0.3
mm.

Same as the respiration, the mathematical model for heartbeat is a cosine wave with
different amplitudes and frequencies to simulate the displacement of the chest over time
Ry, () caused by heartbeat, which can be expressed as:

Ry (1) = ap-cos(2nfy- 1). (2.4)

where the aj, denotes the amplitude of the heartbeat, f;, denotes the frequency of the
heartbeat [22]. Actually, the displacement of the chest caused by heartbeat is much more
complicated than cosine waves. To be more accurate, Dennis R. Morgan et al. used a
higher-order sinusoidal signal to model the heartbeat[29]. In the thesis, the amplitude
scale and the frequency scale of the vital signs for adult and neonate are summarized in
the following Table 2.1.
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Target Vital sign Amplitude [mm] Frequency [Hz]
Respiration 4-12 0.15-0.5

Adult Heartbeat 03-08 1-2
Respiration 0.8-1 0.5-1.8

Neonate e ribeat 0.1-03 2-3

Table 2.1: Amplitude scale and frequency scale of the vital signs for adult and neonate [19]-[21], [27], [28]

2.2. STATIONARY CLUTTER REMOVAL

In the monitoring scenario, the presence of stationary clutter will cause a static echo in
the received signal, which is not linked to the movement of the chest. Such stationary
clutter appears as a constant component in the range-time map, which can be mani-
fested as a dc component in the slow time dimension. Consequently, detecting body
movement and selecting relevant data segments becomes more challenging due to this
constant component. In order to extract the part of the signal that only corresponds
to chest motions, it is necessary to remove the static echos of the signal [30]. In other
words, a signal pre-processing step to remove stationary clutter is required before gen-
erating the input data used for body movement detection.

Various methods can be applied to remove the radar stationary clutter. In [30], [31],
the mean subtraction (MS) method, which offers good performance and ease of imple-
mentation, is explained. MS calculates the mean of each row over slow time, i.e. the
mean of all values obtained in each received chirp at a given time point in the fast time,
and then subtracts this value from the corresponding row. As shown in Eq. 2.5, where
RTIr, n] represents the range-time map, r denotes the index of range bin, n denotes the
index of slow time, for a certain range bin r;, the range-time map after MS method can
be expressed as:

1 n
RTMs[r,-,n]=RT[ri,n]—;-ZRT[r,~,j]. (2.5)
j=1

Since the static echo appears in each received signal at the same time positions and more
or less with the same amplitude, by subtracting the mean from each row, the static echo
is eliminated. On the other hand, the echo due to other moving objects, such as the
chest, appears in different time instants of the received signal, so that the mean is differ-
ent from the samples, and its subtraction does not modify the useful information [32].

Another method, called range profile subtraction (RPS), takes the previous waveform
and subtracts it from each newly received waveform, sample by sample [33]. It can be
noted that looking at the range dimension of the range-time map, by subtracting the pre-
vious sample from the newly arrived sample, it gives a finite difference approximation of
the first derivative of the signal [34]. Accordingly, the RPS method acts as a differentia-
tor in the slow time dimension, which can be seen also as a high pass filter, with the
impulsive response, the k-th chirp can be expressed as:

hlk] = A6 [k] = Bg-16 [k—1], (2.6)

where § represents the Dirac function, k notes the index of slow time i.e. the slow time
instant, and A and B represent the amplitude of the received signal. As noted for the
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MS method, a sample will show itself in the same position and with the same amplitude
at different slow times only if it belongs to the stationary clutter. If the sample value
changes position while moving along the slow time, then it belongs to the chest motion
echo of the target. Therefore, by subtracting the previous sample, the static echo can be
eliminated [30], [35].

Additionally, there are other methods used to remove the stationary clutter of radar
data. For example, the linear trend subtraction (LTS) method is based on estimating the
static component and any linear trend long the slow time direction of the range-time
map, and on subtracting it from the original data [33], [36]. The singular value decom-
position (SVD) splits the data matrix of received waveforms into complementary sub-
spaces each representing different and independent features of the original signals. The
purpose of such decomposition is to increase the signal-to-noise ratio (SNR), in order
to reduce the effect of the stationary clutter [30]. In [37], a method based on adaptive
clutter cancellation applying with a novel dual-frequency impulse radio ultra-wide band
(IR-UWB) radar is proposed to eliminate the clutter effect. To summarize the different
methods and their respective advantages and disadvantages, Table 2.2 is listed as follows.

Method Reference | Advantage Disadvantage
Mean subtraction | [30], [31] Good performance, | Not applicable for
MS) easy to implement long term data
Range profile sub- | [34], [35] Easy to implement, | Increase the noise
traction (RPS) applicable for long | power

term data
Linear trend sub- | [33],[36] Good performance, | Complex to imple-
traction (LTS) suppress linear am- | ment

plitude instability
Singular value de- | [30] Increase the SNR Complex to imple-
composition (SVD) ment
Dual-frequency [37] Good performance Complex radar sys-
radar tem

Table 2.2: Comparison between different methods in the literature for stationary clutter removal

2.3. BODY MOVEMENT DETECTION

For the experiments monitoring the vital signs, it is assumed that the human target re-
mains stationary during the measurement period, but it is unnatural to stay stationary
for a long period of time, especially for the neonate. Since the proposed processing
pipeline is applied to monitor RR and HR when the adults or neonates are in a near-
steady state, the initial step is to identify the data segments without large body move-
ment by body movement detection approaches.

Currently, there are various approaches used for detecting body movement. For ex-
ample, an auto-correlation based technique is applied for detecting body movement
during the measurement process with IR-UWB Radar in [38]. For a stationary target, the
auto-correlation width is greater than compared to the target with body movement, as
there is comparatively less correlation among the signal samples when the target makes
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random body movements (RBM). If the correlation width is lower by a certain ratio, then
the pipeline can determine that the target is moving and thus stop the estimation of vital
signs until the target becomes stationary again.

Moreover, the body movement is detected using the range that maximizes the re-
ceived signal in [39]. The chest movement due to the vital signs can be considered as
a type of micro-motion, so the human target remains in the same range bin. A body
movement, e.g., an inadvertent movement of the adult or a change in the position of the
neonate during sleep will cause a macro-motion. If this occurs, the human target falls in
several range bins. As shown in Eq. 2.7, the range r,,, that maximizes the received signal
is estimated as:

rm(n;) =argmax RT[r, n;l, 2.7)
r

where RT|r, n] represents the range-time map, r denotes the index of range bin, n de-
notes the index of slow time, n; denotes the i-th chirp. Using a moving window of length
L seconds, the sliding standard deviation o, is computed:

1 mn 1 mn
orm)y=y/=- Y rP-(=- Y r@> (2.8)
L i=m—-L+1 L i=m—-L+1

If the moving deviation is higher than a threshold distance, this segment can be consid-
ered as macro-movement by the target, which is the discarded segment.

Additionally, the energy based methods with a customized threshold are applied
widely to detect the body movement. In [40], Shang et al. calculate the total energy value
for every k data points and compare it with a threshold to determine whether there is a
body movement. The Riemann integral of the energy spectrum with a root mean square
(RMS) based change point detection method is utilized to determine body movement in
[41]. Besides, the Riemann integral of the radar signal amplitude is studied, by Kagawa
et al [42], to calculate the body movement index. Last but not least, some approaches
are using multiple radars [43], [44], or radar paired with camera [45] to detect or cancel
the body movement. To have an overview of the different methods for detecting body
movement, Table 2.3 is listed as follows.

Method Reference | Advantage Disadvantage
Auto-correlation [38] Easy to implement Sensitive to noise,
width low accuracy
Maximum range bin | [39] Easy to implement Not sensitive for
variance long distance target,
unique threshold for
different case
Energy based detec- | [40], [41], | Easy to implement Unique threshold
tion [42] for different case
Hybrid radar system | [43], [44], | Good performance Complex radar sys-
[45] tem, complex pro-
cess

Table 2.3: Comparison between different methods in the literature for body movement detection
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2.4. RANGE BIN SELECTION

For accurate vital signs monitoring with FMCW radar, a precise selection of the target
range bin, where the vital information exists, is crucial. Otherwise, an inappropriate
range bin selection can lead to erroneous vital signs monitoring results. With the method
used in [46], the range bin that has the maximum average magnitude is selected, by Eq.
2.9, considering the reflected power from the target.

1 n
Tselected = AT MAX (; .Y RTIr, n]) : 2.9)
r i=1

where RT|r, n] represents the range-time map, r denotes the index of range bin, n de-
notes the index of slow time. This method is easy to implement with good performance,
but it can be invalid or inaccurate, when there is body movement. Furthermore, the
range bin with the maximum phase variation is chosen in [47], by the expression:

T'selected = Arg Mmax (0’%,(7‘)) ) (2.10)
r

where a%(r) represents the variance of the phase information P(r, n) of the range-time
map, r denotes the index of range bin, n denotes the index of slow time, but this method
is vulnerable to phase noise from the experiment scenario. In [48], instead of selecting
one range bin, the range bins within a certain target range are integrated together to be
used. However, the vital signs monitoring results may have a low accuracy.

Apart from the traditional methods mentioned above, a novel range bin selection
method, that exploits the coherency between the magnitude and phase of the FMCW
radar signal is studied in [49] by Choi et al. Because the magnitude and the phase contain
the displacement information by the respiration and heartbeat, both the magnitude and
the phase need to be used to select the range bin for more accurate vital signs extraction.
Since the fluctuation of the magnitude and phase in the range bin where the vital signal
exists is highly correlated, a magnitude-phase coherency (MPC) index quantifying the
coherency between the magnitude and phase in each range bin, is devised as Eq. 2.11:

X, Mrn)-Prn)
MPC(r,n) = o) o) , (2.11)
M Oop

where M (r, n) represents the magnitude value of the range-time map , o ;(r) is the stan-
dard deviation of M(r, n). Then the range bin with the maximum MPC index is selected
for further processing. Before calculating the MPC index, a bandpass filter is supposed
to be applied on the magnitude value and phase information to prevent mutual interfer-
ence between respiration and heartbeat. To have an overview of the different methods
to select the range bin, Table 2.4 is listed as follows.
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Method Reference | Advantage Disadvantage
Maximum average | [46] Good performance, | Not applicable for
magnitude easy to implement long term data
Maximum  phase | [47] Easy to implement Sensitive to phase

variation

noise

Integrate range bins | [48] Easy to implement Low accuracy in
monitor result

Magnitude-phase [49] Good performance Complex process,
coherency (MPC) not sensitive for

long distance target

Table 2.4: Comparison between different methods in the literature for range bin selection

2.5. RADAR-BASED VITAL SIGNS ESTIMATION TECHNIQUES

Once the phase information within the selected range bin is obtained, the subsequent
step involves applying estimation techniques to this phase information in order to de-
rive the vital signs estimation result. In this section, a comprehensive overview of the
current landscape of radar-based vital signs estimation techniques will be presented,
not only aiming for neonate, but also adult. One crucial point to clarify is that there are
different types of radars, but for now, this section includes all types of radars, without
categorization based on radar type or architecture.

As it is described above, the signals due to the vital signs, are low-speed signals with
small Doppler shifts and weak echoes. In the meanwhile, heartbeat leads to more feeble
chest displacement, thus radar-based RR estimation is more challenging comparing to
respiration, usually resulting in lower accuracy. Such inherent characteristic makes these
signals susceptible to being lost during the estimation process, especially for neonate’s
respiration signals, which came from a small size target. Consequently, there must be
more effective estimation techniques to detect and extract such signals.

Recently, a study conducted on six neonates to monitor their RR, employing IR-UWB
radar owing to its high penetrability and high range resolution, is reported by Kim et
al. [6]. The neonate data is categorized into three levels, based on the intensity of body
motion. With the help of the Kalman filter (KF) introduced in [38], the RR is estimated
for each level’s data, while evaluating the performance of radar measurements affected
by neonate body movement. Another study conducted by Ji et al. [50], also applies KF
to further improve RR estimation quality of adult data. The preliminary experimental
results have shown the estimated error is 1.97%-4.26%. One crucial aspect to note with
the KF is its sensitivity to model inaccuracies and uncertainties, which may lead to er-
roneous estimations [51]. In addition, a novel recovery and separation method based
on a double parameter least mean square (LMS) filter is developed by He et al. [52]. The
obtained results provide evidence that the proposed technique yields more accurate res-
piration and heartbeat signals when compared to the bandpass filter method and the
wavelet transform (WT) method.

Furthermore, in a study conducted by Beltrao et al. [3], a continuous wave (CW)
radar is used with a novel random body movement mitigation technique known as non-
negative matrix factorization (NMF), which is based on the time frequency decomposi-
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tion of the recovered respiration signal. Afterwards, the non-linear least squares (NLS)
estimator explained in [53], which explores the harmonic structure of the respiration sig-
nal of the neonate, is also employed to achieve an accurate RR estimation. And this study
yields promising results, showing the average 10 bpm accuracy for all neonate measure-
ments is higher than 97%. After applying a Butterworth type bandpass filter, a novel peak
detection method with power spectrum density (PSD) analysis is employing to obtain RR
from a neonate’s weak chest vibration with ultra-wide band (UWB) radar in [54]. Since
the neonate may move in the crib, a location algorithm is applied periodically to track
the current location of the neonate’s chest, while the neonate apnea detection is imple-
mented by a dynamic power threshold method. With the same type of radar, the ensem-
ble empirical mode decomposition (EEMD) method and continuous wavelet transform
(CWT) that the Morlet wavelet is chosen as the mother wavelet, are used jointly in [55]
to improve the SNR, separate vital sign signals and estimate RR and HR of adult.

Another novel approach has been proposed by Khaemphukhiao et al. in [56], which
uses a 24 GHz FMCW radar to monitor the RR of the neonates. The mel-frequency cep-
stral coefficients (MFCCs) are calculated and employed as features for the Gaussian Mix-
ture Model (GMM). This GMM is utilized to identify peaks in the respiration signal, en-
abling the subsequent estimation of RR for the neonate. The outcomes have an abso-
lute agreement with the standard reference under experimental measurements with a
newborn phantom. Unfortunately, it has not been tested in a real clinical setting or the
NICU environment. Additionally, an algorithm that deploys Elliptic notch filtering, com-
pressed sensing (CS) based signal reconstruction, and WT is presented in [57], while be-
ing proved to be valid for RR and HR estimation by implementing on the neonate dataset
of FMCW radar. In [58], a vital sign detection algorithm based on maximum ratio comb-
ing (MRC) and variational mode decomposition (VMD) is proposed for multichannel
FMCW radar and tested with adult data. The MRC technology is used to combine the
multichannel phase signals and improve the SNR of the phase signal, while the VMD al-
gorithm is adopted to decompose the combined phase signal. Then the resulting intrin-
sic mode functions (IMFs) are used to reconstruct the respiration and heartbeat signals
accurately.

Not only the novel techniques which have complex computational, but also the con-
ventional radar-based techniques, such as fast Fourier transform (FFT) and STFT, have
been utilized in the monitoring of RR for adult as well. In the study reported by Alizadeh
et al. [47], an FMCW radar is utilized in a bedroom environment to extract the RR and
HR of an adult target lying on a bed. Two rounds of FFT are utilized in the process. The
initial FFT is employed to generate range-time information, while the second FFT is ap-
plied to estimate the RR and HR within the specified range profile. This approach leads
to a significant 94% correlation between the estimation obtained from the radar and
ground truth from the reference sensor. Besides, another estimation method based on
FFT, called multifold high order cumulant fast Fourier transform (MHOC-FFT) is con-
ducted with Cramer-Rao Lower Bound (CRLB) in [36], to process the data of simulated
noisy signal and to estimate RR. By using the FFT and adaptive peak detection in [59],
the relative error of the HR estimation is proved larger compared to the RR, but it is still
within a reasonable range.

Moreover, a dataset of 16 volunteers is acquired with three different radars, two FMCW
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radars and one pulsed coherent (PC) radar in [60], yielding a total of 400 minutes of
radar-recorded vital sign data. Afterwards, the dataset is processed by four processing
algorithms, two of which are FFT based algorithms, while the other two are STFT based.
And this work proves that it is possible to measure RR and HR with all the radars anal-
ysed, and the best performing algorithm varies on the radar used. Moreover, no correla-
tion are founded between the power consumption of the radar and the accuracy of the
estimation. Besides, a remote vital signs monitoring method is discussed in [61], which
implements a STFT based algorithm and a wavelet filter to achieve a real-time RR and HR
estimation of adult with CW radar. Beyond those, there are other vital signs estimation
techniques, such as parameterized demodulation (PD) [62], multiple signal classifica-
tion (MUSIC) [63], [64], recursive least squares (RLS) [65] and so on. Overall, a summary
of the vital signs estimation techniques mentioned in this section, is shown in Table 2.5,
2.6.

2.6. SUMMARY

This chapter firstly introduces the mathematical signal models for cardiopulmonary ac-
tivity, formed by two components, the respiration model and the heartbeat model. As for
the radar response for the signal model, it will be described in Chapter 4. The remaining
parts of the literature review present and discuss the state of art about the main process-
ing steps, which are commonly used in the vital signs monitoring pipelines, including:

* The stationary clutter removal part, where the unwanted static echos of the re-
ceived signal are eliminated. This process enhances the clarity of the signal as-
sociated with chest movement, making it more distinguishable in the range-time
map.

* The body movement detection part, which enables the identification of body move-
ment of the target. This process allows for the selection of data segments during
near-steady conditions for subsequent processing.

* The range bin selection part, which enables the identification of the specific range
bin where vital sign information is present. This process ensures that as much vital
sign information as possible will is utilized for the pipeline.

* The radar-based vital signs estimation techniques part, which provides the tech-
niques used to effectively estimate RR and HR as final results. This process im-
proves the accuracy of the vital signs monitoring.

Based on the content of this chapter, the proposed vital signs monitoring pipeline is
designed by choosing methods or techniques described in here.
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PROCESSING PIPELINE OF VITAL
SIGNS MONITORING

This chapter gives a view of the proposed processing pipeline for monitoring the vital signs
of the target by presenting examples of real data processing. In Section 3.1, the overview
of the proposed processing pipeline is described. After that, the pre-process part of the
pipeline is introduced in Section 3.2. The data segment selection based on body movement
detection and the range bin selection are presented in Section 3.3 and Section 3.4 respec-
tively. Next, the approach used to estimate RR and HR is introduced in Section 3.5. The
procedure of processing and analysing the estimation results statistically is described in
Section 3.6. Last but not least, a summary of the proposed processing pipeline is presented
in Section 3.7.

3.1. PIPELINE OVERVIEW

The aim of the project is to monitor the vital signs of the neonates, which are RR and
HR, with the proposed processing pipeline presented in Figure 3.1. For this pipeline,
it begins with the raw data which contains the vital signs information collected by the
FMCW radar. After applying FFT and pre-process approaches, the range-time map is
generated to identify the target data segments and select relevant range bins. The next
step is unwrapping the phase for the purpose of implementing the bandpass filter and
the STFT algorithm. In order to estimate RR and HR, a peak detection approach is ap-
plied to the spectrogram derived from the STFT algorithm. Subsequently, estimation
results are compared with the ground truth and statistical analysis is performed by cal-
culating statistical parameters and drawing the correlation graph and the Bland-Altman
plot. The details of each procedure will be described by presenting examples of real data
processing in the following sections.

17
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Figure 3.1: Overview of the proposed processing pipeline for vital signs monitoring, where the square blocks
indicate the data format or structure and the oval blocks indicate the processing step or technique applied

3.2. PRE-PROCESS

Before detecting the body movement and identifying the target data segments for further
processing, it is necessary to generate the range-time map based on the raw data and
remove the clutter from the range-time map, which are regarded as pro-process in the
proposed processing pipeline.

The raw data of the FMCW radar consists of stacked in-phase and quadrature com-
ponents of each chirp. Therefore, it is necessary to sample the beat signal into each
chirp and stack in rows, a raw data matrix D[z, t] can be built, with 7 being the number
of samples per chirp over fast time and ¢ being the number of chirps over slow time. Sub-
sequently, a FFT is applied on each row of the D[z, f] matrix, resulting in the range-time
map RT|r, n], where r represents the index of range bin over fast time, n represents the
index of chirp over slow time. Two range-time maps based on the real data of adult and
neonate are shown in Figure 3.2(a) and Figure 3.2(b).

As mentioned in the previous chapter, the range-time map described above contains
stationary clutter that needs to be eliminated before detecting body movement. For the
purpose of high computing efficiency and easy implementation while ensuring good
performance, the MS method is chosen. Due to the long-term monitoring of the neonate
dataset which may span over an hour, the stationary clutter is not static throughout this
period. Therefore, the MS method requires a windowing process to handle the chang-
ing of the stationary clutter. To solve this problem, the range-time map RT|[r, n] is di-
vided into segments with a duration of 10 seconds, over slow time dimension. For each
segment, the MS method is implemented to remove stationary clutter periodically, and
Figure 3.2(c) and Figure 3.2(d) show the results of the same real data after MS method.
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Figure 3.2: Range-time maps based on the raw data of the 60 GHz FMCW radar: (a) range-time map of adult
data; (b) range-time map of neonate data; (c) range-time map of adult data after MS method; (d) range-time
map of neonate data after MS method

3.3. DATA SEGMENT SELECTION

After the pre-process section, the next step involves detecting the data segments that
contain the body movement of the target and discarding those segments. The rest of
the data segments are the ideal part for further processing, where the target is in a near-
steady state. According to Table 2.3, the auto-correlation width method is sensitive to
noise, so it is not suitable for neonate monitoring, which must be affected by ambient
noise. Due to the fact that only one radar is used to monitor vital signs in this thesis
project, the hybrid radar system method is also excluded. Since the energy based detec-
tion method is also applicable for long distance target, it is chosen to detect the body
movement and select the data segment.



3.3. DATA SEGMENT SELECTION 20

%105 Total energy value for each 10s 25 10% Total energy value for each 50s

3.5

—vaes s

= = +Threshold Line — — -Threshold Line

o

g g
> >
& 3
b &
2 2
fir woy
05
0
10 20 30 40 5 60 70 80 0 500 1000 1500 2000 2500 3000
Time(s) Time(s)
(a) (b)
Range-time ma Range-time ma
15 9 ° 80 1.5 J 2 100
75 95
70 90
1 1
= 65 B 85
T T
o o
§ §
& CON | 80

0s '\mu‘ e o o WNllm\m»lﬂMn| n

0 10 20 30 40 50 60 70 80 0 500 1000 1500 2000 2500 3000
Time(s) Time(s)

(© (d)

Figure 3.3: Bar graphs of total energy value for each k chirps and discarded segments: (a) bar graph of adult
data with an interval of 10s; (b) bar graphs of neonate data with an interval of 50s; (c) discarded segments of
adult data due to high energy associated to large body movements (in red); (d) discarded segments of neonate
data due to high energy associated to large body movements (in red)

With the range-time map, the target position can be distinguished, for example the
adult is in the range bin cells of 0.3 - 0.7 m as shown in Figure 3.2(c). After obtaining
the position of the target, the energy of the signal attributed to vital signs for each chirp
can be calculated, by summing the amplitude of the range bin cells where the target
is located. Subsequently, the next step is to calculate the total energy value for every k
chirps, and those total energy values are listed in the bar graph to compare with a thresh-
old and determine whether there is a body movement, as shown in Figure 3.3(a), 3.3(h).
If the total energy value exceeds the threshold, it indicates the presence of significant
body movement during the period of those k chirps. Then those segments will be dis-
carded, which are pointed out with the red blocks in Figure 3.3(c), 3.3(d). Here in the
adult measurement case, k equals to the number of chirps in 10 seconds, while k equals
to the number of chirps in 50 seconds in the neonate measurement case, because of the
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long-term monitoring for the neonate which may span over an hour. As for the thresh-
old, different cases require different thresholds, which can be calculated based on a large
number of tests.

3.4. RANGE BIN SELECTION

With the selected data segments, the range bin, which is the most relevant to the vital
signs, is supposed to be selected for further RR and HR estimation. Based on Table 2.4,
the integrate range bins method will result in low accuracy of the vital signs monitor
result, so this method is discarded. The remaining three methods are evaluated through
processing real data segments.

During the real data segment processing, each method processes the real data to
select arange bin as a result. The selected range bin is then compared with the manually
selected range bin, which serves as the ground truth. After processing multiple data
segments, the method that produces a result closest to the ground truth will be selected.
For each data segment, the candidate of the range bins will be selected based on the
possible positions of the target. A 5 seconds sliding window is used as a time frame to
calculate the corresponding range bins of the three methods, based on the Eq. 2.9, 2.10
and 2.11, and the range bins will be considered as the results at that specific moment.
Therefore, a graph, which shows the range bin selection of each second for this segment,
can be drawn as shown in Figure 3.4(b). The next step is to calculate the mean of the
range bins over the whole duration of the segment for each method, which is the selected
range bin for this segment. Here, for the example segment, the range bin results are 0.50
m, 0.45 m, and 0.55 m respectively, while the manually selected range bin is 0.50 m.
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Figure 3.4: Range bin selection example: (a) range-time map of the example segment of data, where the target
occupies multiple range bins; (b) range bin selection of each second for the example segment by applying
different methods

In this case, 8 different data segments have been processed as described above, of
which half are adult data, and the other half are neonate data. The results are listed in
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Table 3.1, where M1 is the result of the maximum average magnitude method, M2 is the
result of the maximum phase variation method and M3 is the result of the MPC method.
It is clear that the maximum average magnitude method performs well. Besides, the
maximum phase variation method works better for the adult data, since the neonate
data may have more phase noise. And the mutual interference between respiration and
heartbeat signal may be the cause of the maximum error in the MPC method. There-
fore, the maximum average magnitude method is chosen for the proposed processing
pipeline.

Segment Segment M1 [m] M2 [m] M3 [m] Ground
No. duration [s] truth [m]
1 40 0.50 0.45 0.55 0.50

2 50 0.50 0.55 0.60 0.50

3 70 0.45 0.30 0.40 0.45

4 70 0.60 0.60 0.60 0.60

5 200 0.58 0.46 0.54 0.58

6 250 0.42 0.38 0.58 0.46

7 300 0.50 0.62 0.58 0.50

8 400 0.42 0.46 0.26 0.38

Table 3.1: Example of range bin selection results with different methods M1-M3 for the 8 different data seg-
ments, 1-4 are adult data, 5-8 are neonate data

3.5. RESPIRATION RATE AND HEARTBEAT RATE ESTIMATION

With the selected data segments and corresponding range bins, the next step is to un-
wrap the phase to gather the phase information in the range bin. Afterwards, the band-
pass filter is implemented to minimize the interaction between respiration and heart-
beat. And the boundary of the bandpass filter is based on Table 2.1. Then, the STFT al-
gorithm will process the data coming out of the bandpass filter, to get the spectrogram,
as shown in Figure 3.5, with a 0.2-0.8 Hz bandpass filter for RR and a 1-1.8 Hz bandpass
filter for HR. In order to estimate RR and HR, a peak detection is implemented on each
column of the spectrogram over slow time.

After having the estimation results of both RR and HR, two types of error, the absolute
error e,y and the relative error e,,; can be calculated for each measurement point by:

eqps = abs(a—Db),
abs(a—Db) 3.1)

eret = —— —— -100%,

where a represents the estimated value and b represents the ground truth value. As
shown in Figure 3.6, the estimate value and ground truth, with the calculated errors can
be drawn. It is important to highlight that the presence of the apnea state can be ef-
fectively detected through the application of the threshold method, as shown in Figure
3.5(a). Between 50-70 s, the target is in the state of apnea and the threshold is set as 60
dB. Since the peak values in that period are lower than the threshold, the period is con-
sidered as apnea. Regarding the threshold value, it is not fixed and can be adjusted to
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suit the specific conditions of each unique circumstance, based on the tests conducted
in that particular situation. For instance, the threshold value is set at 80% of the mean
value of peak detected values in this case.
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Figure 3.5: Spectrogram examples: (a) spectrogram for RR estimation; (b) spectrogram for HR estimation
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Figure 3.6: Estimation result examples based on the spectrograms shown in Figure 3.5: (a) RR estimation result;
(b) HR estimation result

3.6. RESULT STATISTICS

After having the values of two types of error for both RR and HR, the properties of the
errors, including the maximum error, the minimum error, the mean of the error, and the
standard deviation of the error, will be calculated and listed in a table to evaluate the per-
formance of the pipeline, as shown in Table 3.2. Moreover, to gain a deeper understand-
ing of the estimation results, two graphical representations are generated, as shown in
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Figure 3.7. The first is a correlation graph, displaying the slope-intercept equation, the
square of Pearson correlation coefficient (PCC), and the number of measurement points.
Another is a Bland-Altman plot that shows the reproducibility coefficient (RPC), the co-
efficient of variation (CV), and the Limits of Agreement (LoA).

Property of error Type of error Respiration rate | Heartbeat rate
Maximum Absolute [Hz] 0.211 0.282

Relative [%] 40.6 225
Minimum Absolute [Hz] 0 0

Relative [%] 0 0
Mean Absolute [Hz] 0.028 0.081

Relative [%] 5.7 6.5

.. Absolute [Hz] 0.031 0.051

Standard deviation Relative %] =2 1

Table 3.2: Example table of error properties, giving statistical properties to analyse the error in the estimation
of vital signs of a data segment

The correlation graph provides a visual representation of the relationship between
the estimation results and the ground truth. Besides, it includes the slope-intercept
equation, which indicates the slope and intercept of the linear regression line fitted to
the data points. Additionally, the squared of PCC reflects the strength of the linear rela-
tionship between the estimation results and ground truth, which can be calculated by:

- G;—
HR)(ZiZHGy (3.2)
OR oG

1 & R;
PCC=
n-1 i;(

where R represents the matrix of radar measured values, G represents the matrix of
ground truth values, ¢ and o represent the mean and standard deviation respectively,
n represents the number of measurement points, which is also shown in the graph to
indicate the sample size used for the correlation analysis [47].

On the other hand, the Bland-Altman plot offers insights into the agreement and
consistency between the radar estimation results and the ground truth. As for the RPC,
it is represented as a value and a percentage, which can be calculated by:

RPC,, =1.96-std(D),

RPCper =1.96- std(L) -100%, 5:3)
mean(R,G)

where D is the matrix of the difference values between the radar measured values and

the ground truth values [66]. By presenting RPC, the reproducibility and consistency

between the estimation results and ground truth is assessed. Furthermore, another im-

portant parameter, CV can be calculated by:

oy = StdD)

=——-100%, (3.4)
mean(R;—G) °
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is displayed, providing information about the relative variability and dispersion between
the estimation results and ground truth [66]. As for the LoA, it can be calculated by:

LoA=mean(D)+1.96-std (D), (3.5)

which statistically assesses the agreement between the radar estimation results and the
ground truth [67].

After obtaining an overall perspective of the estimation results, a bar graph illustrat-
ing the absolute error properties for each measured target is generated, as shown in Fig-
ure 3.8, which allows for a detailed analysis of each individual target.
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3.7. SUMMARY

This chapter presents the proposed processing pipeline for monitoring the vital signs of a
target, using real data processing examples for illustration. The overview of the pipeline
is described in Figure 3.1, providing the outline of the entire process. Based on the pro-
cedure of the pipeline, important information is pointed out as follows:

For the clutter removal, the MS method is chosen, because of high computing ef-
ficiency and good performance. Since the long-term monitoring of the neonate
dataset and the stationary clutter may not be static throughout this period, the MS
method is applied with a sliding window.

The energy based detection method is applied with the threshold method to de-
tect body movement and select data segments, meaning if the total energy of the
segment exceeds the threshold, it will be considered as body movement.

Three range bin selection methods, including maximum average magnitude method,

maximum phase variation method, and MPC method, are evaluated by applying
them to real data segments. Based on the results in Table 3.1, the maximum av-
erage magnitude method has the best performance, so that it is utilized in the
pipeline.

As for the process of RR and HR estimation, it is mainly based on the STFT algo-
rithm with peak detection of each column of the spectrogram, which enables a
better understanding of a signal’s time and frequency characteristics while being
respond promptly to achieve real-time monitoring.

The result statistics part Section 3.6 analyses the estimation result and evaluates
pipeline performance with the help of an error property table, a correlation graph,
a Bland-Altman plot, and a bar graph, which give an overall perspective of the es-
timation result and individual analysis of each target.



SIMULATIONS AND VALIDATION

In this chapter, the validation of the proposed processing pipeline is carried out by using
simulations of vital signs based on the mathematical model. Besides, a Monte Carlo test
is implemented to evaluate the pipeline. Section 4.1 focuses on the radar response of the
cardiopulmonary activity based on the mathematical signal model described in Chapter
2. The Monte Carlo test and the selection of the window size as well as the overlap time for
the STFT algorithm are discussed in Section 4.2. Besides, to assess the pipeline’s effective-
ness, the Monte Carlo test is performed using the chosen window size and overlap time. At
the end of this chapter, a summary of the simulation work is shown in Section 4.3.

4.1. RADAR RESPONSE OF THE CARDIOPULMONARY ACTIVITY
Considering the mathematical signal model for cardiopulmonary activity in Chapter 2
and the derivations done by Su et al. in [68], [69], the position of the monitoring target at
a distance Ry from the radar, the chest movement R(¢) can be expressed as:

R(t) = Ro+ R, (t) + Ry (1)
ar @)
=Ro+ ?.(l—cos(anft))+ah-c0s(2nfh-t),

where assuming the cardiopulmonary activity has constant amplitude. Here the descrip-
tion of the chest movement is simply by summing Eq. 2.1 and Eq. 2.4 together, as shown
in Figure 4.1, but the real model is more complex as respiration and heartbeat can mod-
ulate each other. Afterwards, the phase history ¢, (¢) over slow time can be written as:

4
Ppn = e R
¢ 4.2)

:@-[Ro+%-(l—cos(.?nfr-t))+ah.cos(2nfh.t)]’

where f, represents the carrier frequency of the radar, ¢ represents the speed of the light.
An extra phase ¢, due to the wrapped phase caused by Ry is considered, and it can be

27
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expressed as:

4
Pe=wrap ”TfC'Rol . 4.3)
Therefore, the phase history becomes:
Y4
Ppi = Je R
‘ Anf. ra 4.4)
=@+ C'[é'(l—COS(Zﬂfr-t))+ah‘cos(2nfh.[)],

And the range history over slow time can be recovered from the phase history of the beat
signal as:
Pph (He

anf,
Finally, with the phase history, the beat signal over slow time, can be written as:

R(t) = (4.5)

47lcfc. %'(l—cos(2nfr-t))+ah-cos(2nfh-t)]), (4.6)

s(t)=A-exp(jpe)-exp(j

where A is the amplitude of the processed signal.

From that information, the radar response of the cardiopulmonary activity is de-
scribed by equations Eq. 4.1 - Eq. 4.6, which can be used for the simulate the chest
movement and extract the phase information contained in the beat signal. Assuming
that the beat signal is sampled for each chirp with 7 samples and stacked in columns, a
raw data matrix D(t, t] can be built, with 7 being the index of samples per chirp over fast
time and ¢ being the index of chirps over slow time. The subsequent phase of the simula-
tion work follows the same steps as illustrated in the pipeline. For the sake of simplicity,
there is no stationary clutter and body movement simulated in the simulation work.

Simulation of cardiopulmonary activity
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Figure 4.1: Chest movement due to cardiopulmonary activity, simulated using the mathematical model de-
scribed in Chapter 2
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4,2, SIMULATION AND MONTE CARLO TEST

The simulation work and evaluation process are mainly based on the Monte Carlo test.
In the Monte Carlo test, random parameters or settings are generated with a specified
probability distribution, and these random parameters or settings will be used to sim-
ulate the behavior of the proposed processing pipeline as described in Chapter 3. By
running multiple simulations with different random inputs, a statistical analysis can be
conducted to evaluate the performance of the proposed processing pipeline.

4,2.1. MONTE CARLO TEST

With the Eq. 2.1 and Eq. 2.4 to describe the cardiopulmonary activity, the next step is to
modify the respiration frequency f; and the heartbeat frequency f;, in those equations.
Therefore, in the Monte Carlo test, there are three different inputs that can be changed
randomly, including the frequency step, the time scale, and the waveform. As shown in
Figure 4.2, taking the respiration frequency as an example, the frequency step (indicated
with green mark) and the time scale (indicated with red mark) of the waveform can be
randomly varied within the defined scales in Table 2.1.
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Figure 4.2: Example of respiration frequency waveforms which change the frequency step and the time scale:
(a) frequency step and time scale in a defined pattern; (b) after frequency step and time scale changing ran-
domly to define another different pattern

Additionally, three different waveforms can be randomly selected to simulate the pat-
terns of respiration and heartbeat, as shown in Figure 4.3. One is simulating the respira-
tion frequency increasing first, going down slowly, and staying stable in the end. Another
is the respiration frequency increasing first and suddenly going down to a certain value.
The last one is simulating irregular rapid changes in respiratory frequency, which is the
most critical pattern to test the pipeline. Besides, for each simulated data segment, the
duration is 90 seconds. Then, by conducting multiple simulations with different com-
binations of these inputs, a comprehensive Monte Carlo test is applied to assess the
proposed processing pipeline, which also can be used to help with the selection of the
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window size and the overlap time for STFT.
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Figure 4.3: Different respiration frequency waveforms: waveform 1, frequency goes up and goes down slowly;
waveform 2, frequency goes up and suddenly goes down; waveform 3, frequency with irregular rapidly changes

4.2.2. WINDOW SIZE SELECTION

In the context of STFT, the window size refers to the length of the window function ap-
plied to the signal in the time domain. The window function is used to divide the signal
into shorter segments, and the size of this window determines the length of each seg-
ment for which the FT will be applied. The choice of window size affects the trade-off
between time and frequency resolution in the STFT analysis. Smaller window sizes pro-
vide higher time resolution but lower frequency resolution, while larger window sizes
offer higher frequency resolution but lower time resolution. Therefore, selecting an ap-
propriate window size is important to achieve the desired balance between these two
aspects for specific signal analysis.

The window size selection for STFT is conducted with the help of the Monte Carlo
test. The window size is set from 1 second to 15 seconds, with a 1 second increment.
And for each window size, one Monte Carlo test is conducted to record the absolute er-
ror as shown in Eq. 3.1, which will be used to calculate the properties of the absolute
error, including the maximum error value, the minimum error value, the mean value
and the standard deviation value of the error. With those properties, Figure 4.4 is drawn,
which indicates that the estimation performance becomes better with the increasing of
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the window size in the case of the window size less than or equal to about 6 seconds. After
the window size is larger than 6 seconds, the estimation performance has not changed
significantly, only the maximum error value is decreasing. Considering the frequency
resolution of the STFT, the window size is set at 12 seconds, which can achieve a fre-
quency resolution of approximately 0.08 Hz, with a relatively small maximum error.

Maximum of error Minimum of error

0.2

—6—Respiration
—©—Heartbeat |

Gl
o

—6—Respiration
—e—Heartbeat |

o M

0.8 - - 0 P———0—0—0—0—0—¢
0 5 0 15 0 5 10 15

Window time(s) Window time(s)

Value(Hz)
. .
Value(Hz)
° 2
—

Mean of error Standard deviation of error

G\ —o—Respiration
T \ —e—Heartbeat |

—o—Respiration
—6—Heartbeat

o
=
o

=
Value(Hz)
o
>
ﬁ

Value(Hz)
_—

=

S

01

0 5‘: 0 15 0 ; 1‘0 15
Window time(s) Window time(s)

Figure 4.4: Comparison of the pipeline performance with different window size, where the four sub-figures
show the changing of the error properties with different window sizes from 1 second to 15 seconds, with a
interval of 1 second

4.2.3. OVERLAP TIME SELECTION

For the STFT, the overlap time refers to the amount of time by which consecutive win-
dows overlap during the analysis. It is a crucial parameter that determines how much
information from adjacent segments is shared during the STFT computation. Choosing
an appropriate overlap time is important as it also affects the trade-off between time and
frequency resolution. A larger overlap time improves time resolution but may introduce
frequency domain redundancy, reducing frequency resolution. Conversely, a smaller
overlap time enhances frequency resolution but may result in less smooth time-domain
representations of the signal and reduced time resolution.

The overlap time selection for STFT is also conducted with the help of the Monte
Carlo test. The overlap time is set from 5% to 95%, with a 5% increment. And for each
overlap time, one Monte Carlo test is conducted to record the absolute error as shown
in Eq. 3.1, which will be used to calculate the same properties of the absolute error as
described in the previous section. With those properties, Figure 4.4 is drawn and it shows
that the estimation performance has not changed significantly with the increasing of
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overlap time, only the maximum error has a quite slight upward trend. As a result, it
can be concluded that the overlap time rarely affects estimation performance directly.
Considering the time resolution of the STFT, the overlap time is set at 95%, which can
ensure that there will be at least one measurement point per second in the spectrogram.
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Figure 4.5: Comparison of the pipeline performance with different overlap time, where the four sub-figures
show the changing of the error properties with different overlap times from 5% to 95%, with a interval of 5%

4.,2.4. SIMULATION RESULTS

With the selected window size and overlap time for STFT, the Monte Carlo test, which has
three randomly changing inputs as described in Section 4.2.1, is conducted again. For
this Monte Carlo test, there are two hundred simulated data segments with the randomly
changing waveforms evaluated to generate overall simulation results. Based on the sim-
ulation results, the properties of the absolute error and the relative error are presented
in Table 4.1.

For the estimation of RR, the absolute error ranges from 0 to 1.073 Hz, while the range
spans from 0% to 178.5% in terms of relative error. However, such high maximum errors
do not necessarily indicate poor performance of the pipeline. It is important to note that
the maximum errors represent extreme cases, which is only a small subset of measure-
ment points, and can be distinguished from the correlation graph and the Bland-Altman
plot shown in Figure 4.6, 4.7. With an average error of 0.029 Hz or 2.8% and a standard
deviation of 0.053 Hz or 5.6%, it indicates the majority of the measurement points are
accurate and the errors are relatively stable and tightly clustered around the mean value.

Same to the RR estimation, the absolute error of HR estimation varies from 0 to 0.916
Hz. While the values of relative error range from 0% to 43.6%, which is quite small com-
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pared to RR estimation, due to the fact that the ground truth of HR can be even times
larger than RR. For the same reason, the approximately same average and standard devi-
ation of the absolute error compared to RR, leads to much lower values for relative error
in HR estimation.

Property of error Type of error Respiration rate | Heartbeat rate
Maximum Absolute [Hz] 1.073 0.916

Relative [%] 178.5 43.6
Minimum Absolute [Hz] 0 0

Relative [%] 0 0
Mean Absolute [Hz] 0.029 0.029

Relative [%] 2.8 1.2

.. Absolute [Hz] 0.053 0.051

Standard deviation Relative [%] 56 51

Table 4.1: Error properties of simulation result, where two hundred simulated data segments with randomly
changing waveforms are evaluated

With high values of the squared PCC over 13700 measurement points, there is a
strong positive linear correlation between the estimation results and the ground truth
for both RR and HR. Besides, 5.3% and 2.4% CV values for RR and HR respectively show
the measurement points are relatively close to the mean level with a low variability. And
there are approximately 96% for RR and HR measurement points in the region of LoA,
with an absolute error lower than 0.12 Hz. Last but not least, such low RPC values in-
dicate satisfactory reproducibility and agreement between estimation results and the
ground truth for both RR and HR.
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Figure 4.6: Correlation graph and Bland-Altman plot of RR estimation, showing the relation between the esti-
mation results and ground truth (simulation result)
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Figure 4.7: Correlation graph and Bland-Altman plot of HR estimation, showing the relation between the esti-
mation results and ground truth (simulation result)

4.3. SUMMARY

This chapter introduces the radar response of cardiopulmonary activity with equations,
which can be used to simulate the raw data from the radar. Based on the simulated raw
data, the validation of the pipeline is also discussed with a Monte Carlo test, which has
three random inputs, including the frequency step, the time scale, and the waveform, in
order to simulate different vital signs patterns of different people. With the help of the
Monte Carlo test, the window size and the overlap time of the STFT algorithm are set at
12 seconds and 95% respectively.

Additionally, another Monte Carlo test with the three randomly changing inputs as
described in Section 4.2.1, is conducted based on the selected window size and over-
lap time for STFT to get overall simulation results. Finally, to assess and validate the
pipeline, the Table 4.1 about properties of error, correlation graphs, and Bland-Altman
plots shown in Figure 4.6, 4.7 are generated demonstrating:

 For both RR and HR, the minimum error for both types is zero, while the mean
and the standard deviation stay at an extremely low level. It should be noted that
a high maximum relative error does not mean a poor performance of the pipeline,
since the ground truth value is relatively small.

 There is a strong positive linear correlation between the estimation results and the
ground truth for both RR and HR, with the squared PCC value of 0.97 and 0.96
respectively over 13700 measurement points.

* The majority of measurement points (approximately 96%) demonstrate accurate
estimations and lie in the region of LoA, with a small absolute error of less than
0.12 Hz for both RR and HR.
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* 5.3% and 2.4% CV values for RR and HR respectively show the measurement points
are relatively close to the mean with a low variability, while the reproducibility be-
tween estimation results and the ground truth is high, as evidenced by RPC values
of 11% for RR and 4.7% for HR.



MEASUREMENT SETUP AND
EXPERIMENTAL DATA ACQUISITION

This chapter describes the radar parameters and procedures used in the experimental
measurements for data acquisition. Besides, the approaches to obtain ground truth are
also discussed. In Section 5.1, the radar information and the designed waveforms utilized
to monitor the adult and the neonate, are introduced. Procedures for data collection and
approaches to obtain ground truth for both adult data and neonate data are mentioned in
Section 5.2, while a summary of the measurement setup and data acquisition is presented
in Section 5.3.

5.1. RADAR PARAMETERS SELECTION

The experimental measurements for both adult and neonate are performed with the
same radar. Throughout the data collection process, the radar is employed with specific
waveforms tailored for different targets (adult or neonate), which are designed to opti-
mize the radar’s performance and capture the required vital signs accurately. Since the
dataset of neonate is collected by C. Ramsey, the waveform used for neonate data collec-
tion is designed by C. Ramsey, so the waveform design process is discussed by using the
adult data collection as an example.

5.1.1. RADAR INFORMATION

To perform the data collection, the MIMO FMCW radar utilized in this thesis is the Texas
Instruments IWR6843ISK mm-wave radar, the red board shown in Figure 5.1, operating
at a carrier frequency f. of 60 GHz. With high frequency, it allows for precise measure-
ments and accurate detection of minute movements, making it ideal for monitoring vital
signs for both adult and neonate. To get the raw ADC data for signal processing, there
is a supporting board attached to the radar, the DCA1000EVM, which is the green board
shown in Figure 5.1. Besides, the Millimeter Wave Studio graphical user interface (GUI)
is used to extract the raw ADC data in a .bin file.
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Figure 5.1: Texas Instruments IWR6843 mmWave radar used in this thesis, with the supporting board
DCA1000EVM

5.1.2. WAVEFORM DESIGN

As previously mentioned in Table 2.1, the amplitude of the respiration and heartbeat
has a small magnitude. Therefore, the relative motion of the chest is monitored rather
than its exact position over time, which means the Doppler resolution is an important
parameter and is required to capture the maximal velocities of the weakest respiration
and heartbeat. With Eq. 2.1 and Eq. 2.4, the movement of the chest due to respira-
tion and heartbeat is modeled, so the maximal velocities of the weakest respiration and
heartbeat, which are the corresponding minimum Doppler resolutions Av,,;,, can be
expressed respectively as:

{ dR(1) }
AVmin,r =maxy——r,
dt 5.1)
AV —max{dRh(t)} '
min,h = At .
After taking the derivative over time and applying the chain’s rule, Eq. 5.1 becomes:
AVmin,r = max (ar,min T frmin - SINRT fr.min t)) , 5.2)

AVpinn = max (_ah,min : anh,min : Sin(z”fh,min : t)) .
As the sine function can equal to 1 or -1, and a,;;, and f;;,;, are time independent vari-
ables, this expression can be simplified to:

AViinr = rmin* 7 frmin

(5.3)
AViminh = An,min* 27 fumin-
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After substituting a,;;, and f,;, from Table 2.1 into Eq. 5.3, the maximal velocities for
the weakest respiration and heartbeat are calculated to be around 0.0019 m/s simultane-
ously. Consequently, the minimum Doppler resolution Av,,;, is supposed atleast 0.0019
m/s to be able to track the weakest respiration and heartbeat of the adult. Doppler reso-
lution primarily depends on the duration of the transmit frame expressed as:

A
Trrame =570 (5.4)

with A is the wavelength. An increased number of chirps in a frame leads to improved
Doppler resolution [70]. In other words, the longer the frame period, the better the
Doppler resolution. Therefore, the minimum frame period must be atleast 1.31 seconds.

Based on the requirements for Doppler resolution and the minimum frame period,
the waveform is designed to collect the adult dataset. As for the frame period, it depends
on the number of chirps transmitted within one frame and the chirp time, which can be
calculated as:

Tframe = WNchirp* Tchirpr (5.5)
where N¢pirp is the number of the chirps in each frame, T¢p;;p is the chirp time. Figure
5.2 depicts the frame structure, which contains several sequential chirps, and a single
chirp with the main associated parameters for the waveform design.

(b)

Figure 5.2: Frame structure and single chirp with related parameters [70]: (a) frame structure; (b) chirp struc-
ture with related parameters, where x axis shows the chirp period that consists of idle time and ramp time, y
axis shows the bandwidth
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As for a single chirp, the duration is given by:
Tenirp = Tiate + Tramp» (5.6)

where the idle time T;,4;, refers to the duration that the radar is not transmitting any sig-
nals, while the ramp time T4, is the effective time the transmitter is ON to send a sin-
gle chirp. Besides, the ramp time is a significant parameter that decides the bandwidth
B, which is the parameter refers to the range of frequencies used in the modulation of
the transmitted continuous wave, with the equation as:

B=S- Trampr (5.7

where S refers to the frequency slope as shown in Figure 5.2(b), describing the rate at
which the frequency of the transmitted signal changes over time during the chirp period.
Therefore, the ramp time also plays a key role in the definition of the range resolution AR,

which can be expressed as:
c

T 2B
meaning that any increase of ramp time will lead to a finer range resolution. Since the
maximum unambiguous range R, can be determined by:

AR (5.8)

Rimax = Nagc- AR, (5.9)

where N, is the number of ADC samples per chirp, so the increasing of ramp time
will result in the decrease of the maximum unambiguous range. The range resolution
and maximum unambiguous range for the designed waveform are set as 5 cm and 6.4 m
respectively, which is sufficient to track the adult in the proposed experiment scenario
described in the next section.

Moreover, as the maximum unambiguous velocity V,, 4, can be calculated as:

A

— (5.10)
4. Tchirp

Vinax =

the ramp time plays an important role as well in the definition of the maximum unam-
biguous velocity. Besides, the number of chirps N¢p;;, and the idle time T;q4;, have a
major impact on maximum unambiguous velocity and the velocity resolution according
to Eq. 5.4, 5.5and 5.10.

The key parameters of the two waveforms are summarized in Table 5.1. The wave-
form one is designed for adult data collection, which mainly focuses on having a proper
velocity resolution to monitor the relative motion of the chest rather than the exact po-
sition to estimate the vital signs. Therefore, the total chirp period is designed to make it
as long as possible by maximizing the number of the chirps in each frame and increas-
ing the idle time, to achieve the required velocity resolution. As for the waveform two, it
is used for neonate data collection designed by C. Ramsey, and the parameters are also
listed in the following Table.
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Parameter W1 - Adult W2 - Neonate
Carrier Frequency [GHZz] 60 60
Frequency Slope [MHz/us] 30 65
Number of ADC samples per chip | 128 200
Ramp Time [us] 100 51
Idle Time [us] 5160 13
Chip Duration [us] 5260 64
Number of chirps per frame 255 2
Frame Duration [ms] 1341 50
Bandwidth [MHZz] 3000 3315
Range Resolution [cm] 5 4.5
Max. Unambiguous Range [m] 6.4 9
Velocity Resolution [m/s] 0.0019 0.05
Max. Unambiguous Velocity [m/s] | 0.2376 19.53

Table 5.1: Summary of the key parameters of the two waveforms

5.2. DATA COLLECTION

As mentioned earlier, the data collection is divided into two parts: one part involves
adult data collection and the other part involves neonate data collection, which is done
by C. Ramsey. The measurement setup, measurement cases, and ground truth devices
will be explained in this section.

5.2.1. ADULT DATA COLLECTION

For the adult data collection, the measurement setup in the indoor environment is shown
in Figure 5.3. The target is sitting and positioned in front of the radar, with a distance
varying from 0.3 m to 0.7 m between its chest and the radar. Then, the target is required
to perform the measurement cases to execute the data with ground truth devices at-
tached to the body. During the measurement, two different cases are performed to col-
lect data, while the target is required to carry out different behavior, including breath-
ing normally, breathing fast, holding breath, and RBM. And the measurement cases are
summarized as:

* Measurement case 1

Scenario: Sitting + Breath normally
— Waveform: W1 - Adult

- Distance: Vary from 0.3 m to 0.7 m
— Test duration: 80 s

Sitting + Breath normally 0 - 20 s
RBM 20-30s

Sitting + Breath normally 30 - 50 s
RBM 50 - 60 s

L R R R
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o Sitting + Breath normally 60 - 80 s

* Measurement case 2

— Scenario: Sitting + Breath normally + Breath fast + Hold breath
-~ Waveform: W1 - Adult

Distance: Vary from 0.3 m to 0.7 m

Test duration: 210 s

Sitting + Breath normally 0 - 50 s
RBM 50 -60 s

Sitting + Breath fast 60 - 110 s

RBM 110-120s

Sitting + Breath normally 120 - 170 s
Sitting + Hold breath 170 - 190 s
Sitting + Breath normally 190 - 210 s

LR IR SR R R R

Figure 5.3: Measurement setup for adult data collection

Additionally, in the adult data collection, data from 6 different measurement tar-
gets are acquired, with 3 females and 3 males. Table 5.2 shows the information of the
measurement targets, including the gender, age, height, weight, body mass index (BMI),
clothes worn by each of the targets during the data collection, also the measurement
case for each target.
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Gender Age | Height | Weight | BMI | Clothes Measurement
[cm] kgl case

1. Male 24 170 67 23.2 | T-shirt Casel

2. Female | 24 165 54 19.8 | T-shirt Casel,2

3. Male 25 183 82 24.5 | T-shirt Casel, 2

4. Female | 22 166 61 22.1 | Sweatshirt | Case 2

5. Female | 23 158 65 25.4 | Blouse Case 2

6. Male 26 180 81 25.0 | T-shirt Case 2

Table 5.2: Summary of the information and the measurement case for each each measured adult target

As for the ground truth device, the Go Direct respiration belt, as shown in Figure
5.4(a), is utilized to measure the force exerted on the chest during breathing. With the
same STFT algorithm applied to the force data, the ground truth of RR can be obtained.
As shown in Figure 5.4(b), the Checkme O2 Max wrist oximeter is worn on the wrist,
which will return an HR value every 2 seconds with a resolution of 1 bpm as ground
truth.

(b)

Figure 5.4: Ground truth device: (a) Go Direct respiration belt [71]; (b) Checkme O2 Max Wrist Oximeter [72]
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5.2.2. NEONATE DATA COLLECTION
For the neonate data collection, the radar and its supporting board are placed in a con-
tainer that will be sanitized after measurement, as shown in Figure 5.5. The outside of
the container is made of plastic, so the radar signal can still pass through the box and
measure the chest movement of the neonate. The addition of plastic between the radar
and the neonate adds more distortion to the signal. Considering it can prevent the radar
from being shocked by hanging stably above the incubator or crib and also allow for the
sanitation of the entire container after measurement, the container is still utilized.
During the measurement, the neonate is placed in the open bed crib and covered by
clothing and blankets, as shown in Figure 5.6. The open bed crib does not have a plas-
tic casing above the neonate as the incubator, which means the signal is less distorted.
Besides, there is a steel arm hanging the radar above the neonate with a distance of 0.5
meters, and the radar can be identified by the small lights in Figure 5.6, indicating that
measurement is in progress. As for the ground truth device, the conventional medical
ECG machine with contact sensors, which can also be seen in Figure 5.6, is used for the
neonate at the same time to record RR and HR in bpm each second, having a resolution
of 1 bpm.

Figure 5.5: Supporting board with the radar in the plastic container, used for the data collection on neonates
performed by C. Ramsey at Erasmus Medical Center [8]
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Figure 5.6: Radar taking measurements of neonate in open bed [8]

5.3. SUMMARY

This chapter firstly introduces the radar which is utilized in the experimental measure-
ments, and also describes the interrelation between various radar parameters by listing
equations and analysing the impact of the parameters. Afterwards, the radar waveform
used in adult data collection is designed based on the requirements of Doppler resolu-
tion and frame period, which mainly focuses on having a proper velocity resolution to
monitor the relative motion of the chest rather than the exact position to estimate the
vital signs. Besides, the waveform used for neonate data collection, which is designed
by C. Ramsey in her work in [8], is also listed in Table 5.1. Next, the measurement setup
and scenarios for both adult and neonate data collection are presented, providing de-
tailed descriptions and accompanying figures. As for ground truth devices, a respiration
belt and a wrist oximeter are used in the measurement of adults, while the conventional
medical ECG machine is employed for the neonate measurement.



EXPERIMENTAL VALIDATION AND
RESULT ANALYSIS

The validation of the proposed processing pipeline for RR and HR estimation is described
in this chapter, based on analysing the result of the experimental data collected as de-
scribed in the previous chapter. Section 6.1 and Section 6.2 discuss the experiment result
analysis for adult data and neonate data respectively. Section 6.3 investigates whether
the data from different channels of the MIMO FMCW radar will have an influence on the
estimation performance. In the end, a summary of the performance of the proposed pro-
cessing pipeline in vital signs monitoring is shown in Section 6.4.

6.1. ADULT EXPERIMENT RESULT ANALYSIS

For the adult data, it is measured under two different measurement cases, and the data
of both cases is utilized to evaluate the selection of data segments and range bins, while
only the data of case 2 is used to evaluate the estimation of vital signs.

6.1.1. DATA SEGMENT AND RANGE BIN

In measurement case 1, the RBM occurs in two periods: from 20 to 30 seconds and from
50 to 60 seconds. While the RBM takes place from 50 to 60 seconds and from 110 to 120
seconds in measurement case 2. Consequently, a total of 24 data segments are expected
to be selected. The results of the data segment and range bin selection for each target
are presented in Table 6.1, with the font of incorrect selections highlighted in bold.

The data segment selection process resulted in the identification of 25 data seg-
ments. However, there is an issue with the third segment of target 6, which is divided
into two pieces, and the 20 seconds of data in the middle is incorrectly identified as hav-
ing RBM. Additionally, two other segments are mistakenly determined with 10 seconds
less time. As a result of these inaccuracies, there are 4 segments selected incorrectly out
of the 25 segments, which means an accuracy rate at 87.5%.

Regarding the range bin selection, the ground truth is determined through manual
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selection based on the range-time map. After comparison, it is found that only two range
bins are selected incorrectly. However, the differences from the ground truth for both
cases are only 0.05 meters, indicating that the selected range bins are adjacent to the
actual ground truth range bins. Overall, there are 2 segments with incorrect range bin
selection out of the 25 segments, leading to a 92.0% accuracy rate for the range bin se-
lection. Therefore, the proposed processing pipeline is proved to be satisfactory for the
selection of data segment and range bin in the case of adult data, with in total 6 data
segments having mistakes, 4 for data segment selection and 2 for range bin selection, as
shown in Table 6.1 with bold font.

Target Case Segment | Estimated | Ground
[s] range bin | truth [m]
[m]
0-20 0.50 0.50
1. Male 1 30-50 0.50 0.50
60 - 80 0.45 0.50
0-20 0.45 0.45
1 30-50 0.45 0.45
5 Female 60 - 80 0.45 0.40
0-40 0.35 0.35
2 60 -110 0.35 0.35
120 - 210 0.35 0.35
0-20 0.50 0.50
1 30-50 0.45 0.45
60 - 80 0.50 0.50
3- Male 0-50 0.35 0.35
2 60-110 0.35 0.35
120 - 210 0.35 0.35
10-50 0.35 0.35
4. Female | 2 60-110 0.35 0.35
120 - 210 0.35 0.35
0-50 0.50 0.50
5. Female | 2 60-110 0.50 0.50
120 - 210 0.50 0.50
0-50 0.45 0.45
2 60-110 0.50 0.50
6. Male 120-150 | 050 0.50
170 - 210 0.50 0.50

Table 6.1: Data segment and range bin selection results of adult data, where the incorrect selections in terms
of either data segment detection or range bin are highlighted by the bold font

6.1.2. RESPIRATION AND HEARTBEAT ESTIMATION RESULT

After processing the data with the proposed STFT algorithm, the estimation results are
generated, based on which, the properties of the absolute error and the relative error can
be calculated and presented in Table 6.2.
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For RR estimation, under the absolute error scenario, the maximum error is 0.268
Hz, indicating the deviation from the ground truth is at a low level compared to the sim-
ulation results. Conversely, the maximum relevant error is 137.6%, which is because of
the relatively small ground truth. Additionally, the minimum error is 0 Hz for both cases,
suggesting that there are measurement points where the estimation aligns perfectly with
the ground truth. With an average error of 0.044 Hz or 14.4%, the overall bias of the es-
timation is at a promising level. The standard deviation of 0.088 Hz or 16.1% highlights
the errors are more dispersed compared to the simulation results, since the individual
differences in RR frequency between the targets can be more prominent.

Regarding HR estimation, the maximum error is 0.706 Hz and the average error is
0.117 Hz, under the absolute error condition, which is much larger than the error of RR.
The reason can be the amplitude of the heartbeat is smaller than respiration, making
it more challenging for the radar to capture accurately. And comparing to simulation
results, the mean of the error has a noticeable increase, also confirming the viewpoint
that HR is more challenging to estimate. Even so, the minimum error is still at 0 Hz,
implying perfect matches between the estimation results and ground truth can still exist.
Due to the same reason, the standard deviation values are larger than the simulation
results, but still remain at a decent level.

Property of error Type of error Respiration rate | Heartbeat rate
Maximum Absolute [Hz] 0.268 0.706

Relative [%] 137.6 55.9
Minimum Absolute [Hz] 0 0

Relative [%] 0 0
Mean Absolute [Hz] 0.044 0.117

Relative [%] 14.4 7.7

.. Absolute [Hz] 0.088 0.105

Standard deviation Relative [%] 161 6a

Table 6.2: Error properties of adult data results, where five different adult targets measured in experiment case
2 are evaluated

With results of approximately 1300 measurement points, the correlation graph and
Bland-Altman plot are drawn as presented in Figure 6.1, 6.2. The values of the squared
PCC stand at 0.92 and 0.73 for RR and HR respectively, indicating the positive linear cor-
relation between the estimation results and the ground truth is stronger in RR, which
also can be observed in the correlation graph. For RR estimation, the data points are
divided into two groups and the group with higher frequency has roughly three times
as many points as the group with lower frequency. This confirms the fact that in case 2,
the time spent in normally breathing is roughly three times longer than fast breathing.
For HR estimation, the data points are also divided into two groups, due to the fact that
target 3 and 4 have a relatively high HR compared to other targets, as shown in Table 6.3.

According to the Bland-Altman plot, 19% and 10% CV values for RR and HR respec-
tively demonstrate the measurement points have a low variability, with only a small pro-
portion deviating significantly from the mean value. With 26% and 20% of RPC values for
RR and HR, the reproducibility and agreement are lower between estimation results and
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the ground truth compared to the simulation results, which also indicates that there are
relatively moderate fluctuations in estimation results. Overall, while the result of adult
monitoring is not as good as the simulation results, but it still demonstrates an adequate
performance, which can validate the proposed processing pipeline.

Radar estimation VS Ground truth (RR)
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Figure 6.1: Correlation graph and Bland-Altman plot of RR estimation, showing the relation between the esti-
mation results and ground truth (adult data)
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Figure 6.2: Correlation graph and Bland-Altman plot of HR estimation, showing the relation between the esti-
mation results and ground truth (adult data)
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Average ground

truth value Target1l | Target2 | Target3 | Target4 | Target5
Respiration [Hz] | 0.223 0.293 0.253 0.471 0.406
Heartbeat [Hz] 1.257 1.292 1.763 1.801 1.316

Table 6.3: Average ground truth value for each adult target

The individual analysis is provided by the bar graphs in Figure 6.3, which show the
absolute error properties of estimation results for each adult target. With the minimum
errors staying at zero, it is clear that there exists accurate estimation for each target in
both RR and HR estimation. For each individual target, the variation in maximum error
is relatively pronounced, which may be due to individual differences and experimental
errors, while the mean and standard deviation of the error maintain relative stability. For
target 3, the maximum error for both RR and HR is relatively larger compared to other
targets. The reason can be that target 3 wore a relatively loose sweatshirt, making it more
challenging for the radar to capture vital sign signals.

Error properties of each adult target (HR)

Error properties of each adult target (RR) 0.8

e [ [ \viax
lax
[ Vin 0.7 [ Min |
03 T Jveen i Mean _
I Standard deviation I Standard deviation

Value(Hz)
Value(Hz)

Figure 6.3: Absolute error properties of estimation results for each adult target, note that the scale of the Y
axis is different for RR (left) and HR (right) results: (a) Absolute error properties of RR estimation results; (b)
Absolute error properties of HR estimation results

6.2. NEONATE EXPERIMENT RESULT ANALYSIS

The neonate data is measured by C. Ramsey as described in the previous chapter, and
the data are gathered from 6 different neonates. All the data will be utilized to evaluate
the selection of data segments and range bins as well as the performance of vital signals
estimation.

6.2.1. DATA SEGMENT AND RANGE BIN
As the neonate data is collected by others, the occurrence of body movement is not ex-
plicitly recorded, so there is no ground truth for data segment selection, meaning that it
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is not possible to make a precise assessment. However, by utilizing the information in
the range-time map, it is possible to demonstrate that the proposed processing pipeline
can detect a significant portion of the occurrence of body movement, based on which,
20 data segments are selected for the further process, as presented in Table 6.4.

As for the range bin selection, the ground truth is determined through manual se-
lection based on the range-time map. According to Table 6.4, it is found that only two
range bins are selected incorrectly, which are highlighted by the bold font. However, the
differences from the ground truth for both cases are only 0.04 meters, indicating that the
selected range bins are adjacent to the actual ground truth range bins. Hence, out of
the 20 segments, there are 2 segments with incorrect range bin selections, resulting in
an overall accuracy rate of 90.0% for the range bin selection. Additionally, it is evident
that neonate monitoring involves longer-term observation, so the range bin will contin-
uously change over time because of the movement of the neonate. Therefore, regarding
the neonate data, the proposed processing pipeline is also proved to be satisfactory for
the dynamic range bin selection.

Target Segment [s] Estimated | Ground
range bin | truth [m]
[m]
20 -60 0.46 0.46
1 180 - 240 0.46 0.46
300 - 360 0.46 0.46
250 - 450 0.46 0.46
2 650 - 750 0.5 0.46
1000 - 1150 0.5 0.5
3 1900 - 2000 0.42 0.42
2300 - 2450 0.42 0.42
4 400 - 800 0.5 0.5
1000 - 1800 0.5 0.5
1-60 0.5 0.5
5 80 - 140 0.46 0.46
200 - 320 0.46 0.5
350 - 550 0.5 0.5
850 - 950 0.54 0.54
1100 - 1200 0.5 0.5
6 2150 - 2250 0.5 0.5
2350 - 2450 0.54 0.54
2700 - 2800 0.54 0.54
2850 - 2950 0.5 0.5

Table 6.4: Data segment and range bin selection results of neonate data, where the incorrect selections are
highlighted by the bold font
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6.2.2. RESPIRATION AND HEARTBEAT ESTIMATION RESULT
With the proposed STFT algorithm, estimation results can be generated and the proper-
ties of the absolute error and the relative error can be calculated and listed as shown in
Table 6.5. Focusing on RR estimation, the maximum absolute error of 0.535 Hz is larger
than the corresponding value of adult results, while being smaller than simulation re-
sults. This is due to the increased complexity in neonate monitoring compared to adult
monitoring, while more extreme circumstances may occur in the simulation scenario
such as intense fluctuations in both RR and HR. On the other hand, all the properties in
relative error are smaller than the results of adult data. It is because the neonates have
a faster RR value than the adults, which means a higher ground truth, which will lead to
a lower relative error. Besides, the minimum values for both types of error are 0, which
points to instances where the algorithm precisely estimates the RR. Last but not least,
the mean and standard deviation for both types of error are at a low level, demonstrating
that the majority of measurement points have small errors and relatively low variability.
In terms of HR estimation, with the same reason as RR estimation, a similar phe-
nomenon is observed in the maximum absolute error. Furthermore, the HR values of the
neonate are even higher, with some reaching up to 3 Hz, so the maximum relative error is
decreasing while the maximum absolute error is at the same level as adult results. Con-
versely, the mean and standard deviation are increasing compared to the adult results,
under the absolute error scenario, which proves the increased complexity in neonate
monitoring again. Additionally, the mean of absolute error is even three times larger for
HR estimation, comparing to the RR estimation, while it is also higher than the corre-
sponding value of adult results, indicating the estimation for HR of neonate faces more
challenges, with a smaller size of the heart.

Property of error Type of error Respiration rate | Heartbeat rate
Maximum Absolute [Hz] 0.535 0.724

Relative [%] 62.4 36.1
Minimum Absolute [Hz] 0 0

Relative [%] 0 0
Mean Absolute [Hz] 0.056 0.143

Relative [%] 6.7 5.9

. Absolute [Hz] 0.061 0.123

Standard deviation Relative [%] =2 51

Table 6.5: Error properties of neonate data results, where six different neonates are evaluated

With the estimation encompassing approximately 5000 measurement points, the
correlation graph and Bland-Altman plot are illustrated in Figure 6.4, 6.5. As shown in the
correlation graph, the values of the squared PCC are 0.81 and 0.55 for RR and HR respec-
tively, means that RR has a stronger positive linear correlation between the estimation
results and the ground truth, while the positive linear correlation of HR is weaker.

Based on the Bland-Altman plot, compared to the adult results, the measurement
points have a lower variability, that means only a minority display significant deviations
from the mean value, which is evidenced by the 9.4% and 7.3% CV values for RR and HR
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respectively. With 0.16 Hz and 0.35 Hz of RPC values for RR and HR, the reproducibility
and agreement are lower between estimation results and the ground truth compared to
the adult results, while RPC values in percentage are decreasing because of the increas-
ing of the ground truth values as shown in Table 6.6. And it also indicates that there
are relatively larger fluctuations in estimation results. Overall, as expected, the result
of neonate monitoring falls short of the performance achieved in adult results, due to
the increased complexity in neonate monitoring. However, it still showcases a sufficient
level of performance, which serves to validate the proposed processing pipeline.
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Figure 6.4: Correlation graph and Bland-Altman plot of RR estimation, showing the relation between the esti-
mation results and ground truth (neonate data)
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Figure 6.5: Correlation graph and Bland-Altman plot of HR estimation, showing the relation between the esti-
mation results and ground truth (neonate data)
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Average ground

truth value Target1 | Target2 | Target3 | Target4 | Target5 | Target6
Respiration [Hz] | 0.827 0.896 0.786 0.756 0.963 1.082
Heartbeat [Hz] 2.457 2411 2.373 2.638 2.549 2.336

Table 6.6: Average ground truth value for each neonate target

The individual analysis is provided by the bar graphs in Figure 6.6, which show the
absolute error properties of estimation results for each neonate target. Unlike the adult
results, the minimum errors of HR for target 1 and target 2 are not zero. Once again, it
proves the increased complexity in neonate monitoring. Compared to adults, there is a
larger individual difference in the RR and HR in neonates, which can be evidenced by
Table 6.6 showing the average ground truth values and the variation of the mean errors,
particularly noticeable in the case of HR. Besides, the errors in HR are generally signifi-
cantly larger than those in RR, which also proves a smaller size of the heart makes it more
challenging for the radar to capture vital sign signals.

08 Error properties of each neonate target (RR) 1 Error properties of each neonate target (HR)
I Max [ viax
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Figure 6.6: Absolute error properties of estimation results for each neonate target, note that the scale of the Y
axis is different for RR (left) and HR (right) results: (a) Absolute error properties of RR estimation results; (b)
Absolute error properties of HR estimation results

6.3. CHANNEL INVESTIGATION
Since the MIMO FMCW radar is utilized in this thesis project, an investigation is con-
ducted to examine the potential impact of data from different MIMO radar channels on
vital signs monitoring. The core focus of the investigation involves processing the data
from different radar channels individually, and conducting a comparative analysis of the
results. To facilitate this investigation, a total of eight data segments are chosen for pro-
cessing, half are adult data and the other half are neonate data.

For each data segment, four sets of data derived from the individual receiver of the
radar, along with the sum and the mean of those four sets of data, form a new dataset.
Subsequently, the mean absolute error is calculated for each estimation result, and the
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channel with the lowest mean absolute error is identified as the best performance chan-
nel and listed in the following Table 6.7, where Seg k represents the number of the anal-
ysed data segment, C1-C4 represents the channel 1-4, C5 represents the sum of those
four channels of data, C6 represents the mean of those four channels of data. It is clear
that neither RR nor HR has a channel that always leads to the lowest mean absolute er-
ror, indicating that the performance of the channel’s data varies, so there is not a single
channel that consistently outperforms others, at least with the collected data.

Best performance

channel Segl | Seg2 | Seg3 | Seg4 | Seg5 | Seg6 | Seg7 | Seg8
Respiration C5 C3 C5 Cc2 C4 Cé6 C2 C3
Heartbeat C6 Cc2 C4 C3 C1 Cc2 Cc2 C4

Table 6.7: Best performance channel for each segment in RR and HR, based on which channel has the lowest
mean absolute error, where Seg k represents the number of the analysed data segment, C1-C4 represents the
channel 1-4, C5 represents the sum of those four channels of data, C6 represents the mean of those four chan-
nels of data

6.4. SUMMARY

In this chapter, the validation of the proposed processing pipeline is conducted through
processing of experimental data for both adults and neonates. To have a comprehensive
evaluation of the performance of the proposed processing pipeline, tables about the re-
sults of the data segment and range bin selection with their corresponding ground truth
are listed, while tables about properties of error, correlation graphs, Bland-Altman plots,
and bar graphs for individual target analysis are generated based on the RR and HR esti-
mation results, showing:

* With an 87.5% accuracy for adult data segment selection, the proposed method
demonstrates its successful functionality. As for the neonate data, where ground
truth is unavailable, it is still possible to demonstrate that the proposed method
can detect a significant portion of the occurrence of body movement, based on
the information of the range-time map. Regarding range bin selection, the accu-
racies are 92% and 90% respectively for adult case and neonate case, indicating
satisfactory outcomes.

¢ For adult data, the minimum errors are zero, which means accurate measurements
are still attainable in real measurement data. The mean and the standard deviation
increase noticeably compared to the simulation results, while a lower maximum
error occurs, since there is no rapid fluctuations of RR in real case. Compared to
simulation results, the positive linear correlation between the estimation results
and the ground truth is weaker, while the increases of RPC and CV values mean
less reproducibility and agreement and larger variability.

 For neonate data, the minimum of the errors remains at zero, meaning that accu-
rate measurements are still attainable in more complicated situations. While the
mean and the standard deviation keep increasing compared to the adult results,
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due to the increased complexity in neonate monitoring. Maximum relative errors
decrease obviously, primarily because of the higher ground truth values. Besides,
the positive linear correlation keeps weakening. The CV values decrease with a
lower variability of the estimation results, while the reproducibility and agreement
keep decreasing evidenced by absolute RPC values.

* By processing the real data segments, it is shown that the result of each MIMO
channel’s data varies, so there is not a single channel that consistently outperforms
others, at least with the collected data.



CONCLUSION AND
RECOMMENDATION

As a closure, Section 7.1 summarizes the key results of the thesis. Finally, a few recom-
mendations for the work of this thesis are shared in Section 7.2, mentioning several future
directions of work to pursue.

7.1. CONCLUSION
The main results of this thesis project can be summarized as follows:

* The proposed methods for automatically identifying the ideal data segment, where
there is no body movement occurring, and selecting the optimal range bin, which
is most relevant to the vital sign signals, have demonstrated effective performance
in both adult and neonate processing, achieving an accuracy of 90% approximately.

* The Doppler resolution plays a critical role in enabling the radar to monitor vital
signs successfully. In the designed waveform 1, a Doppler resolution of 0.0019
m/s is achieved to capture the maximal velocities of the weakest respiration or
heartbeat. A finer Doppler resolution enhances the ability of the radar to detect
the weakest vital sign signals, resulting in improved performance in estimating RR
and HR.

* Compared to the simulation results, the experimental results exhibit smaller max-
imum values of absolute error, proving that the waveform with three random in-
puts designed in the Monte Carlo test is critical enough to simulate RR and HR of
the neonate effectively, and some of their abrupt changes may not even occur in
real life scenario.

* For the estimation results, a larger relative error does not necessarily indicate a
poor performance of the pipeline, as it may be influenced by the relatively small

56
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ground truth value, especially for the case where there are only a few measurement
points with significant deviations.

* From the simulation data to real adult data, and further to neonate data, the mea-
surement errors are gradually increasing, and it can be seen from the increasing
of the mean errors, which is increasing from 0.029 Hz to 0.117 Hz to 0.143 Hz in
the case of HR. Even so, the majority of measurement errors remain within an ac-
ceptable range, which proves the performance of the pipeline. Besides, the result
of each channel’s data varies, so there is not a single channel that consistently out-
performs others.

7.2. RECOMMENDATION
Based on the results of this thesis project, some recommendations are drawn as follows:

¢ Verify the effectiveness of the pipeline for vital signs monitoring at longer distances
from the radar and under unfavorable aspect angles. Comprehensively assess the
robustness and suitability of the proposed processing pipeline for vital signs mon-
itoring in those conditions.

* Expand the current capabilities to encompass the successful monitoring of other
vital signs, such as blood oxygen and blood pressure. Conduct new measurements
for neonates to record the ground truth of all the vital signs, as well as the occur-
rence of the body movement.

* Based on the intensity of the motion, categorize body movement into different
levels. Process the data segments that contain body movement and assess the in-
fluence of different level body movements on the RR and HR estimation results.
Consider employing other signal processing techniques to mitigate the effects of
body movement.

 Evaluate the impact of different layers of clothing worn by the monitored people
on the RR and HR estimation results. Assess how different orientations in relation
to the radar, such as side, rear, and top views, affect the estimation results of RR
and HR.

 Explore the feasibility of using the existing radar system to estimate RR and HR for
multiple people simultaneously, and the inspiration can be drawn from the work
of Dirk in [73].

 Investigate modifications to the radar system, such as hybridizing with a camera
system, to achieve better estimation performance or more advanced capability.
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