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Abstract

The monitoring of vital signals is usually carried out by sensors and electrodes. How-
ever, it may not be viable or the best solution for people with burn tissues or with more
delicate skin, not to mention cases with infectious diseases, where contact should be
kept to a minimum. Thus, vital signs monitoring using radar (Bio-Radar) has become a
hot topic of research and development.

Several studies state that there is variability in vital signs between people. However,
in the Bio-Radar area, these issues have not been addressed. In this regard, this disser-
tation intends to verify if it is possible to evaluate the gender, age, Body Mass Index
(BMI), and Chest Wall Perimeter (CWP) through the use of radar signals, namely Bio-
Radar, used to the vital signs acquisition.

In order to achieve this goal, the vital signs of 92 people (46 females and 46 males),
aged between 18 and 50 years old were acquired. With this dataset, it was possible to
develop a statistical study of relevant characteristics extracted from the signals. Later,
three Machine Learning (ML) algorithms, namely Support Vector Machine (SVM), K-
Nearest Neighbor (KNN) and Random Forest, were trained to identify gender, age, BMI
and CWP.

Finally, the relation between the respiratory amplitude and the respiratory rhythm is

analyzed.

Keywords: Bio-Radar, Dataset, Gender classification, Age classification, BMI classifi-
cation, CWP classification, Machine Learning, Physiological variability, Radar signals,
Body stature variability, Vital Signs.
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Resumo

A monitorizacdo de sinais vitais é maioritariamente realizada com recurso a sensores
e elétrodos. Contudo, pode ndo ser a forma mais vidvel ou a melhor solucdo para
pessoas com tecidos queimados ou com pele mais delicada, assim como os casos de
doencas infecciosas, onde o contacto deve ser mantido a um nivel minimo. Assim,
a monitorizacdo de sinais vitais utilizando radar (Bio-Radar) tornou-se num tema de

investigacdo e desenvolvimento.

Vérios estudos indicam que existe variabilidade nos sinais vitais entre as pessoas. No
entanto, na drea do Bio-Radar, estas questdes ndo tém vindo a ser abordadas. Neste
sentido, esta dissertacdo pretende verificar se é possivel avaliar o sexo, idade, Indice
de Massa Corporal (IMC), e Perimetro da Caixa torécica (PCT) através da utilizagdo de

sinais de radar, nomeadamente Bio-Radar, utilizados para a aquisi¢do de sinais vitais.

Para atingir este objectivo, foram adquiridos os sinais vitais de 92 pessoas (46 mulheres
e 46 homens), com idades compreendidas entre os 18 e os 50 anos. Com este conjunto
de dados, foi possivel desenvolver um estudo estatistico das caracteristicas relevantes
extraidas dos sinais. Mais tarde, trés algoritmos de Machine Learning (ML), nomea-
damente Support Vector Machine (SVM), K-Nearest Neighbor (KNN) e Random Forest,
foram treinados para identificar o género, idade, IMC e PCT.

Finalmente, é analisada a relagdo entre a amplitude respiratoria e o ritmo respiratorio.

Palavras-chave: Bio-Radar, Sinais radar, Dataset, Classificagdo de género, Classificacdo
de idade, Classificacdo de IMC, Classificagdo de PCT, Machine Learning, Variabilidade
do corpo estrutural, Variabilidade fisiol6gica.
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Introduction

Monitoring vital signs is essential not only in hospitalized patients, but it is also crucial
for in-home healthcare, i.e., for bedridden patients. Usually, the most common meth-
ods based in contact means using electrodes and sensors. However, non-contact vital
signs monitoring has been gaining space in the investigation world. One method used
in non-contact vital signs monitoring is based in radar systems, namely the Bio-Radar
concept [1].

The Bio-Radar concept was presented for the first time in 1975 as a radar solution for
healthcare [2]. Thus, the Bio-Radar technology aims to combine the concept of radar
and biomedical measurements to detect vital signs such as breathing and heartbeat
without using electrodes or sensors [3]. Over time many studies have been developed
for various applications in this area, such as emotion recognition [4-7], sleep sensing
[8-12], and driver monitoring [13-15].

In the Bio-Radar technology, all techniques resort to electromagnetic waves to monitor
a subject’s vital signs; therefore, the challenges that emerged in this area are due to
electromagnetic interferences, clutter and random motions. Besides these challenges,
which are possible to solve with properly hardware or software, there are characteris-
tics, related with the individuals” physiological and body stature variability that affect

the breathing [16], and consequently may affect the received signals.

This dissertation purposes a study about the impact of the physiological and body
stature variability in the acquisition of vital signs with non-contact, via Bio-Radar, namely
gender, age, Body Mass Index (BMI), and Chest Wall Perimeter (CWP).

1



1. INTRODUCTION 1.1. Motivation

1.1 Motivation

In this area, many experiences have been developed in subjects. The population in
these studies is predominantly mixed. However, the obtained results are not analyzed
by gender, and the data related to each person as height, weight, and age, are provided
for readers’ knowledge.

For this reason, this work will be focused on verifying if there are notorious differences
in vital signs acquired by the Bio-Radar system related to gender and body stature.
Moreover, it will be evaluated if it is possible to identify the subject’s gender, age, BMI,
and CWP from only the information presented in the radar signal. In other investiga-
tion areas, some studies state that there are indeed physiological differences between
genders, such as airways, lungs dimensions [17-21], chest wall movements [22], body
stature [23-25], and diaphragm dimensions [23]. These physiological differences might

have an impact on respiratory function and consequently on signal acquisition.

In addition to the existing gender differences, other studies indicate that BMI may in-
fluence the signals acquired by this system since a higher percentage of body fat is
associated with lower lung volumes [26]. Also, aging causes a decrease in the expan-

sion capacity of the chest wall. These facts may lead to lower inhaled air in these cases.

The main goal of this work is to verify studies, in other areas, stated about the exis-
tence of physiological differences related to genders, and body statures, are noticeable
in the acquired signals. In case they are perceptible, it can bring advantages: at the
system level, it is known that algorithms will have to be developed that are as generic
as possible; at the instrument level, once it has been able to notice these variabilities,
through the signal, it will be possible to study ways of identifying people, diseases or
other conditions.

Besides the main goal, this work also aims to categorize people by gender, age, BMI
and CWP, through the collected respiratory signals. It is intended to perform this
categorization by training ML models. For this reason, and due to the scarcity of public
datasets with the required characteristics and information, it is necessary to obtain a
large as possible dataset.

1.2 Objectives

Knowing all the challenges and motivations of this dissertation, the main objective of

this dissertation is to conclude about the possible impact of physiological differences

2



1. INTRODUCTION 1.3. Document Organization

between genders or body stature in Bio-Radar vital signs acquisition. In this way, the
specific objectives of this dissertation are:

¢ Collect vital signs from a wide group of subjects. This process will be carried out
using the Bio-Radar prototype developed in [27]. In this step, it is essential to
balance the population of volunteers that will be participating in this study;

¢ Analyse the data collected in the previous step. This analysis will take into con-
sideration information about each subject, such as height, weight, age, and chest

wall perimeter;

* Conclude about the previous data analysis and the possible impact of all the
physiological differences;

¢ Extract features from the radar signal and analyse them statistically;

¢ Distinguish the gender, age, BMI and CWP group of the participants, through
ML, giving as input, the features statistically significant.

1.3 Document Organization

This section describes the dissertation’s structure and each chapter’s content. The dis-

sertation is divided in the following 6 chapters:

¢ Chapter 1 - The current chapter reveals the identified challenges that led to mo-
tivations for this study and work. Furthermore, all the objectives established for

the success of the dissertation are summarised here;

* Chapter 2 - This chapter summarises how the respiratory and cardiovascular sys-
tems work, their movements and main muscles associated with them. In addi-
tion, some physiological differences between genders, aging, BMI are presented
at the lungs, chest wall, and diaphragm levels. To close the chapter, there is a
section dedicated to the non-contact acquisition of vital signals, where the three
main Bio-Radar operating modes are described, as well as the choice of which
will be used for the practical part of the dissertation. Also, this section describes
the chosen Bio-Radar prototype in detail. To conclude, a survey of the studies de-
veloped with the same operating mode is carried out to highlight the innovation

presented in this dissertation;

¢ Chapter 3 - The preliminary study of the Bio-Radar model and the signal pro-

cessing is presented in this chapter, beginning with the DC offset estimation and

3



1. INTRODUCTION 1.4. Contribution from the developed work

its removal, and then the determination of the respiratory signal amplitude and
RR calculation;

¢ Chapter 4 - This chapter is dedicated to the experimental part of the disserta-
tion. First of all, the scenario where the acquisition of the vital signs took place
is described, as well as the set-up assembled to perform them. After that, a brief
description of the achieved dataset is made. In this chapter it is also described

the complete analysis of all the Bio-Radar signal features.

¢ Chapter 5 - In this chapter the application of ML are explained in detail. Further-
more, the results of the application of the ML, i.e. the possibility of gender, age,
BMI and CWP classification are revealed;

¢ Chapter 6 - In this last chapter, conclusions about the developed work are pre-

sented, and future improvements are pointed out.

1.4 Contribution from the developed work

Considering the state of the art presented in this dissertation, there are some important
contributions:

* Machine learning algorithms were applied using the acquired vital signs and it
was possible to identify the subject’s gender, age, BMI, and CWP with an accu-
racy of 76.66%, 71.13%, 72.52%, and 74.61%, respectively.

With the developed work from this dissertation, it was submitted the following papers:

* Beatriz Soares, Carolina Gouveia, Daniel Albuquerque, and Pedro Pinho. "Im-
pact of Body Stature and Physiological Variability in the Acquisition of Vital Signs

using Continuous Wave Radar", IEEE Sensors.
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It was also published the following paper:

* Beatriz Soares, Carolina Gouveia, Daniel Albuquerque, and Pedro Pinho. "Im-
pact of the Human Variability in the Bio-Radar Signals", 16th Congress of the
Portuguese Committee of URSI "Quantum communications: what future?", Lis-
bon, Portugal 2022.

At last, this project won the best project in the "Social Responsibility" category award,
16th Congress of the Portuguese Committee of URSI "Quantum communications: what
future?", Lisbon, Portugal 2022.






Vital Signals Acquisition with Radar

2.1 Vital Signals

Throughout the following chapters, core topics of the work herein described are physi-
ological and body stature variability in acquiring vital signs with Bio-Radar. Therefore
basic knowledge of the respiratory and cardiovascular systems is indispensable. In the
present section, a brief introduction is done regarding the cardiovascular and respi-
ratory systems, focusing on their principles and how they can be detected at the skin
surface by the radar.

2.1.1 Cardiovascular System

The cardiovascular system comprises the heart, blood vessels, and blood. Its primary
function is transporting nutrients and oxygen-rich blood to all body parts and carrying
deoxygenated blood back to the lungs [28]. The heart pumps blood through the lungs
to all body tissues. When the heart muscles relax (diastole) and contract (systole), it
generates a pressure change that drives blood. The heart is located in the chest cavity,
and during the cycles, the size of the heart changes, causing biomechanical activity at
the chest wall that can be detected in the skin surface by non-contact sensors [29].

Usually, in healthy patients, the biomechanical activity of the right ventricle cannot be

7



2. VITAL SIGNALS ACQUISITION WITH RADAR 2.1. Vital Signals

detected through palpation. The movement that causes a more significant displace-
ment, perceived at the chest wall surface, is from the left ventricle [30]. While contract-
ing, the heart becomes spherical, and its diameter increases, causing more pressure
against the chest. Furthermore, it rotates, making the lower frontal part of the left ven-
tricle reach the chest wall front [31]. Thus, in healthy subjects, the impulse caused by
the left ventricle can be easier detected through the Point of Maximal Impulse (PMI)
(the point where there is a maximal impulse against the chest). This point is located
above the anatomical apex, between the fourth and fifth intercostal spaces of the left
mid-clavicular line (Figure 2.1) [32].

Right ventricle

ventricle

Figure 2.1: Heart location on rib cage [29].

2.1.2 Respiratory System

The respiratory system’s primary function is the exchange of the gas allocated in the
lungs. In other words, it is the exchange between the carbon dioxide and oxygen in-
haled. In addition to this function, the respiratory system is also responsible for main-
taining the balance of the acid-base levels [33].

Typically, the level of ventilation is measured with the respiratory rate and the tidal
volume. The organ systems, like the nervous system, the cardiovascular system, the
respiratory system, and the excretory system, can cause alterations in the respiratory
system’s function, meaning that the respiratory system is a mirror of the health state
of the whole body. The respiratory rate, rhythm, regularity, depth, and volume can
indicate the imbalance and the respiratory disorders. Some of these disorders, when
continuously monitored, can be avoided. Below are presented a few examples of such
disorders [30]:



2. VITAL SIGNALS ACQUISITION WITH RADAR 2.1. Vital Signals

Respiratory distress syndrome;

Pulmonary edema and embolism;

¢ Pneumonia;

Chronic Obstructive Pulmonary Disease (COPD);

Severe heart failure;

Low blood volume.

Throughout the respiratory cycle, muscles contract to produce changes in the volume
of the thorax. This causes pressure differences between the thorax and the external
environment, moving the air inside or outside the lungs, going from a higher pressure
level to a lower one. The thorax and the abdomen motion causes displacements at the
skin surface, which are measurable by a radar [30]. Figure 2.2 illustrates the location of
the muscles associated with breathing.

Rib
Intercostal muscles

Thorax Lung

Abdominal cavity

Abdominal muscles

Figure 2.2: Location of respiration muscles [34].

During normal breathing, no muscles are contracted for expiration, except when the
subject is speaking or singing, i.e., in quiet breathing, there is no implied effort for ex-
piration. In inhalation, the diaphragm contracts, the thorax elongates, and the volume
increases, pushing the abdominal area forward. Figure 2.3 shows the behavior of the
thoracic cavity during the breathing process (inhalation on the left and expiration on
the right). In light inhalations, the diaphragm extends 1-2 cm, while in deep inspiration
it can reach 10 cm [35, 36].
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Inspiration Expiration

Thoracic cavity
expands

Thoracic cavity

reduces
External intercostal External intercostal

|
muscles contract muscles contract

Diaphragm

Diaphragm
contracts

Figure 2.3: Thoracic cavity during the breathing process [37].

Upper ribs Lower ribs Lowest ribs
“Pump Handle” “Bucket Handle”

Figure 2.4: Rib cage motion during the breathing process [34].

There are three types of rib movement at different points in the rib cage: the “pump-
handle” motion of the upper ribs, the “bucket-handle” motion of the lower ribs, and
the “caliper” motion of the lowest ribs [34]. In Figure 2.4 it is represented the rib cage
motion characterization:

* Pump Handle: Consists in an upward rotation of the upper ribs around their axis
[36].

* Bucket Handle: Lower ribs can glide and rotate because they connect to the spine
differently from the upper ribs [36].

10
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* Caliper: Lowest ribs displacement occurs because they are not connected to the
sternum [36].

2.1.3 Physiologic Gender Variability

The physical differences between men and women are evident. Besides these, the
physiologic ones are also notable. The respiratory function is directly related to gender
differences, specifically, with physiologic differences between both (men and women)
[17]. In this subsection, it will be presented some differences between genders. They

might impact respiratory function and, consequently, radar signals acquisition.

2.1.3.1 Lung Differences

Firstly, this study will focus on the impact of gender on the lungs. The difference
between gender at the physical level during the respiratory cycle starts immediately
with the difference in the size of the nasal cavity, where males have larger nasal cav-
ities [17]. Their lungs are bigger, not only in terms of volume, but also in terms of
their volume variations [18-21]. Furthermore, the respiratory rate is slightly higher
in women than in men [18]. Men have significantly higher mean values for all lung
variables, both lung volumes and maximal flow rates, except for resistance which is

considerably lower in men, according to [38, 39].

Men have bigger lungs than women and that fact has been shown using different
approaches: standard morphometric methods [40], chest radiographs [23] and three-
dimensional geometric morphometric methods on computed tomography scans [22].
The lung forms differ between males and females, being more pyramidal in the male’s
cases and more prismatic in the female’s cases [22]. Sex differences are also present
in the volume and configuration of the rib cage. Women are characterized by a dis-
proportionately smaller rib cage size than men. Specifically, the cross-sectional area,
the anterior-posterior internal, and the lateral diameters are lower in different lung
volumes [23, 41].

However, in literature, there are evidences that the differences in pulmonary function
(namely lung volumes, maximal expiratory flow rates, diffusion surfaces, and maximal
pulmonary ventilation) between females and males are primarily due to the smaller

height and trunk size in women [41].
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2.1.3.2 Chest Wall Differences

In terms of Total Lung Capacity (TLC), women present a more rounded rib cage than
men. The different thoracic configurations in women are also shown by a different ra-
tio between rib cage cross-sectional area and diaphragm dome height [23]. The higher
rib cage dimensions in men are obtained in radiographs, among other techniques, as
mentioned before (lungs dimension). With infrared imaging techniques, it has been
proved that the male rib cage has a higher anteroposterior diameter and larger perime-
ters, cross-sectional area, and volume [24]. In addition to being larger, the ribs of males
are also deeper than the ribs of females with the same height, and this is linked to a
larger rib cage volume in males [25]. In women, the movement of the ribs is predomi-
nantly "pump-handle"”, and in men is "bucket-handle", as suggested by [22].

In [42], a study was developed about the thorax and abdomen movement distances
in 100 healthy subjects (50 males and 50 females). The population dimension is rela-
tively large and complete, so it is possible to draw generalized conclusions about the
impact of gender on respiratory movement. Nonetheless, the state of the art of [24]
study is controversial, i.e. while some authors [43, 44] reported a relatively greater rib
cage motion in women, others as [45, 46] did not. The results refer that upper tho-
racic movement was significantly decreased with age, with females exhibiting slightly
more rib cage movement during deep breathing. Also, in [24], it is possible to validate
the previous statement, where female subjects were characterized by smaller dimen-
sions of the rib cage compartment and during quiet breathing by lower tidal volume
(amount of air that moves in or out of the lungs with each respiratory cycle).

2.1.3.3 Diaphragm Differences

Relatively to the diaphragm, in both Residual Volume (RV) and TLC or Functional
Residual Capacity (FRC), the length of the diaphragm is approximately 9% shorter in
females than in males [23]. The results of [42] also refer that there was less abdominal
movement in females than in males. In deep breathing, males showed predominantly

more diaphragmatic breathing when compared with females.

2.1.3.4 Body Mass Index Differences

Regarding BM]I, it is common knowledge that weight increase leads to a BMI increase.
Weight affects respiratory parameters as it causes short airway dysfunction, limitation

of respiratory flow, respiratory muscle strength, decreased pulmonary gas exchange,
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and decreased respiratory control [47]. In [47] the authors also refer decreasing of lung
expansion if fat deposits over the diaphragm, abdomen, and intercostal muscles. Other
studies mention that higher perceived body fat is associated with lower lung volumes
[26, 48]. These characteristics can affect a received signal because it may have a lower
amplitude when BMI has a higher value.

2.1.3.5 Aging Impact

Relatively to aging, [49] proves that the body stature changes to the thoracic cage cause
chest wall compliance. The same study reveals that stiffening of the thoracic cage from
calcification to the rib cage and age-related kyphosis ! from osteoporosis reduces the
ability of the thoracic cage to expand during inspiration and places the diaphragm at
a mechanical disadvantage to generate effective contraction [49]. In sum, and as [51]
refers, all the components of the respiratory system are affected by aging, such as the
lung elastic recoil decreasing, the muscles losing strength, and the respiratory center
being less sensitive. These characteristics can affect a received signal, as it can have

less amplitude; this means that the received signal may be weaker and more irregular.

2.1.3.6 Discussion

In summary, men have most parts of trunk dimensions bigger than women [17, 22—
24]; this means that men may have more space to accommodate lungs during inhaling.
Moreover, men have higher tidal volume for the same weight than women, which
implies that the movement of the men’s rib cage may be greater than women with the
same weight [24]. As a result, during the analysis of the acquired signal, a greater

amplitude may be observed in the case of men compared with women.

The study done in [52] compares the power absorption of females and males, where it
is preferred that the Whole-Body-Average Specific Absorption Rate (WBA-SAR) in the
band 0.1 GHz to 4 GHz increase with the subcutaneous fat. Considering that women
may have more subcutaneous fat than men in the thorax, this means that at these fre-
quencies, females may present more absorption in this zone. Consequently, the re-
flected wave may have a lower amplitude in females than in males. However, the pro-
totype used in this work operates at a higher frequency (5.8 GHz). Hence, the reflection
of the incident wave in the chest wall will be greater [53]. This way, the difference in
the reflected wave amplitude between females and males might decrease.

!Kyphosis is an exaggerated, forward rounding of the upper back [50]
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Also related to subcutaneous fat is the BMI, relating also with the study, where it states
that the respiratory amplitude is lower the higher the BMI value is [47]. So, it is ex-
pected that the respiratory signal has a lower amplitude in individuals with higher
BML

With advancing age, all respiratory functions are affected, as is the expansion of the rib
cage on inspiration, the lung elastic recoil decreasing, the muscles losing strength, and
the respiratory center being less sensitive [49, 51]. Thus, breathing gets weaker and

weaker with advancing age.

2.2 Remote Detection of Vital Signals Using the Bio-Radar

Given the recent events, the idea that we can be infected by airborne viruses changed
the way we live. This fact catalyzed the investigation of the acquisition of vital signs,

such as heart and respiration rates of a human subject, with non-contact techniques.

The radar is a device that allows object detection and location by transmitting an elec-
tromagnetic wave and detecting the echo reflected by the target, such as an aircraft or
a body. Military forces secretly used the first radar system in the Second World War
to track targets over long distances. Over time, radar technology has been applied in
other areas of interest, such as healthcare. The Bio-Radar concept has not emerged re-
cently. It was presented for the first time in 1975 as a radar solution for healthcare [2].
Thus, the Bio-Radar technology aims to combine the concept of radar and biomedi-
cal measurements to detect vital signs such as breathing and heartbeat without using

electrodes or sensors [3].

2.2.1 Radar Operation Description

The Doppler Radar operates according to the micro Doppler effect. It detects moving
targets and can compute their velocity, one of the most common applications being
traffic control. The Doppler effect is the apparent difference between the received wave
frequency and the transmitted wave frequency, which is observed whenever the target
is moving to the radar [30].

Radars with different operation modes can be used to capture vital signs from the hu-
man chest surface. In this system it is possible to have three operation modes: Contin-
uous Wave (CW), Frequency-Modulated Continuous Wave (FMCW) and Ultra Wide-
band (UWB) [54]. Figure 2.5 represents the three operation modes mentioned later in

the document.
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Since the radar system is stationary, the received frequency is the same if the subject
is also static since the same number of Wave/s is received. However, assuming that
the target moves towards or away from the radar, different frequencies are received:
in case the movement is towards the radar, a higher frequency is received due to the
higher number of received Wave/s. In contrast, if the target goes backward, a lower

frequency is perceived due to the lower number of Wave/s received [30].

Knowing that each wavelength corresponds to a phase change equal to 2r radians, the
frequency shift effect can also be measured through a phase change.

TX——< )))
RxX———= LL(

v AV
owe \N\—\/\—

Figure 2.5: Bio-radar with different operation modes.

2.2.1.1 Continuous Wave

The CW radars transmit a continuous signal with the same frequency. The radars with
CW mode are known for their simplicity, so they are the most common type. A typical
radar transmits and receives a Radio Frequency (RF) continuous signal with a narrow
bandwidth. A system based on this operation mode is composed of a signal generator,
which generates the signal that will be transmitted and down-converts the received
signal at reception. Since the system usually is handled with narrowband signals, it
is possible to perceive the frequency shift due to the Doppler effect when the target is
moving. In that way, the radar can measure the velocity of the target’s motion, and

this characteristic enables one to distinguish between a moving target and stationary
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objects independently of its distance (considering the radar’s range), or its velocity
[55].
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2.21.2 Frequency-Modulated Continuous Wave

Still within the context of CW radar, the FMCW transmits a continuous signal, which is
frequency modulated. The FMCW allows the computation of the target’s velocity and
the distance between the target and the radar. This type of radar improves the range
resolution, which is not the case with CW [56]. There are two best-known forms of
frequency modulation: linear and triangular. In this way, in both cases, the frequency
increase and decrease linearly over time. However, the frequency decrease in linear
modulation is instantaneous, as Figure 2.6a illustrates, contrarily to the Figure 2.6b.
In both cases, represented in Figure 2.6, the transmitted signal is represented by the
solid triangular waveform, and the dashed curve represents the received echo signal
from a stationary target. The second curve is delayed concerning the first 7 = £
seconds (where R is the distance between the sensor and the target, and c is the wave
propagation speed). Based on Figure 2.6, the bandwidth of the modulated signal is
equal to Ay, and it determines the precision of the range measurement. Thus, f,, is the
rate at which modulation is done, and it determines the maximum detectable range
without ambiguity. As a result of the relation between the transmitted and the received
echo signal is a frequency difference, represented by f,, it is expected that it changes
according to target movements [30].
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(a) Linear frequency modulation. (b) Triangular frequency modulation.

Figure 2.6: Frequency-time relation in an FMCW radar with linear (a) and triangular
(b) frequency modulation [30].

2.2.1.3 Ultra Wideband Radar

The UWB Radar is the most common and used derivation of pulsed radar. In contrast
to the CW and FMCW examples presented above, the UWB radar transmits a pulse, so
it has to transmit and receive in different moments. Consequently, the Tx and Rx do
not operate simultaneously; this implies that the time for the pulse to repeat must be

longer than the travel time of the wave transmitted by the radar and the echo reflected
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on the target [36].

Because reflections are not acquired during signal transmission, transmitter leakage
and parasitic reflections are separated temporarily from long-range targets. This means
that reflections that occur immediately from short-range objects are not detected since
waiting for the full transmission is necessary. This radar can measure the target dis-

tance through the received pulse delay [36].

2.2.2 Comparison

In Sections 2.2.1.1, 2.2.1.2, and ??, three operation modes were described. In this sec-
tion, their advantages and disadvantages will be discussed to refute the choice of the
radar type used in this dissertation.

Since the FMCW and the UWB radars use a aconsiderable amount of bandwidth, they
can have range isolation between the target and the clutter; this means that CW radars
are not able to estimate the target distance and discriminate the target in noisy envi-
ronments. On the other hand, the range resolution of the CW radars is limited just only
by the system noise, whereas in the FMCW and UWB radars is also constrained by the
used frequency bandwidth [30].

As mentioned in Section 2.2.1.3, in UWB radars, the interval between the transmission
and the reception must be longer than the travel time of the wave transmitted by the
radar, and the echo reflected on the target. This implies that in case the target is posi-
tioned at different distances, the interval between the transmission and the reception
needs to be adjusted [57].

Both radars, CW and FMCW estimate vital signs using phase measurements, which
can be seen as an advantage for this type of radar since they are able to determine the
target’s and object’s velocity, and distinguish between a moving target and stationary
objects [55, 56]. Concerning the CW radar, this system is simple to implement because
it has a single oscillator for the transmitter and receiver. Considering that this radar
estimates the vital signs using phase measurements and that it could provide high
precision results [30], it will be an advantage for this application. Additionally, the CW
is the only one that is able to operate in Industrial, Scientific, and Medical (ISM) band,
by the fact that FMCW, and UWB radars should enforce compliance with emission
masks issued by regulatory bodies [57]. This way, the radar used for the experimental

studies in this dissertation is the CW.
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2.3 Vital Signals Acquisitions Using CW

This section summarizes some studies on acquiring vital signals using the CW radar
over time. A brief description of the prototype used later in this work, specifically the
hardware that constitutes it, is also provided.

2.3.1 CW Radar Constitution

As mentioned before, the Bio-Radar prototype used in this dissertation was previously
developed in [27], and its operating principle is depicted in Figure 2.7. This system is
constituted by a CW Doppler radar which continuously transmits a sinusoidal carrier
that is generated digitally and receives the reflected signal by the target. As a result of
the Doppler effect, there is a phase shift as the subject’s chest wall moves towards or
away from the radar, creating a phase modulation in the received signal [30]. The main
purpose of this system is to estimate respiratory and heart signals. This information

can be obtained through the phase extraction of the received signal.

The signals from the subject have low amplitude, with their bandwidth occupying
short ranges close to DC. They are susceptible to several noise sources, such as clutter
from the scenario reflections. The Digital Signal Processing (DSP) Module executes
an algorithm developed for the rigorous extraction of information from bio-signals.
Considering these characteristics, the signals system is defined as a scenario in which
the only disturbance source is the parasitic reflections from nearby standing objects.
Figure 2.8 represents the implemented DSP algorithm [58]. After applying a low-pass
filter to the acquired signal, the resultant signal is decimated to reduce its original
sampling rate to a lower one. DC offset removal is the next step in the DSP module.
Considering that an arc represents the received signal, in an ideal scenario, its center
should be on the referential origin of the polar plot, and the DC offset is the deviation of
the arc center from the referential origin. Therefore, it should be compensated. Lastly,
to represent the received vital sign in the time domain, it is mandatory to apply the
arctangent demodulation [59]. Finally, the Recovered Signal Module displays in real-

time the respiratory signal and computes its rate [27].

The carrier frequency selection is an important topic because it affects the fundamental
operation of the system. It also influences physical characteristics in the transmitting
environment, such as the antenna size, the range for subject detection, and resolution.
The usage of high frequencies brings advantages, such as an increase of the Signal-to-

Noise Ratio (SNR) and the possibility to use more compact and portable radar modules
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Figure 2.7: Block diagram of the bio-radar system, adapted from [27].
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Figure 2.8: Block diagram of the bio-radar system including DSP module, adapted
from [60].

(smaller size antennas can produce the same gain and directivity) [30]. However, car-
riers with higher frequencies make it challenging to measure breathing and heart rate
simultaneously [27] because, with higher frequencies, the arc length increase and con-
sequently can become a circumference. The chosen carrier frequency is 5.8 GHz and
belongs to one unlicensed band. The system uses two 2 x 2 patch array antennas, one
for transmission and the other for signal reception [27], as Figure 2.9 illustrates.

Figure 2.9: Patch antennas - Tx and Rx.

The main hardware module of this prototype is the USRP B200 platform, which is
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represented in Figure 2.10, with a continuous frequency coverage from 70 MHz - 6
GHz [61]. Through this platform, it is possible to program the characteristics, such as
the power of the transmitted wave or its sampling frequency, of the Bio-Radar.

Figure 2.10: USRP B200 platform [61].

2.3.2 State of the Art Review

Numerous experimental studies on acquiring vital signs with Bio-Radar have been
presented over time. In this section, a brief descriptive summary of some studies is de-
veloped, describing how the experiment is carried out, the frequency of the Bio-Radar,
the population under study, and the results obtained. The Bio-Radar can be helpful in
different applications, such as sleep monitoring, emotion recognition, child occupation
detection in the vehicle interior, heart tracking, and general vital signs acquisition. Of
all the CW radar studies read for developing this state of the art, twenty-five were se-
lected, shown in Table 2.1. Of the selected studies, three do not refer to the number of
subjects analyzed, four make no distinction between genders, and only one concludes
about the impact of gender on the results.

Going back in time to 2002, in [62], a system was developed to detect vital signs. This
system is based on the motion sensing principle of the Doppler effect. The experimen-
tal part was measured by just one person, using CW, operating at 10 GHz.

In 2009, in [63], a system was developed to measure the heartbeat and respiration rate.
In single-channel mode, these measurements have a mean error of +3 beats/min. On
the other hand, with arctangent demodulation and autocorrelation (the method found
to make the system more accurate and reliable) was obtained +1 beat/min, in an In-

phase and Quadrature (IQ) receiver configuration. This conclusion was made using an
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experiment, with unknown population size, and without reference to the gender of the
participants, where they would be 1.5m or less away from the CW Doppler radar at a
frequency of 2.4 GHz [63]. Also, in 2009 an investigation was presented on the Heart
Rate Variability (HRV), and the Respiratory Sinus Arrhythmia (RSA) indices using data
obtained from Doppler radar cardiopulmonary remote sensing [64]. This method was
validated using data obtained from 12 subjects in seated and supine positions. Results
from radar correlated well with the ones obtained through respiratory piezoresistor
chest belts. In this study, the experimental measurements were made in 12 subjects
using 2.4 GHz [64].

Moving forward a few years, in 2012, a radar signal processing method was intro-
duced to extract the respiration and heart rates from a single person [65]. To prove the
method’s validity, vital signs were acquired from stationary males by a CW Doppler
radar unit. The sensor operating at 24 GHz was located 0.5 meters away from the

subject (in this study, the vital signs of 2 males were measured) [65].

In 2014, a sensor was developed to reconstruct the chest wall movement caused by
cardiopulmonary activities accurately [66]. An algorithm was developed to estimate
the respiratory and heartbeat rate and some indicators of HRV. The sensor system
included a CW radar operating at 5.8 GHz. It was tested on 10 volunteers, 5 males,
and 5 females. However, the results did not refer to the differences between vital signs

acquisitions on both genders [66].

One year later, in [67], a contactless sleep sensing system was presented that contin-
uously and unobtrusively tracks sleep quality. During the experiment with 8 partic-
ipants (once again, unknown gender), tests were performed with five sensor orienta-
tions: in front of the bottom of the feet, in front of the chest, in front of the side of
the torso (which has a lower Mean Absolute Error (MAE)), in front of the top of the
head and front of the back. The sensor (CW radar) transmits a 24 GHz signal over
a distance range of 0.5 m to 2 m. In the same year, a Doppler radar sensor system
was developed for vital signs detection, and activity monitoring inside a RF shielded
room [68]. Throughout the experience with a CW Doppler radar operating at 34 GHz,
the ten male volunteers were in four different positions, performing different actions:
walking, standing, and lying [68].

In 2016, a time-window-variation technique was developed for fast acquisition of Heart
Rate (HR) [69]. This technique appeared to solve the issue of insufficient spectrum res-
olution and respiration harmonics. The experiments were performed on four subjects
under controlled laboratory conditions, by a 5.8 GHz CW Doppler radar [69].
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One year later, a wavelet-transform-based data-length-variation technique was pro-
posed to realize the fast detection of HR [70]. This study uses the CW radar and the
same frequency as in the previous study. In both experimental studies, the number of
subjects and their gender are unknown [70].

Moving to 2018, heart sound detection by radar systems was introduced, which en-
ables a touch-free, and continuous monitoring of heart sounds [71]. A CW radar op-
erating at a frequency of 24.17 GHz was used for the experimental tests, with seven
male volunteers and four females. This study concludes that using the detected heart
sounds considerably improves radar-based heartbeat monitoring, and the achieved
performance is competitive compared to phonocardiography. In these results, nothing
is concluded about gender variability [71]. Also that year, in [72], a method for esti-
mating the Beat-to-Beat Interval (BBI) based on Doppler sensors, using the precise peak
detection method. Through the experiments (using a CW bio radar at a frequency of 24
GHz) on ten subjects, in the cases where a subject was sitting still, typing, and speak-
ing, it was confirmed that the proposed method improved the previous state-of-the-art
[72].

In 2019, a 915 MHz CW Doppler Radar sensor for detecting vital signs were proposed.
Six participants, one female and five males, were involved in [73] study. The authors
concluded that the proposed radar sensor is insensitive to surface movements caused
by respiration and heartbeat due to the operating frequency being 915 MHz. However,
path-loss calculation at 915 MHz and 2.45 GHz indicates that the received power by
the radar sensor, which includes movement inside the human body, is higher operating
at 915 MHz than at a higher frequency [73]. Also, that year, an accurate method was
proposed for detecting vital signs obtained from a CW radar sensor, which operates
at 2.45 GHz. Experimental results with six subjects (2 males and four females) show
that the proposed method can be used to obtain the heart rate with high accuracy.
However, we cannot obtain the information for an HRV analysis due to the intrinsic
characteristics of the radar sensor [74].

In 2020, a dataset of clinically recorded radar vital signs with synchronized referenced
sensor signals was presented, and it consists of twenty-four hours of synchronized
data from radar and reference devices [75]. The implemented CW radar operates at
24 GHz and is focused on the chest while the subjects are lying on a tilt table. Thirty
healthy subjects were measured, 14 males and 16 females [75]. In the same year, a
radar-recorded heart sounds and vital signs dataset, including synchronized reference
sensor signals, was also presented [76]. Similar to the studies described above, this
study is supported by experiments in eleven subjects (seven males and four females),

measured in different defined scenarios and at several measurement positions such as
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at the carotid, the back, and several frontal positions on the thorax [76]. The authors
stated that the exact anatomy of every person is a little different (i.e., the exact location
of the heart inside the chest), and the different fat distributions impact the measure-
ments. They also refer that, since the radar illuminates a relatively large area, the exact

alignment of the antenna does not play an essential role.

Also, that year, a review of vital human signals detection methods and potential was
done using radars [77]. The experimental study was carried out using CW radar oper-
ating at a frequency of 10 GHz and with two volunteers, one female, and one male. The
presented results are given for the male and female subjects, respectively. A breath rate
of 18 Breaths Per Minute (BrPM) and a heart rate of 58 Beats Per Minute (BPM) were
obtained for the male subject. Moreover, for the female subject these results were 20
BrPM and 78 BPM [77].

A new simple, effective, and high-accuracy settlement to maintain cardiac activity
sensing comprehensively and systematically for the first time, for the estimation of
BBI and cardiac timings, was presented in the middle of this year. In this study, a CW
radar operating at 24 GHz was used to measure a population of three males and three
females [78].

Table 2.1: Several studies in the area of Bio-Radar.

. Gender distinction ~ Respirator Heart  Frequenc RR HR

Reference  Population in result lzate Y rate [gHz] ¥ Error Error Error

[62] 1S X X 10 -

[63] U X X 24 ME - 13/ + 1 [beats/min]

[64] 12S X X 2.4 -

[65] 2M - X X 24 -

[66] 5M;5F No X 5.8 RE - 2.53 - 4.83 [%]

[68] 10M - X X 34 -

[69] 4S X X 58 E - <5[%]

[70] U - X 5.8 ME - 3.5 [%]

[71] 7M;4F No X 24.17 E - 442 [ms]

[72] 8M;2F No X 24 -

[73] 5M;1F No X X 0.915 MER 0.27 [%] 2.39 [%]

[74] 2M;4F No X 245 E - 3.22 [%]

[75] 14M; 16 F No X X 24 RMSE - 25 [ms]

[76] 7M;4F No X X 24 RMSE - 47.85 [ms]

[77] 1M;1F Yes X X 10 -

[78] 3M;3F No X 24 MRE - 0.51 - 1.06 [%]

[79] 50 NB - X X 24 -

[80] 14 M; 21 F No X X 24

[81] 1M;4F No X 24 -

[82] 6M;4F No X X 24 MAE 3.5 [beats/min] 0.8 [beats/min]

[10] 1M - X X 2.4 -

[83] U X X 2.4 -

[67] 8S X X 24 MAE  1.18 [breaths/min] 3.29 [beats/min]

M - Male, F - Female, S - Subject, U! - Undefined, NB - Newborn, ME - Mean Error
RE - Relative Error, MER - Mean Error Rate, RMSE - Root Mean Square Error
MRE - Mean Relative Error, MAE - Mean Absolute Error

! The study performs tests on subjects, however the number or gender is not specified

The studies mentioned above are summarized in Table 2.1. Mostly the presented stud-
ies summarized in Table 2.1 do not give information about volunteers’ gender, and the

others that refer to how many subjects are male or female do not distinguish differences
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between gender. The work [77] is the only study that relates the data obtained to each
gender, in which women present a greater number of cycles per minute, both at a car-
diac and respiratory level. However, this conclusion cannot be considered since only
one subject per gender was considered, and with this population size, it is impossible
to draw general conclusions. Regarding the analysis of the impact of the volunteers’
stature on the acquired signal, none of the studies does it. This information is only
provided as an indication and for the readers” knowledge, but there is no relation with

the obtained results.

In addition to the theory-practical studies, there are three more datasets in the context
of CW radar. The first one acquired a digital stethoscope, an Electrocardiogram (ECG),
and a respiration sensor, which measured 11 test subjects [76]. The second, similar to
ours, measured the heartbeat and respiration; however, only were measured 30 healthy
subjects [75], is a relatively low number, considering what we intend to do in this work.
Exist another dataset acquired by the FMCW system, where were realized tests at 50
children. The purpose of this study is to develop a child safety sensor for intelligent
vehicles [84].
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Bio-Radar Implementation and
Validation

3.1 Bio-Radar Model

Before starting with the study of physiological and body stature variability in the ac-
quisition of vital signs using the Bio-Radar, we must familiarize ourselves with the

overall system and the signals that it acquires.

The system under study, as mentioned in Chapter 2, consists of two antennas, Tx and
Rx, where the Tx antenna transmits a signal focused on chest wall of the subject. This
signal undergoes a phase modulation due to the chest movement, reflecting the wave
to the Rx antenna. After receiving the signal, it is down-converted to the baseband.
The baseband signal can be expressed by Equation (3.1):

g(n) = Ae/™ (3.1)

Where ¢(n) is the phase modulation function, and considering an ideal scenario, it is

given by Equation (3.2).

o(n) = (# + ®> + 47rI/i’1(n) (3.2)

The phase modulation function is composed of two parts: the first one depends on
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the dy component (distance between Rx antenna and the subject), and the second and
last depends on the R(n) component (chest wall movement). Both parts depend on
wavelength (1). The © angle is constant and it is related to the distance between the
mixer and the antenna and the phase shift in rib cage surface [85].

The relation between wavelength (1) and operation frequency (f.) is represented by
Equation (3.3). It is considered that the propagation speed (c) is equal to the light

speed in a vacuum.

c

A= (3.3)

Finally, R(n), in Equation (3.2), describes the subject chest movement, and this function
is represented by the Equation (3.4).

R(n) = A, cos(2nfin) (3.4)

Where A, is the amplitude of respiratory movement of the chest wall and f; represents
the RR.

3.2 Simulation

A script was developed using MATLAB to simulate the impact of some parameters of
the Bio-Radar model previously presented. Thus it is possible to analyse the influence
of their variations on the received signal. Initially, it started by fixing values, as seen in
Table 3.1.

Table 3.1: Simulation initial values.

A dy[m] A[m] OJ[rad] A,[m] f1][Hz]
0.1 1 0.0517 n/8  0.00325 0.3

Considering that the respiratory signal will be analyzed in the complex domain, the

received signal is represented in an arc form.

In Figure 3.1 it is represented the g(n) function on a polar graph. The distance between
the complex origin and the arc, is represented by A (Equation (3.1)). The arc length
is described by ¢(n) (Equation (3.2)), which represents the chest wall movement. This

motion depends on respiratory signals amplitude (A,). Ideally, the arc is centered with
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Figure 3.1: Example of a received baseband signal.

the graph origin, and the radius is A. In order to simplify system analysis, it can be

considered that the A amplitude is constant, because A, < < dj.

The increase of A, value is directly proportional to the increase of the breathing in-
tensity, and consequently, the arc length increases too. So, as it is possible to verify in
Figure 3.2, if it is less intense, the arc length decreases (Figure 3.2a), otherwise increases
(Figure 3.2b).

90 90
120 60 120 60
0.1
150 30 150 30
0.05 0.05
180 0 0 180 0 0
210 330 210 330
240 300 240 300
270 270
(@) A, =1.6 mm (b) A, = 6.4 mm

Figure 3.2: Influence of respiratory intensity.

As mentioned previously, A represents the distance between the graph origin and the

arc, or in other words, its radius. The increasing of the signal power, A, implies a

29



3. BIo-RADAR IMPLEMENTATION AND VALIDATION 3.2. Simulation

deviation from the origin of the graph, as it is possible to verify in Figure 3.3.

90
—A=0.6
120 60 A=1.2
2 A=21
150 30
1
180 0 \ 0
210 330
240 300
270

Figure 3.3: Representation of the received signal in function of the power A.

Changing the distance between the subject and the antennas, d, affects only the arc
position in the polar plane. The distance to the graph origin does not change. As shown
in Figure 3.4, a clockwise movement of the arc is observed when d) increases. Thus,

it is possible to state that there is an arc delay due to the signal’s increased traveled

distance.
90 90 90
120 60 120 60 120 60
0.1 0.1 0.1
150 30 150 30 150 30
0.05 0.05 0.05
180 0 0 180 0 0 180 0 0
210 330 210 330 210 \/ 330
240 300 240 300 240 300
270 270 270
(@) dp =0.5m. (b) dy =1.5m. (c)dy=25m.

Figure 3.4: Representation of the received signal in function of the distance d.

According to the Equation (3.3), the carrier frequency is inversely proportional to the
wavelength. If the wavelength decreases, the arc length increases, as shown in Fig-
ure 3.5.

As mentioned at the beginning of this section, for all these simulations it was consid-

ered an ideal scenario. However, there are always noise, and other reflections sources
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(a) f. =2.5 GHz. (b) f. =5.8 GHz. (c) f, =10 GHz.

Figure 3.5: Influence of the carrier frequency in the received signal, when Ar = 0.00325.

in a real scenario, such as clutter from the scenario reflections.

3.2.1 Impact of the DC Offset

Assuming that all sources of clutter are stationary, these reflections do not vary over
time and therefore are perceived as DC offsets. The DC offset is the principal source of
the signal disturbance in CW radars. Taking this information into account, the received

signal considering the DC offset is given by the Equation (3.5):

g(n) = Ae®™ 4 Apcelre) (3.5

Where A is the amplitude of the DC offset and 6 is its phase.

Before going on with the removal of the DC offset, it is necessary to study and under-
stand how it affects the signal. This component influences the arc center and depends

on two factors, which are: its amplitude, Ap¢, and its phase, 6.

Focusing first on its amplitude, if it increases, the arc center will be deviating from the

graph origin, according to the vector of length Ay, as it is represented in Figure 3.6a.

Relatively to its phase, the arc will move clockwise if it increases, as Figure 3.6b illus-
trates.

3.3 Signal Processing

Now that the signal behavior is understood, signal processing is carried out, and it is
summarized in Figure 3.7. This processing will allow us to obtain the signal that will

later be used to calculate the RR, and other important features.
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(a) DC offset amplitude Apc. (b) DC offset phase 6pc.

Figure 3.6: Received signal representation with DC offset.
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gbQ(n) Removal Rotation Demodulation [ f1(Hz)

Figure 3.7: Diagram of the signal processing.

Knowing that there are sources of signal disturbance in a real scenario, the signal that
arrives at the system will have DC offset. As the first step, it is mandatory to remove
the DC offset so that when analyzing the signal, only the signal reflected by the chest
wall is analyzed, without the reflections coming from the obstacles in the scenario.

3.3.1 DC Offset Removal

The transmitted signal is reflected not only by the subject’s chest wall, but also by other
objects located in the vicinity. All these reflections are equally received by the radar
front-end. Assuming that these objects are stationary, these reflections are perceived
as DC offsets added to the arc center. Figure 3.8 depicts an example of a respiratory

signal acquired in a real context scenario.

The method used in this work to remove the DC offset, the Optimized Cost (OC),
was developed in [60]. Similarly to other methods presented in literature this method
is based on a cost-function minimization. However, this method is robust to weak
signals, considering that weak signals are signals that have reduced power and am-
plitude. Most of the classic methods, based on circle fitting, when the signal is weak,
give a solution to the DC offset (center of the arc) inside the radar samples, assuming

that the radar samples form a circle and not an arc of a circumference. In contrast, this
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Figure 3.8: Example of a real received respiratory signal.

method assumes that the radar samples represent an arc and not a circumference, pro-
viding a DC offset closer to the true one. As a disadvantage, the OC method considered
that a respiratory signal is always an arc, ignoring the possibility of the respiratory sig-
nal being a circle. This study guarantee that the signal is always an arc through the
prototype, namely the frequency. The Figure 3.9 shows the process of removing the
DC offset from a real signal.
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120 60 [“Received signal = 0.02 60 . E_ie‘.;::al,‘\ll?:‘jesdl.?annal
0.02 ictitious circunference
150 30 150 30
0.01 0.01
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(a) Discover the signal median. (b) Fictitious circumference.
90 —Received signal
120 60 + Signal median 120 90
0.02 . ilfglglgﬁfeflrcunference 0.02 60 ‘ — Signal without DC component
150 30 150 30
0.01 0.01
180 0 4\ 0 180 00\ 0
210 330 210 330
240 300 240 300
270 270
(c) Lowest cost point. (d) Signal without DC offset.

Figure 3.9: DC offset removal process.
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Additionaly, this method uses a fictitious circumference to limit the searching points
of for possible DC offset solutions, and thus the identified solution is guaranteed to
be outside the radar samples (see Figure 3.9c). Its center is given by the calculation
of the signal median. This technique applies a median to avoid outliers coming from
impulsive movements of the subject. Using the cost function presented in [60], it is
achieved the point, which presents the lowest cost in relation to the respiratory signal,
and it is presented in Figure 3.9c. This point represents the DC offset present in the
signal. Removing the point to the radar samples will result in the signal of Figure 3.9d.

3.3.2 Signal Rotation

The process that follows the removal of the DC offset is to rotate the signal in phase
while maintaining the distance to the graph’s center. This rotation consists of the signal
varying around a phase equal to zero by subtracting the signal angle. The reasons why
this process is developed may not be obvious. However, hypothesizing that the signal
will vary around 180° and knowing that this location corresponds to not only 180°
but also -180°, the signal will have wraps. The reason to resort to this method is to
avoid these wraps, making the signal under analysis a signal with no average phase
component, since it will vary around 0° phase. The representation of the resulting
signal is shown in Figure 3.10.

120 0.01 60

150 30

180

210 330

240 300
270

Figure 3.10: Example of a rotated signal.
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3.4 Signal Parameters Computation

In Chapter 2, the physiological and body stature variabilities studied are mostly re-
lated to respiratory amplitude and RR. Thus, in this section two parameters of the

respiratory signal are obtained, its amplitude and its rate.

The first parameter obtained is the RR. This parameter informs how many BrPM are
taken. The second, and last, parameter obtained is the respiratory signal amplitude.
The amplitude of the arc reveals information regarding the expansion of the subject’s

rib cage, namely its forward movement.

3.4.1 Respiratory Rate Calculation

One of the respiratory signal characteristics under analysis is the RR as a parameter for
further analysis. Before starting with the validation process, it is necessary to briefly
explain the three methods used for this validation.

3.4.1.1 Spectral Analysis

For the spectral analysis, the Fast Fourier Transform (FFT) algorithm is used to convert
the original signal domain into a frequency domain. Thus, using the FFT, we can
retrieve the signal’s fundamental frequency. To achieve the signal into a frequency
domain, it was used the Welch method, where the inputs are the respiratory signal, at
which was removed its average, and the sampling frequency. In the function outcome,
there is a peak, where the magnitude is maximum, and the frequency at which this
peak occurs is the RR.

In Figure 3.11 represents the FFT result of a respiratory signal as an example. In this
case, the RR corresponds to a maximum of the spectrum in the desired bandwidth (0.1
Hz a 0.5 Hz) [86], being 0.32 Hz.
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Figure 3.11: Example of the spectral representation.

3.4.1.2 Autocorrelation

Analysis

Since autocorrelation is the correlation of a signal with a delayed copy of itself as a

delay function, this method will reveal information about the periodicity of the signal.

Figure 3.12 presents an example of the autocorrelation result. Before using the xcorr

MATLAB function, it is necessary to remove the signal average from it so that it can

be an input of the function. The absolute value of the xcorr result was applied to get

the aspect of the Figure 3.12. The peak situated in the first sample corresponds to a

null delay. The second one corresponds to the correlation of the signal with its copy

in phase opposition. Third, both signals have the same phase, and it is the peak that

gives us information about the signal frequency.
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Figure 3.12: Example of auto correlation method.
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3.4.1.3 Find Peaks

The find peaks method consists of finding the maximums of the respiratory signal,
which corresponds to the transition between inspiration and expiration. When two
maximums are found, the time difference between them is stored. This process is
performed consecutively until the last peak is found. The interval between peaks is
referred to as A,. To determine the RR, the average A, of the signal segment is calcu-
lated.

Figure 3.13 presents an example of an acquired respiratory signal, with one minute and
the respective maximums indicated.

0.8 1

0.2 ) J

Normalized amplitude

-0.2 1

_04 1 1 1 1 1
0 10 20 30 40 50 60

Time [s]

Figure 3.13: Example of find peaks method.

3.4.1.4 System Validation

In this way, it is necessary to validate the Bio-Radar system’s accuracy in acquiring vital
signs, in order to verify if it can be used in this study. For this reason, the validation is
separated into two stages, as presented in Figure 3.14. The first involves a short dataset
and a certified measuring instrument, the BIOPAC system. In order to overcome the
influence of the BIOPAC outliers, this first validation stage was implemented, aiming
to select the best method to use as reference. In the second, the BIOPAC system is used

as reference and the Bio-Radar system error is calculated in relation to the first system.

Starting with the first validation stage of the bio-radar system, the vital signs of 20 sub-

jects (10 men and 10 women) were acquired, who have the following characteristics,
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presented in Table 3.2.
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Figure 3.14: RR determination diagram.

Table 3.2: Description of the physical statures of the subjects considered for the bio-
radar signal validation.

ID Gender Height[m] CWP [cm] ‘ ID Gender Height [ m] CWP [cm]
01 F 1.62 80 11 M 1.86 84
02 M 1.78 80 12 F 1.64 80
03 M 1.88 87 13 F 1.75 80.5
04 F 1.61 73 14 F 1.71 80
05 F 1.68 77 15 M 1.74 81
06 M 1.75 87 16 M 1.62 91
07 M 1.81 98.5 17 M 1.77 94
08 F 1.54 71 18 M 1.78 108
09 F 1.61 72 19 F 1.57 80
10 M 1.88 94 20 F 1.60 73

F - Female, M - Male, CWP - Chest Wall Perimeter

In this short dataset the respiratory signal was measured using two systems simulta-
neously: the Bio-Radar and the BIOPAC (MP160 Data Acquisition System), which uses
the AcqKnowledge 5 software. The respiratory signal is acquired through the RSP100C

module with a transducer chest band attached to the subject’s chest wall. Thus, a syn-

chronization method was used, which is a respiratory pattern composed of three quick

and deep breaths and an apnea period of 10 seconds. After this apnea, the subject ex-

hales, taking out all the air he has in his lungs, as it is represented in Figure 3.15. The

trigger was made at this very moment.
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Figure 3.15: Example of a subject respiratory pattern.

In Figure 3.16 it is presented a one-minute window of some individuals” signals ac-

quired by the two systems. By analyzing this figure, it is possible to state that the

signals acquired by both systems are synchronized and similar.
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Figure 3.16: Examples of signals acquired by the Bio-Radar and the BIOPAC simulta-
neously.

The next step in this process involves the RR determination of the short BIOPAC

dataset, which consists of one minute out of a total acquisition of five minutes for each

participant. A preliminary test is performed, which is to manually count the number

of peaks in the signal from this system. After this, the three methods of RR calculation

mentioned before were used in the BIOPAC signals and then compared to the results

of the previous step. The method that comes closest to the manual determination will
be the method used as a reference for the BIOPAC system.
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Since the reference method was already selected, the second stage of validation is
reached, considering the complete dataset. The RR of the signals from the BIOPAC
system is calculated with the reference method selected in the first validation stage. In
order to calculate the measurement error of the Bio-Radar compared to the BIOPAC,
the three RR determination methods are used again. The method that will have the
best performance, i.e., the lowest error, is the method that will be used later in this

work.

Once the process for determining the method for calculating RR has been described,
it will proceed to the choice of the method at each stage. To evaluate the performance
of each method, three different errors were considered: the Absolute Error (AE), as in
Equation (3.6), and then calculate the MAE, as in Equation (3.7) and the Root Mean
Squared Error (RMSE), as in Equation (3.8).

AE = [RV — OV (3.6)
MAE = mean(AE) (3.7)
RMSE = A/mean(AE?) (3.8)

Where:
RV is the true value, which is from BIOPAC;
OV is the observed value.

In the first validation stage, it is selected the method to determine the RR of the BIOPAC
signal. In Table 3.3 is presented the MAE of this system relatively to the RR determined
manually. Given the values presented, the choice of the reference method is clear, since

the method with the smallest error is chosen, i.e. the find peaks method.

Table 3.3: Summary of errors for the selection of the reference method.

Method MAE

Spectral Analysis 0.6679
Autocorrelation Analysis 0.6679
Find peaks 0.2794

In the second validation stage, it is selcted the method which is applied in the Bio-
Radar signals. Table 3.4 shows the values of the three methods errors relative to the

find peaks method used in the signals acquired by the BIOPAC system. By analyzing it,
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it is possible to verify that the find peaks is the method that presents the lowest MAE. To
corroborate this statement, we developed a CDF graph, presented in Figure 3.17. This
graph reveals that the find peaks method presents the lowest error for a large percentage
of the dataset. In other words, for 80% of the dataset, the find peaks presents an error
of 0.5 BrPM, whereas the autocorrelation presents an error of around 1 BrPM, and the

FFT presents an error of upper to 1 BrPM.

Table 3.4: Summary of errors for the selection of the method to apply in Bio-Radar
signals.

Method MAE RMSE

Spectral Analysis 0.9177 1.4255
Autocorrelation Analysis 0.7570 1.3583

Find peaks 0.6552 1.8322
100
— FFT |
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Autocorrolation |

Dataset [%]
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O 1 1 1 1 1 1 1 1 1
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Figure 3.17: CDF graph of the three methods.

Finally, the computation time of each method is determined, resorting to the tic and toc
MATLAB functions, for the 5-minute signal. The results are presented in Table 3.5, and
it can be seen that the autocorrelation approach stands out positively, with the shortest
time. The second best time is the find peak approach, and lastly the FFT.

Table 3.5: Computing time of each method.

Method Computing Time [s]
FFT 0.0895
Auto correlation 0.0202
Find peaks 0.0491

41



3. BIO-RADAR IMPLEMENTATION AND VALIDATION 3.4. Signal Parameters Computation

Based on the data revealed, it can be seen that even though the find peaks method does
not have the shortest computation time, it is the method that stands out positively con-
cerning MAE and CDF relative to the other methods. Therefore, it will be the method
used to calculate the RR for the new dataset.

3.4.2 Arc Length Calculation

In addition to RR, this study will look into respiratory amplitude. The amplitude of
the arc reveals information regarding the expansion of the subject’s rib cage, namely
its forward movement. The respiratory amplitude is given by the arc signal length.

Firstly, to determine the arc length, it is necessary to determine the midpoint of the arc,
which could be obtained through the signal mean. However, in this case, it was used
the signal median to discard the impulsive or involuntary movements of the subject,
as it is visible in Figure 3.18. In this way, the signal midpoint C is given by the Equation
(3.9):

C = median(P), (3.9)

where P are all the points of the arc formed by the respiratory signal. After this, it is
calculated the median of the distance between the signal midpoint and all the P points
of the signal (Equation (3.10)).

d = median(|P — C|) (3.10)

This median distance, d, corresponds approximately to the size of a quarter of the
signal. Thus the arc length of the respiratory signal will be approximately four times
this distance (Equation (3.11)).

L=4xd (3.11)

To validate the Equation (3.11), is drawn a circumference centered in C and with diam-
eter L. As it is possible to verify in Figure 3.18, the arc length of the respiratory signal

corresponds to L.
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Figure 3.18: Respiratory arc length calculation.
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Bio-Radar Signals Statistical Analysis

4.1 Vital Signs Acquisition

One of the principal and most crucial components of this work is, in fact, the exper-
imental component. This component involves the vital signs non-contact acquisition
to build a dataset including 92 individuals and its subsequent analysis. To the best of
our knowledge, this dataset is the first one with such a large number of people. This
dataset can benefit researchers who do not have access to radar hardware, do not have

time to acquire such a large one, or want to increase theirs own dataset.

4.1.1 Setup

First, it is essential to describe the environment in which the experiment took place.
The experience occurred in only one physically unchanged environment of 18 m?. This

environment is a typical living room (with a sofa, furniture, and television).

The setup consists of the Bio-Radar antennas as RF front-end. Both are placed, accord-
ing to Figure 4.1a, placed on a plastic table. Between the antennas and the table, there
are always styrofoam plates to adjust the antennas position in relation to the subject’s
chest wall.

Figure 4.1a and Figure 4.1b show the experimental setup with a woman and a man par-
ticipant for data collection, including a CW radar, which its prototype, as mentioned
before, was developed in [27].
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(a) Woman participant. (b) Man participant.

Figure 4.1: Overview of the measurement setup and the system configuration.

4.1.2 Dataset

For data acquisition, 92 subjects (46 males and 46 females) were recruited, aged be-
tween 18 and 50. The study was approved by the Ethics and Deontology Committee
of the University of Aveiro, Portugal (No0.29-CED/2021). The implemented procedure
was in line with the Declaration of Helsinki, and informed consent was obtained from
all the subjects. Our main objective was to have a balanced dataset in relation to the
gender, age, CWP, and BMI distributions.

Additionally to the Bio-Radar signals, some information related to the participants was
collected namely age, CWP, height, and weight, as it shown in Table A.1.

The experiment carried out consists of 5-minute of acquisition, where the volunteer

breaths normally.

4.2 Physiological and Body Stature Analysis

At the beginning of this document, it was mentioned and discussed the possibility that
the physiological and body stature variability may influence the received signals ac-
quired by the Bio-Radar system. Furthermore, the influence might be more noticeable
in features related to the breathing amplitude, i.e., to the rib cage expansion of and
to the RR of the subject. For this reason, two features of the respiratory signal were

extracted, the RR and the respiratory arc length (respiratory signal amplitude) L. Table
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4.1 shows that men have, on average, a lower value of RR than women. On the other

hand, men have a higher value of respiratory amplitude than women.

Table 4.1: Statistics values of RR and L.

Gender RR mean + STD [BrPM] RR median [BrPm] L mean +STD L median

Male 14.6252 + 4.0037 14.7602 0.0064 £ 0.0034  0.0056
Female 16.5741 + 3.8281 16.6840 0.0040 £ 0.0023  0.0034

Besides the gender influence, graphs were drawn to represent the variations of the L
and the RR with the BMI and the CWP, and they are shown in Figure 4.2. Individuals
who have the highest values of BMI not only have lower values of L, as is shown in
Figure 4.2a, but also have the lowest values of RR, as presented in Figure 4.2b. These
facts can be justified by the studies mentioned in Section 2.1.3, that state that people
who present a higher fat percentage in the diaphragm zone have a lower capacity to
move the chest wall [47].

Relatively to the CWP, analysing Figure 4.2¢c, the highest values of L belong to people
with a medium CWP. People who have a lower CWP, have a higher RR, as presented in
Figure 4.2d. Taking into account that the people who have a smaller CWP may present

a lower lung volume, they may have to breathe faster to obtain the oxygen they need.

Associating the L at RR, it is possible to conclude that higher values of L correspond
to lower values of RR, as it is possible to confirm through Figure 4.2e. This analysis
corroborates the statements made by looking at Table 4.1, where men have a higher L

and a lower RR, and women have the opposite.

4.3 Selecting the Signal Features

The Bio-Radar signal features were selected taking into account the ones tipically used
in the literature [9, 12, 80, 87-90], resulting in the following list:

1. L: Arc length of the respiratory signal, in other words, amplitude of the respira-
tory signal;

2. med ibi: Interbreath Interval (IBI) median;

3. mean d1 signal resp: Mean of the absolute value of the respiratory signal first

derivative;
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Figure 4.2: Overview of the statistical results.
. mean Nd1 signal resp: Mean of the absolute of the normalized respiratory signal
tirst derivative;

. mean d2 signal resp: Mean of the absolute of the respiratory signal second deriva-

tive;
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6. mean Nd2 signal resp: Mean of the absolute of the normalized respiratory signal
second derivative;

7. skewness T inhale: Skewness! inhalation time;
8. med T inhale: Median of inhalation time;
9. iqr T inhale: Inter-Quartile Range (IQR) of inhalation time;
10. mean T inhale: Mean of inhalation time;
11. skewness T exhale: Skewness of exhalation time;
12. med T exhale: Median of exhalation time;
13. iqr T exhale: IQR of exhalation time;
14. mean T inhale: Mean of exhalation time;
15. RR: Respiratory Rate;
16. p01: Average Power Spectral Density (PSD) energy in the band 0 - 0.1 Hz;
17. p02: Average PSD energy in the band 0.1 - 0.2 Hz;
18. p03: Average PSD energy in the band 0.2 - 0.3 Hz;
19. p04: Average PSD energy in the band 0.3 - 0.4 Hz;
20. p05: Average PSD energy in the band 0.4 - 0.9 Hz;
21. p06: Average PSD energy in the band 0.9 - 1.5 Hz;
22. med sign: Signal median;
23. mean sign: Signal mean;
24. iqr sign: Signal IQR;
25. iqribi: IBIIQR;
26. mean ibi: IBI mean;
27. skewness ibi: Skewness of the IBI;
28. AppEn max: Maximums approximate entropy;
29. kurtosis: Respiratory signal kurtosis;
30. SDNN Resp: Respiratory Standard Deviation of IBI (SDNN);
31. SAM: Number of samples above the average of the signal;
32. RMSSD Resp: Root Mean Square of Successive Differences (RMSSD) between

respirations;

ISkewness refers to a distortion or asymmetry that deviates from the symmetrical bell curve, or
normal distribution, in a set of data [91]
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33. skewness sign: Skewness of the signal;
34. RRV: Respiratory Rate Variability (RRV);
35. RMS: Quadratic mean value of the signal;
36. freq resp: Respiratory frequency;

37. mean peak valley width: Average of the peaks and valleys width of the respira-

tory signal in the time domain;

38. Ratio PSD LF HF: PSD of the ratio between Low Frequency (LF) (0.1 - 0.4 Hz)
and High Frequency (HF) (0.4 - 1.5 Hz);

39. var sign: Variance of the respiratory signal;

40. AppEn resp: Aproximate entropy of the respiratory signal.

Features 1 and 15 are determined in Section 3.4.2 and 3.4.1, respectively. Comparing
feature 15 with feature 36, the only difference is that the first is expressed in BrPM, and
the second is expressed in Hz. Relatively to the PSD energy of the signal, represented
by the features 16-21, and 38, they are calculated resorting to the pwelch MATLAB func-
tion. This function is applied to the signal after centering its average at 0.

Features 2, 25-27, 30, and 34 are based on cardiac features, such as Interbeat Interval
and Heart Rate Variability. As for the features related to inspiration and expiration,
7-14 are statistical measures extracted from the maximums and minimums of the res-
piratory signal. Like the last features, features 3-6, 22-24, 28-33, 37, 39, and 40 are also

statistical measures concerning the entire respiratory signal.

Feature 34 is determined in [12], using the equation (4.1):

H1
RRV = (100 — D—C)% (4.1)
where H1 and DC are the amplitude powers of the first and the zero harmonic peaks,

respectively [12].

The feature 35 is given by the equation (4.2):

(4.2)

where x(i) represents the signal samples, and N, represents the number of the respira-

tory signal samples.
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4.4 Statistical Analysis

In this section, we will explain all the statistical processes developed in MATLAB. The

process that will be described is based on the one conducted in [92], and it is summa-

rized in Figure 4.3.

Apply the one-way ANOVA to
the features

Verify the features normality:
kstest

adtest
lilietest

one-way ANOVA

Kruskall - Wallis

Multcompare
tukey-kramer

Multcompare
bonferroni

[

I

Discard characteristics with p -
value > 0.05

Perform priority list
+ priority has - p-value

Figure 4.3: Statistical analysis diagram.

This statistical study was conducted for four different tests, where each was dedicated

to verify the possibility to distinguish subjects with the specific characteristics. The

tests under investigation are gender, age, BMI, and CWP. These tests are defined to

obtain a binary classification according to the following:

¢ Gender:

- Male: 46 people;
— Female: 46 people.

o Age:

- 18 - 29 years old: 46 people;
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— 30 - 50 years old: 46 people.
e BMI:

- 18- 25 kg/m?: 47 people;
- > 25kg/m?: 45 people.

e CWP:

- < 100 cm: 46 people;
— > 100 cm: 46 people.

The first step is to apply the one-way ANOVA test to determine the residuals of this
test and check whether their residuals present a normal distribution. The One-sample
Kolmogorov-Smirnov, Anderson-Darling, and Lilliefors tests were used for this val-
idation and all have return a decision test for the null hypothesis that residuals are
from a normal distribution [93]. In other words, if two or more tests returned the value
0, the null hypothesis is confirmed. Otherwise, it does not come from such a normal

distribution. The tests result informed which test can be applied in the next step.

After this, and taking into account the previous step, two tests are applied to obtain the
p-values ? of the feature. These tests are the one-way ANOVA, in case the (obtained
in the previous step) have a normal distribution, and the Kruskall-Wallis if they have
not [95]. After the one-way ANOVA and the Kruskall-Wallis tests, the Multcompare
MATLAB function is apllied to verify if no other features can be discarded. The p-
values are used, in this case, to discard features with values greater than 0.05 and and
then build a priority features list. The features that better characterize each test are
different between them. In this way the priority list is build each test, sorting the p-
values in ascending order.

After defining the features priority list for each class, the correlation of the features was
analyzed. For this purpose, a correlation matrix was drawn, which again will further
restrict the features [96]; this means that there may be features that reveal the same
signal information, i.e., are highly correlated. First, a feature was considered to be
highly correlated with other when the absolute value of the correlation was superior
to 0.5, and then superior to 0.7. When the matrix shows a value equal to or greater than
the established value, the feature that presents a higher position in the priority list is
the one considered.

2p-value is the probability of obtaining results at least as extreme as the observed results of a statistical
hypothesis test [94].
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4.4.1 Discussion of Features Selection

As expected, the priority lists are not equal between the tests since, for each test, some
features categorize better in their classes. The Table 4.2, B.1, B.2, and B.3 present the
priority lists defined for each test, namely for the gender, age, BMI, and CWP, respec-
tively. The first column of each table shows the initial list of features, the second col-
umn shows the ones resulted from the analysis of the correlation matrix considering
a correlation threshold of 0.7 and the last column shows the selected features for 0.5
correlation. In addition to the priority lists and according with the statistical process
being conducted, the correlation matrices of the tests are also presented in Figure 4.4,
B.1, B.2, and B.3.

The features resulting from this process are the ones that will be used for machine
learning to classify in the defined tests. The resulting features are different for each test

and they are now being discussed.

44.1.1 Gender Test

Table 4.2 and Figure 4.4 represent the priority lists and correlation matrices, respec-
tively, of the gender test.

Relatively to the features that better categorize the gender test, it is possible to verify
that the RR and the arc of the respiratory amplitude (L) are two of these features. Since
women have a higher average RR, while men have a higher average respiratory ampli-
tude, as already mentioned in Section 4.2. Knowing that the features presented in the
tirst priority list can reveal the same signal information, a correlation of 0.7 is applied,
which, compared to 0.5, is less restrictive. In addition to the features already men-
tioned above, RR and L, the signal PSD in different frequency bands were the features
that show relevance. Using the 0.5 value is reduced in eight features, compared to 0.7.
The features remaining are: L, RR, med T inhale, med sign, iqr sign, AppEn max, and
SDNN Resp.
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Table 4.2: Priority lists of gender test.

Initial With 0.7 of correlation With 0.5 of correlation
Features p-value Features p-value Features p-value

L 1.09 x 107 L 1.09 x 107 L 1.09 x 1073
mean peak valley width ~ 5.29 x 107* med ibi 2.66 x 1072 RR 1.80 x 10712
AppEn resp 248 x 107 mean d1 signal resp 3.78 x 107 med T inhale 4.59 x 10712
mean ibi 9.06 x 107! RR 1.80 x 1072 med sign 7.65 x 107%
freq resp 2.66 x 1072  med T inhale 4.59 x 1072 iqr sign 1.94 x 1079
med ibi 2.66 x 1072 p02 7.01 x 107! AppEn max 7.93 x 10
mean d2 signal resp 3.00 x 10716 p05 7.58 x 107% SDNN Resp 1.57 x 10~
mean Nd2 signal resp 3.00 x 107'® p04 2.27 x 107%

igr T inhale 8.63 x 1075 p06 2.59 x 107%

mean T exhale 9.00 x 107 p01 2.72 x 107%

med T exhale 1.40 x 107*  med sign 7.65 x 107%

igr T exhale 6.82 x 107* igr sign 1.94 x 107

Racio PSD LF/HF 9.39 x 107  AppEn max 7.93 x 107

mean d1 signal resp 3.78 x 107 kurtosis 1.54 x 1079

mean Nd1 signal resp 3.78 x 107*  SDNN Resp 1.57 x 1079

mean T inhale 538 x 10713

RR 1.80 x 10712

med T inhale 4.59 x 10712

p02 7.01 x 10!

p05 7.58 x 10~

p04 2.27 x 107%

p06 2.59 x 10-%

p01 272 % 10°%

RMS 4.93 x 107%

var sign 4.95 x 107%

med sign 7.65 x 107%

RMSSD Resp 8.72 x 107*

igr sign 1.94 x 107

iqr ibi 471 % 107

AppEn max 7.93 x 107%

kurtosis 1.54 x 1079

SDNN Resp 1.57 x 1079

4.4.1.2 Age Test

The representation of the priority lists, and the correlation matrices, of the age test, are
in Table B.1 and Figure B.1, respectively.

In this case, the number of features decreased regarding the gender test; this may be
because the features used in this study reveal more information about the gender test.
Employing a correlation value of 0.7, there is a reduction of 50% in the features. Using
a correlation value of 0.5, eight features remain under study. The age test is not catego-
rized neither by the RR value or by the periodicity measures. Aging causes a decrease

in the capacity of the thorax to expand [49].
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Figure 4.4: Correlation matrices associated at gender.
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4.4.1.3 Body Mass Index Test

In Table B.2 is shown the priority lists of the BMI test and in Figure B.2 is shown the
correlation matirces also of the BMI test.

The categorization of the BMI is made through fewer features than in the previous
tests. In [26, 48], was reported that a higher percentage of abdominal fat is associated
with a lower lung volume leading to a higher RR value, which was indeed selected
as one of the most important features for this study. The RMSSD Resp may be an
indicator of these facts too. Another consequence of fat present in a diaphragm region
is that it can hinder the expansion of the chest wall, leading also to a decrease in the
respiratory signal amplitude. However, in contrast to what was expected, this feature
did not revealed being representative, since it was not selected for this case. As a result
of hindering chest wall expansion, the inhalation time can increase, as indicated by the
selection of the feature mean T inhale.

44.1.4 Chest Wall Perimeter Test

Table B.3 represents the priority lists of the CWP test and Figure B.3 represents the
correlation matirces also of the CWP test.

Looking at the features, the CWP test is categorized by the respiratory signal irregu-
larity, RRV, as well as by the RR, and by the signal arc length. These results may be
correlated with the people who have a higher CWP to be capable of accommodating a
higher amount of air on inspiration and, thus, not having to perform so many breaths.
When a lower correlation value of 0.5 is used, the number of resulting features is the
most reduced comparing with the remaining tests.
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Bio-Radar Signals for Subject
Classification

5.1 Machine Learning

After obtaining the most relevant features for each test, it is possible to train the ML
models. This training aims to verify if it is possible to distinguish the classes inside
each test. In this study is denominated test at gender, age, BMI, and CWP, and classes
were created for each test in order to define a binary problem. The classes were defined,
as defined in Section 4.4, taking into account the number of people inside each one to

obtain a quantitative balance between them.

In consideration of this information, it was decided to apply three ML classifiers: SVM,
KNN, and Random Forest, which will be explained in the Sections 5.1.1,5.1.2, and 5.1.3,

respectively.

5.1.1 Support Vector Machine

The SVM is a non-parametric classification technique based on statistical learning the-
ory [97]. The main goal of SVM is to find the hyperplane separating the data so that
the distance from this hyperplane to each data class is as large as possible. In the exam-
ple of Figure 5.1, there are two classes, green and blue. The hyperplane is determined

using the "support vectors", as it is possible to verify in the example, each "bounding
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hyperplane" is composed of two samples of each class. These vectors are the closest
support points to the hyperplane in the data sample used for its construction [98].

o [
O )
6\(\% . \
NS

Misclassified Sample

O
0&‘,\’ Suport Vector

Figure 5.1: The SVM classifier, modified from [99].

5.1.2 K-Nearest Neighbor

The KNN classifies a new observation by measuring the distance of this observation
from its nearest points and then categorizing it in the class to which most of the K
points belong. A higher number of the K neighbors will imply a smoother classification
boundary. On the other hand, a small number of K produces a more flexible boundary
with a high variance but low bias. In Figure 5.2 it is presented an example of a KNN
classification [100], in which there are two classes, blue and green. When inserting a
new sample and considering K=3, it will be classified as green. If it is considering K=7,

the new sample will be classified as blue.

® k=7 ©
Figure 5.2: The KNN classifier, modified from [101].
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5.1.3 Random Forest

This classifier is used in regression and classification problems. The Random Forest
consists of a combination of tree predictors. Each tree depends on the values of a
random vector sampled independently and with the same distribution for all trees in
the forest. The generalization error of a forest of tree classifiers depends on the strength
of the individual trees in the forest and the correlation between them [102]. The final
result of this model is the result returned from the trees with the highest vote, or the
average of these. The Figure 5.3 represents graphically what was explained above.

Dataset

o 0
T~
® 000 0 o0
AN /\ N /\\ N /\\
o0 00 00 00 00 00
Decision Tree-1 Decision Tree-2 DeC|SIO Tree-N

! '

Result-1 Result 2 ijlt N
Majority Votlng / Averaging

Final Result

Figure 5.3: Random forest classifier, modified from [103].

5.2 Classifiers Evaluation

The data resulting from Section 4.4 are split into training, test, and new subjects. This
dataset is composed by 92 individuals, that have nine 1-minute signal windows. With
these 92 individuals, two strategies were conducted for the data splitting for training
and testing: the first test uses two subjects as new subjects, and the remaining are
divided into 70% for training and 30% for testing; the second test uses five subjects as
new subjects, and the remaining are divided into 70% for training and 30% for testing.
The Figure 5.4 presents the dataset division tests. Twenty iterations were performed
with the same follow-up. Figure 5.5 represents the implemented process. In this study,

four tests were carried out to find the condition that would lead to the best results:

¢ a) Correlation value of 0.7 and 2 people as new subjects;
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* b) Correlation value of 0.7 and 5 people as new subjects;
¢ ¢) Correlation value of 0.5 and 2 people as new subjects;

¢ d) Correlation value of 0.5 and 5 people as new subjects.

All Dataset ’
Ist Subject 92th Subject

9 Windows /\ /\
== ==
as new data as new data

Figure 5.4: Data splitting.

Data Acquisition

!

Data Preparation & Pre Processing

!

Feature Extraction and Selection

lTraining Data

— Model Training / Building Validation Data @ Test Data
Validation

Train, Validation
and Test loop

'

— Model Testing

'

Model Deployment

Figure 5.5: Classification workflow, modified from [104].
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The hyperparameters selection was made for each ML model in different phases. Firstly,
the hyperparameters were obtained with a default range of the MATLAB tool, resort-

ing to a loop with twenty iterations. The results of the first step were annotated, and

we decreased the range. This process was repeated until the results were unanimous,

and it was defined the models” hyperparameters with the values that had the highest

that were more often selected considering all iterarions. Regarding to these defined

hyperparameters for the three ML models, they are presented in Table 5.1.

Table 5.1: Selected hyperparameters to the performed tests.

ML Algorithm Hyperparameters Values
Gender Age BMI Ccwp
KernelFunction gaussian gaussian gaussian gaussian
Standardize 1 1 1 1
SVM BoxConstraint 12 7 5 19
KernelScale 1.7 1.3 2.7 1.3
NumNeighbors 5 4 10 4
KNN Standardize 1 1 1 1
Distance minkowski minkowski minkowski minkowski
Exponent - 0.5 0.6165 -
DistanceWeight squaredinverse squaredinverse squaredinverse squaredinverse
Method regression regression regression regression
Random Forest OOBPredictorImportance On On On On
andom rores MinLeafSize 5 5 5 5

Relatively to the results of the trained models, these are presented by test, for the gen-
der in Section 5.3.1, for the age in Section 5.3.2, for the BMI in Section 5.3.3, and for the
CWP in Section 5.3.4. In the subsequent subsections are presented one common table,
which reveals the mean accuracy with the corresponding Standard Deviation (STD).
Besides these values, obtained through predict MATLAB function, it is also presented
the accuracy values for the Cross-Validation (CV). In the CV was used the KFold, with
K assuming a value of 5, which consists of randomly dividing the observations into
subsamples, each of which has approximately the same number of observations, as it

is shown in Figure 5.6.

Fold 1 [iCSERGISEtN Training Set |
Fold 2 Training Set ]
Fold 3 [___Training Set  [JTCStingicet Training Set |
Fold 4 | Training Set

Fold 5 | Training Set | Testing Set |
Figure 5.6: Example of KFold validation, with K = 5, modified from [105].

61



5. BIO-RADAR SIGNALS FOR SUBJECT CLASSIFICATION 5.3. Results Discussion

5.3 Results Discussion

This section is focused on the presentation of the classifiers implementation results
and their discussion. Results are presented according to the following order: first the
gender accuracies obtained, followed by the age, BMI, and CWP.

5.3.1 Gender

Using Table 5.2 values as reference, it can be seen that the results obtained in the Ran-
dom Forest algorithm are considerably higher relative to SVM and KNN. Therefore, in
the gender classification, an accuracy of 82.96% is obtained in the CV method. In test

data, 76.66% is obtained, and an accuracy of 63.33% is achieved in new subjects.

Table 5.2: ML results for the gender test.

Algorithm Parameters 3) b) ) d)

Acc £ STD [%] Acc £ STD [%] Acc £ STD [%] Acc + STD [%]

Ccv 76.02 + 1.75 76.00 + 1.66 68.73 + 2.05 69.15 + 2.16

SVM Test 7790 + 2.47 7791 +3.29 68.97 + 291 69.62 + 3.79
New subjects  62.78 £ 20.16  63.11 + 1248  55.56 +21.78  54.89 + 11.56

Ccv 7422 +1.29 7491 +£2.11 68.95 + 1.90 68.18 + 2.09

KNN Test 75.95 + 2.87 74.85 + 2.62 68.87 +2.15 68.95 + 2.39
New subjects  64.17 + 26.21 60.78 + 1542  61.67 + 16.41 59.67 + 14.06

Ccv 82.96 + 0.39 83.22 + 0.68 81.49 + 0.52 81.60 + 0.74

Random Forest Test 76.66 + 3.02 76.43 £ 2.65 73.64 +2.74 7276 £ 2.44

New subjects  63.33 +30.77  61.22 + 1843 62.50 + 16.99 66.44 + 14.98

Acc - Accuracy; CV - Cross Validation; STD - Standard Deviation;
a) - Correlation = 0.7 and New subjects = 2; b) - Correlation = 0.7, New subjects = 5;
c) - Correlation = 0.5, New subjects = 2; d) - Correlation = 0.5, New subjects = 5.

53.2 Age

In the age test, the results obtained with the Random Forest algorithm were also better
as it is shown in Table 5.3. In this case, the test that presents better accuracy results is
the b). In the b) test is obtained 80.19% of accuracy in the CV, 71.13% of accuracy in the

test data, and 55.78% of accuracy in the new subjects.

5.3.3 Body Mass Index

Random Forest is the one that, once again, shows better results in this test. In this

algorithm, one test stands out from the others, namely the b), since it has the best
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Table 5.3: ML results for the age test.

Algorithm Parameters 3) b) ) )

Acc £ STD [%] Acc £ STD [%] Acc £ STD [%] Acc + STD [%]

Ccv 67.25 + 1.55 67.70 + 1.74 64.17 + 1.63 64.11 + 1.88

SVM Test 68.46 + 1.95 68.10 +2.93 64.92 + 3.18 64.47 + 2.60
New subjects  54.72 £19.93  52.11 +£10.75  56.11 + 13.11 50.33 + 11.96

Ccv 72.68 +2.21 73.78 + 1.74 66.88 + 2.51 67.15 + 2.07

KNN Test 73.52 +2.00 73.44 + 2.57 67.08 + 2.80 67.61 +2.73
New subjects  47.22 +21.21 48.11 +£12.33 4722 +17.15  49.00 + 11.20

Ccv 80.15 + 0.50 80.19 + 0.71 78.96 + 0.66 79.17 + 0.58

Random Forest Test 70.60 + 3.15 71.13 £+ 3.04 67.41 + 2.49 68.33 +£1.99

New subjects  59.44 + 23.78 55.78 + 12.73 65.83 +19.01 55.56 + 1391

Acc - Accuracy; CV - Cross Validation; STD - Standard Deviation;
a) - Correlation = 0.7 and New subjects = 2; b) - Correlation = 0.7, New subjects = 5;
c) - Correlation = 0.5, New subjects = 2; d) - Correlation = 0.5, New subjects = 5.

result on the test data relative to the other tests. Thus, for the categorization of the BMI
test we get accuracy values such as: 80.58% on CV, 72.52% on test data and 56.67% on

new subjects.

Table 5.4: ML results for the BMI test.

Algorithm Parameters 3) b) ) d)

Acc +STD [%] Acc +STD [%] Acc +STD [%] Acc + STD [%]

cv 71.31 £ 2.21 72.65 +2.24 64.46 + 2.50 64.17 £ 2.21

SVM Test 71.42 £2.90 70.96 +2.44 64.28 + 3.44 64.62 £ 1.84

New subjects  56.67 + 23.68  55.22 + 1446  46.39 +21.58  53.33 + 13.31

cv 71.34 £1.48 7132 £1.52 63.75 £ 1.87 64.24 +£1.84

KNN Test 72.33 +£2.84 72.52 +2.15 64.07 + 2.66 63.91 £ 3.20

New subjects  55.00 +21.70 ~ 51.67 + 12.51  51.94 + 16.74 50.89 £ 7.69

Cv 80.76 + 0.75 80.58 + 0.49 78.48 + 0.61 78.53 + 0.65

Random Forest Test 70.60 £ 3.11 72.52 £1.39 63.72 £2.76 65.88 £2.24

New subjects  59.17 + 2296  56.67 +11.34  53.89 + 14.65  51.22 + 13.44

Acc - Accuracy; CV - Cross Validation; STD - Standard Deviation;
a) - Correlation = 0.7 and New subjects = 2; b) - Correlation = 0.7, New subjects = 5;
c) - Correlation = 0.5, New subjects = 2; d) - Correlation = 0.5, New subjects = 5.

5.3.4 Chest Wall Perimeter

As in all the previous tests, the Random Forest algorithm performs better, as it is pos-
sible to confirm in Table 5.4. As in all the previous tests, the Random Forest algorithm
performs better. As in the gender test, test a) achieving higher better accuracy values.
In this test, the following accuracy values are obtained: 82.08% on the CV, 74.61% on

the test data, and 66.11% on the new subjects.
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Table 5.5: ML results for the CWP test.

Algorithm Parameters 3) b) ) )

Acc £ STD [%] Acc £ STD [%] Acc £ STD [%] Acc + STD [%]

Ccv 76.40 + 2.03 7528 +2.21 7090 + 1.77 70.51 +2.20

SVM Test 76.44 + 2.31 76.82 +2.23 70.62 + 1.77 71.50 £2.72

New subjects 59.17 £ 1893  57.11+16.32 47.78 £+19.36  53.89 + 14.18

Ccv 75.29 + 1.49 7543 +1.76 69.74 + 1.65 7095 £ 2.12

KNN Test 75.78 +3.12 75.56 + 2.82 7021 +£2.25 70.43 + 3.37

New subjects  51.67 +17.85  54.00 +11.13  50.28 +17.98  47.00 + 11.88

Ccv 82.08 + 0.51 82.22 + 0.50 80.38 + 0.54 80.54 + 0.74

Random Forest Test 74.61 +£2.21 73.29 £2.65 70.43 + 2.37 70.17 £ 2.38

New subjects  66.11 + 25.42 61.56 + 15.83 60.00 + 15.78 58.56 + 17.08

Acc - Accuracy; CV - Cross Validation; STD - Standard Deviation;
a) - Correlation = 0.7 and New subjects = 2; b) - Correlation = 0.7, New subjects = 5;
c) - Correlation = 0.5, New subjects = 2; d) - Correlation = 0.5, New subjects = 5.

5.3.5 Discussion

Considering the results presented in the previous subsections, all tests were obtained
accuraccies over 50%, and in two cases, gender and CWP, were obtained accuraccies
over 60%. The gender test is easiest to classify, since the most accurate classification
rate that was achieved with test subjects, 76.66%. Males have in average higher respi-
ratory amplitudes, and lower values of RR. In contrast, females have higher values of
RR, and lower values of respiratory amplitudes. For these reason, it is the simplest to
classify. Contrarily, the age test is the hardest test to classify, due to the lowest accuracy
of classification with new subjects, 71.13%. The characteristics mentioned in the Sec-
tion 2.1.3.5 may be more meaningful at older ages, and for this reason, the age test has
the lowest accuracy. These results achieved in the four tests reveal that the features ex-
tracted from the respiratory signal can distinguish test classes with reasonably reliable
accuracy.

Analyzing the accuracy results of the CV, and the Test, it is possible to verify that the
differences are, in most cases, similar. Revealing the robustness of the model and the

inexistence of overfit.

Depending on the correlation values, the results achieved in the tests were significantly
different. With a correlation value of 0.7, more features were selected than with a corre-
lation value of 0.5. Analysing the results accuracies, these are higher with a correlation
value of 0.7. This means that the features that are included in the correlation value of
0.7 and that are not included in the correlation value of 0.5 are significant for the tests
under study. The number of new subjects was also changed, and the highest results

correspond to a larger number of people. The reason for this might be the fact that
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there were more people for training and testing. However the values achieved with a
higher number of people have no significant difference from the values obtained with
a smaller number of new subjects, always remaining above 50% in any test. This may
mean that the dataset of 90 people is representative of the population.
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Conclusion and Future Work

6.1 Conclusion

Completed the dissertation, all objectives presented were successfully achieved. With
this work, a complete study on the effect of physiological and body stature variability
on the respiratory signal acquired by the Bio-Radar was achieved. In addition to this
study, ML models were developed to distinguish subjects between genders and age,
BMI and CWP.

The first conclusion presented in this work is related to the best approach for determin-
ing RR. Section 3.4.1 presents the process to achieve the approach. For this objective,
three methods are compared: the autocorrelation analysis, the spectral analysis, and
the find peaks. The find peaks method was chosen since it has the lowest MAE, 0.6552
BrPM.

Regarding the influence of gender, BMI and CWP on the respiratory signal. According
to the averages of the respiratory signal amplitude and the RR, men have a greater
amplitude of the respiratory signal than women. Conversely, women have a higher
respiratory rate than men. Regarding the influence of BMI on the respiratory signal,
it affects both components. Individuals with a higher BMI have a smaller respiratory
amplitude and a higher RR. As far as the influence of CWP is concerned, the people
who have a smaller CWP may present a lower lung volume, they may have to breathe
faster to obtain the oxygen they need. In the same context, and relating the RR with the
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respiratory amplitude, these concepts are inversely correlated, i.e., when the individual
RR is higher, the smaller respiratory amplitude is.

In order to achieve good results regarding the main objective, it was essential to have
a dataset with several people. Thus, knowing the lack of public datasets, performing
vital signs acquisitions through the system under study was necessary. Vital signs
were acquired from 92 people (46 males and 46 females) aged 18-50. This dissertation
holds the data set with the most significant physiological and body stature variability
to our knowledge. Based on the dataset, with high variability presented, it is possible
to prove that the relationship between them, stated in studies in other scientific areas,
is perceptible with the acquisition system used.

Features were extracted from the respiratory signals, in order to categorize the estab-
lished tests. Through the statistical process, we achieved the best features for this cat-
egorization. Regarding gender, it was possible to conclude that the periodicity signals
measures do not help to categorize this test, contrary to RR and L, which are the fea-
tures that stand out in this test. Regarding age, values such as RR and periodicity
measures do not categorize this test. However, in agreement with the earlier study,
which states that aging decreases the thoracic expansion capacity, measurements such
as the respiratory signal arc length (L) help categorize the test. Concerning the in-
fluence of BMI on respiratory signals, it affects both components. Individuals with a
higher BMI have a smaller respiratory amplitude and a higher RR. Finally, the CWP
test is categorized by respiratory arc length, RR, and RRV.

After the statistical study had been applied to the processed signals, ML models were
trained to try to distinguish gender and age, BMI and CWP range. In order to get
the best possible results, not only three algorithms were used, but also four tests were
applied. The tests were focus on the correlation value used in the statistical process,
taking the values of 0.5 or 0.7, and on the number of individuals considered as new
data, taking the values of 2 or 5 individuals. Analyzing the results, two tests stand
out. Considering both tests using the 0.7 correlation, where just the number of subjects
as new data changes, demonstrated that restricting even more features does not help
to categorize the tests. Besides, features that are being used in test categorization at a
correlation of 0.7 and not at a correlation of 0.5 are essential for test categorization since
the results of tests using a correlation of 0.7 are better than those using a correlation of
0.5. The test a) scores better on gender and CWP characterization, and test b) best
characterizes age and BMI.

Still, within the scope of the application of machine learning, it was possible to obtain

the following values of accuracy in test data for the respective tests:
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Gender: 76.66%;
Age: 71.13%;
BMI: 72.52%;
CWP: 74.61%.

Finally, the easiest test to classify is gender, followed by CWP, then BMI, and finally,
age. The new subjects results are not as good as the test data, however, and taking into
account that these results are above the 50%, it is possible distinguish subjects. In order
to improve the new subjects results it is necessary increase the dataset. Therefore, the
population will be better represented and the model can be trained with even more

respiratory signals.

6.2 Future Work

Analyzing all the work developed and already looking toward the near future, it is
possible to highlight four works:

Include the cardiac signal in the study;

Apply genetic algorithms or neural networks for the gender, age, BMI, and CWP
distinguish;

Biometric identification through Bio-Radar signals;

Increase the dataset, and thus can also increase the age range.

Considering that the Bio-Radar system acquires both vital signs, the cardiac and the
respiratory signal, it is possible to apply an algorithm for the extraction of the cardiac
signal. In this way, one of the works derived from this dissertation applies to the study

developed for the cardiac signal.

To try to improve the classification between gender, age, BMI, and CWP, other tech-
nologies could be used for this purpose, such as neural networks and genetic algo-
rithms. Taking into account that in this dissertation is proved the existence of phys-
iological and body stature variability, this is a step towards the study of biometric

identification since this has already been performed in another system.

Since the individuals who constitute the dataset of this dissertation are aged between
18 - 50, it would be interesting to enrich the dataset by widening the age range. This

new dataset is intended to verify whether the conclusions drawn from this data hold.
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A. SUMMARY OF THE SUBJECTS’ PHYSICAL STATURES DESCRIPTION

Table A.1: Subjects’ physical statures description.

CWP  Height Weight BMI CWP  Height Weight BMI
P eml feml kgl mgma 28 G TP o feml kgl kg A8 Gender
o1 1120 180 910 2809 27 M | Dy 1295 179 1200 3745 47 M
D02 880 164 580 2156 27 F | ID48 1055 170 800 2768 23 F
D03 840 157 540 2191 22 F D9 1200 169 1030 3606 42 F
D04 1150 177 970 309 27 M D50 1120 172 1030 3482 22 F
D05 900 164 608 2261 22 F | ms1 1080 183 910 2717 38 M
D06 940 155 620 2581 25 F | D2 950 155 630 2622 45 F
D07 980 168 690 2445 25 M | D53 830 162 480 1829 23 F
Dos 870 166 550 199 26 M | D54 940 161 580 2238 24 F
D09 90 162 630 2401 25 F | D55 940 164 661 2458 37 F
D0 1040 179 870 2715 26 M | D56 1150 18 1080 3122 41 M
DIl 855 165 570 2094 21 M | D57 1010 163 70 272 43 F
1D12 101.0 190 84.0 23.27 20 M 1D58 91.0 162 60.0 22.86 46 F
IDI3 1140 170 980 3391 27 M | D5 1120 174 930 3072 48 M
D4 870 164 600 2231 28 F | D60 1060 165 685 2516 47 F
IDI5 1140 165 900 3306 23 F | D6l 870 164 540 2008 45 F
D6 1105 1640 850 3160 31 M | D2 1100 172 850 2873 45 M
IDI7 1020 183 760 2269 26 M | D63 920 175 720 2351 49 M
DIS 1180 158 1000 4006 23 F | et 90 15 550 289 45 F
D19 1020 180 850 2623 23 M | D65 810 170 560 1938 20 M
D20 1020 164 650 2417 18 F | D66 1065 183 830 2478 22 M
21 1155 159 815 3224 19 F | IDe7 1090 175 1000 3265 43 F
D2 850 160 560 2188 18 F | IDes 1000 178 750 2367 46 M
D23 975 184 850 2511 29 M | D9 950 173 700 2339 28 M
D24 915 170 620 2145 26 M | D70 820 163 500 1882 18 F
D25 975 158 620 2484 22 F | ID71 1000. 163 700 2635 46 M
D26 940 178 720 27 2 M | D72 90 15 600 2530 46 F
D27 1045 188 900 2546 22 M | D73 1150 174 940 3105 43 M
D28 1240 153 900 3845 27 F | D74 1040 161 70 2739 47 F
D29 %65 171 725 2479 27 M | D75 860 160 50 2066 39 F
D30 905 170 730 2526 21 M | ID76 920 160 600 2344 44 M
31 970 173 620 2072 3 F | D77 1030 155 730 3039 41 F
D32 1080 171 860 2041 30 M | D78 1070 183 920 2747 40 M
D33 890 171 580 1984 27 F | D79 90 170 540 1869 19 M
D34 850 164 520 1933 35 F | IDS0 855 153 550 2350 23 F
D5 920 162 530 2020 19 F | D81 1160 185 870 2542 44 M
D36 890 174 640 2114 19 M | ID$2 1190 18 910 2630 39 M
D37 1035 173 860 2873 29 M | D83 1010 170 770 2664 41 M
D38 1020 165 690 2534 30 F | D84 1070 164 660 2454 49 F
D39 1130 162 840 301 2 F | IDS5 880 159 580 2294 45 F
D4 910 165 520 1910 29 F | D6 1020 167 760 2725 48 F
D41 910 172 620 209 22 M | ID§7 1070 192 910 2469 50 M
D2 900 175 640 2090 20 M | IDss 980 185 840 2454 18 M
1D43 110.0 185 95.0 27.76 50 M 1D89 111.0 174 88.0 29.07 47 M
D44 1125 175 870 2841 46 F |9 90 170 690 2388 50 M
D45 770 158 437 1751 18 F | D91 1020 176 820 2647 46 M
D46 1175 167 93 3453 47 F | D92 1000 169 640 241 38 F

F - Female, M - Male, CWP - Chest Wall Perimeter, BMI - Body Mass Index
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Figures and Tables of the Statistical

Analysis Subsection

Table B.1: Priority lists of age test.

Initial With 0.7 of correlation With 0.5 of correlation
Features p-value Features p-value Features p-value

mean T exhale 5.28 x 107%® iqrsign 1.52 x 1077 igr sign 1.52 x 10777
mean T inhale 5.28 x 107%  kurtosis 5.99 x 107 med T inhale 8.68 x 1077
igr sign 1.52 x 107 med T inhale 8.68 x 1077 L 223 x 107%
iqr T exhale 1.77 x 1077 L 2.23 x 107 SDNN Resp 4.61 x 107%
med T exhale 2.62 x 1077 SDNN Resp 4.61 x 10 AppEn max 7.23 x 107
iqr T inhale 2.95 x 1077 AppEn max 723 x 107 p04 3.17 x 107
kurtosis 5.99 x 107 mean d2 signal resp 592 x 107% SAM 3.43 x 107
mean peak valley width ~ 6.60 x 1077 med ibi 1.19 x 107 p05 3.68 x 1079
med T inhale 8.68 x 1077 p04 3.17 x 10792

var sign 9.02 x 1077 SAM 3.43 x 107

RMS 9.05 x 1077 p05 3.68 x 1079

L 2.23 x 107%

AppEn resp 141 x 107%

iqr ibi 3.28 x 10-%

SDNN Resp 4.61 x 1079

mean d2 signal resp 5.92 x 107

mean Nd2 signal resp 5.92 x 107

mean ibi 6.92 x 107

RMSSD Resp 7.15 x 107

AppEn max 723 x 107

freq resp 1.19 x 107

med ibi 1.19 x 107

p04 3.17 x 107

SAM 3.43 x 1079

P05 3.68 x 107
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(b) Correlation matrix using 0.7 of correlation. (c) Correlation matrix using 0.5 of correlation.

Figure B.1: Correlation matrices associated at age.
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(b) Correlation matrix using 0.7 of correlation. (c) Correlation matrix using 0.5 of correlation.

Figure B.2: Correlation matrices associated at BMI.
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Table B.2: Priority lists of BMI test.

Initial With 0.7 of correlation With 0.5 of correlation
Features p-value Features p-value Features p-value
pO5 1.04 x 107%  p05 1.04 x 107% RR 9.79 x 107%
mean peak valley width ~ 1.06 x 107 RR 9.79 x 107"  AppEn resp 1.35 x 107%
AppEn resp 1.35 x 107 AppEn resp 1.35 x 107  skewness ibi 1.15 x 1079
RR 9.79 x 107 mean d1 signal resp 1.09 x 1079 RMSSD Resp 2.98 x 107
mean d1 signal resp 1.09 x 107 skewness ibi 1.15 x 107  mean T inhale 3.00 x 1079
mean Nd1 signal resp 1.09 x 107  med ibi 1.70 x 107 skewness sign 4.41 x 107
skewness ibi 1.15 x 1079 RMSSD Resp 2.98 x 107 iqgr sign 2.35 x 107
AppEn max 1.36 x 107 med sign 2.99 x 107
freq resp 1.70 x 107 mean T inhale 3.00 x 107
med ibi 1.70 x 107 skewness sign 4.41 x 107
mean T exhale 2.16 x 107 igr sign 2.35 x 107
mean ibi 2.31 x 1079
igr sign 235 x 107
RMSSD Resp 2.98 x 107
med sign 2.99 x 107
mean T inhale 3.00 x 107
igr T exhale 4.20 x 107
skewness sign 4.41 x 1079
mean d2 sinal resp 4.94 x 107
mean Nd2 sinal resp 4.94 x 107
SAM
Table B.3: Priority lists of CWDP test.
Initial With 0.7 of correlation With 0.5 of correlation
Features p-value Features p-value Features p-value
RR 511x 1077 RR 511x 1077 RR 5.11 x 1078
p02 9.44 x 1072 p02 9.44 x 107> skewness sign 2.84 x 107%
p05 3.44 x 10711 p05 344 x 10711 L 8.55 x 107%™
p01 7.09 x 107 p01 7.09 x 107" iqr sign 2.11 x 107
Racio PSD LE/HF 1.33 x 107%  skewness sign 2.84 x 107% RRV 442 x 10792
SAM 8.58 x 107" p04 3.79 x 107% SDNN Resp 4.44 x 107
skewness sign 2.84 x 107%  med sign 1.61 x 107%
p04 379107 L 8.55 x 10~
var sign 791 x 107" freq resp 1.55 x 1079
RMS 7.92 x 107%  med ibi 1.55 x 1079
med sign 1.61 x 107 iqgr sign 211 x 107%
L 8.55 x 107* RRV 4.42 x 107
freq resp 1.55 x 107 SDNN Resp 4.44 x 107
med ibi 1.55 x 1079
igr sign 2.11 x 107
mean ibi 2.67 x 107%
igr ibi 1.18 x 107
RMSSD Resp 1.86 x 107
mean peak valley width ~ 1.91 x 10~%
AppEn resp 2.52 x 107
RRV 4.42 x 107
SDNN Resp 4.44 x 107
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(a) Initial correlation matrix.
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(b) Correlation matrix using 0.7 of correlation. (c) Correlation matrix using 0.5 of correlation.

Figure B.3: Correlation matrices associated at CWP.
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