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ABSTRACT

NON-CONTACT RESPIRATORY RATE ESTIMATION BASED ON RF SIGNALS
WITH MACHINE LEARNING ALGORITHMS

Ufuk KIRAZCI
Department of Electrical and Electronic Engineering
Programme in Telecommunication
Eskisehir Technical University, Institute of Graduate Programs, November 2024
Supervisor: Asst. Prof. Dr. Can UYSAL

Respiratory rate is a very important parameter in the field of health monitoring. In
any clinical or emergency medical situation, monitoring the patient’s respiratory rate is
one of the one of the critical first examinations to understand the general condition of the
patient and to determine the intervention to be performed. Researchers continue to work
on developing a highly accurate respiratory rate estimation method within limited
observation period. In this study, we propose a new non-contact respiratory rate
estimation method using radio-frequency (RF) signals and machine learning models
within a limited observation time. 10 different people’s respiratory data are used in this
study, and software-based radios are used to generate and receive RF signals. The
performances of various machine learning models on the dataset are extracted and the
model that gives the best result is used. Experimental results show that the proposed
method achieves an error rate of 2.33% for a limited observation time of 10 seconds and
IS superior to the existing methods in the literature.

Keywords: Non-Contact, Respiratory rate estimation, Health monitoring, RF signals,
Machine learning.



OZET

MAKINE OGRENME ALGORITMALARI iLE RF SINYALLERINE DAYALI
TEMASSIZ SOLUNUM HIZI TAHMINI

Ufuk KIRAZCI
Elektrik - Elektronik Miihendisligi Anabilim Dali
Telekomiinikasyon Bilim Dali
Eskisehir Teknik Universitesi, Lisansiistii Egitim Enstitiisii, Kasim 2024
Danmigman: Dr. Ogr. Uyesi Can UYSAL
Solunum hizi, saglik izleme alaninda oldukca 6nemli bir parametre durumundadir.
Herhangi bir Klinik ya da acil tibbi durumda hastanin solunum hizini izleme, hastanin
genel durumunu anlamak ve yapilacak miidahaleyi belirlemek igin Kkritik ilk
muayenelerden Dbirisidir. Arastirmacilar, sinirli gozlem siiresi igerisinde, yiiksek
dogruluklu solunum hizi kestirim methodu gelistirmek igin ¢aligmalar yapmaya devam
etmektedir. Bu ¢alismada, radyo-frekans (RF) sinyalleri kullanilarak makine 6grenmesi
modelleri ile siirh gézlem siiresi igerisinde, temassiz solunum hizi kestirimi yapabilen
yeni bir yontem onerilmektedir. 10 farkli kiginin solunum verilerinin kullanildigi bu
calismada, RF sinyallerini tiiretmek ve almak i¢in yazilim tabanli radyolar
kullanilmaktadir. Veri seti iizerinde g¢esitli makine o6grenmesi modellerinin
performanslart ¢ikarilarak en iyi sonucu veren model kullanilmaktadir. Onerilen
yontemin, 10 saniye gibi smirli goézlem siiresi icin %?2.33 hata oranina ulastifi ve
literatiirdeki mevcut yontemlerden daha f{istlin  oldugu deneysel sonuclarla

gosterilmektedir.

Anahtar Sozciikler: Temassiz, Solunum hiz1 kestirimi, Saglik izleme, RF sinyaller,
Makine 6grenmesi.
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1. INTRODUCTION
In this section, the subject of the study, its importance in literature and the proposed

method are mentioned.

1.1. Overview

Like heart rate, oxygen saturation, blood pressure and body temperature, respiratory
rate (RR) is an important indicator that provides vital information about a person’s health
status [1,2]. Vital signs usually serve as the first step of every medical evaluation or
examination. There are many studies in the literature showing that respiratory rate can be
used as important data for early disease detection, monitoring sleep quality and
monitoring the status and development of existing diseases such as severe acute
respiratory syndrome (SARS) and COVID-19 [3,4,5,6]. In addition, Nicolo et al. pointed
out the importance of RR monitoring and presented sensors and techniques suitable for
monitoring RR in specific disease scenarios such as various stressors including emotional
stress, cognitive load, hyperthermia and others [2].

In recent years, many studies have been conducted showing the importance of
respiratory rate monitoring by researchers. Wuerich et al. showed that the urgency status
of the patient can be determined by measuring the RR at the hospital entrance with a non-
contact video based model in their 2021 study [6]. In another study, Natarajan et al.
showed that longitudinal changes in nocturnal RR can be a valuable biometric in the
detection and monitoring of COVID-19 [7]. Similarly, Uysal et al. suggested that the use
of elderly surveillance systems that can monitor the RR of the elderly and people in need
of care in the home environment in a non-contact way to be informed their vital activities
has become widespread in recent years [8].

In conclusion, high accuracy RR estimation is an important issue that is greatly of
interest to researchers today. In addition, in terms of measurement methods used in RR
estimation, non-contact methods look bright since they provide comfort, accessibility,

confidentiality and convenience to the user.



Figure 1.1 shows a real-time display of vital signals. These vital signs are heart rate,

blood pressure, O2 saturation and respiration rate.

o Heart Rate

Blood

\ Pressure
Waveform A

Respiratory
waveform

a Vitals Record a Respiration Rate

Figure 1.1. Vital signs in the health monitoring area.

1.2. Goals and Motivation

In this study, RR estimation is performed with various machine learning algorithms
in a non-contact manner using RF signals with SDR modules. Existing methods in the
literature can estimate respiratory rate with high accuracy for larger observation periods
(such as one minute), while their accuracies decrease when the observation period
decreases (10 seconds). This is an important problem for applications in clinical settings
and especially emergency scenarios. In this study, a machine learning based method is
proposed to overcome this challenge. The proposed method can estimate respiration rate

with high accuracy in a limited observation time of 10 seconds.



2. RELATED WORKS

In the first part of this chapter, previously proposed methods in the literature for
contact and non-contact respiration rate estimation are reviewed. The subject of this study
is RR estimation with machine learning algorithms using RF signals and the studies
conducted with this method in the literature are also analysed in the second part of the
chapter.

2.1. Overview

RR estimation has become very popular in recent years due to the increasing
importance of health monitoring. RR can be estimated by various methods in literature.
These methods are basically divided into two as contact based or non-contact based.
There are many studies in the literature that have been carried out in both ways.
Traditionally, RR is estimated by commercial wearable devices containing sensors such
as electrocardiography (ECG) [9,10], polysomnography (PSG), photoplethysmography
(PPG) [10,11,12,13]. Several recent studies have investigated the use of PPG and ECG
signals to obtain RR with a wearable device. In a study conducted in 2021, a RQI scheme
has been developed to improve the performance of neural networks utilizing the
respiratory modulations of ECG and PPG signals for RR estimation [10]. In another
study, Shuzan et al. proposed a novel method for estimating the RR and oxygen saturation
(SpO2) from photoplethysmogram signals [14]. Despite the disadvantages such as
increasing the workload of the staff, disturbing comfort and restricting the daily
movements of the person, studies using contact-based sensors continue today thanks to
their advantages such as high accuracy and less sensitivity to external factors [14,15,16].

In recent years, a number of studies have been carried out on RR measurement with
non-contact based sensors as an alternative to contact-based sensors. Basically, non-
contact methods attract the interest of researchers to eliminate the disadvantages of
contact-based systems, especially in the home environment. lyer et al. and Wang et al.
stated that non-contact sensors are more comfortable for the person and provide faster

results compared to contact-based sensors [17,18].



Al-Khalidi et al. suggested that non-contact respiratory monitoring methods can be
divided into three groups such as optical based, radar based, thermal and thermal imaging
based [19]. Since these methods have advantages and disadvantages over each other,
studies are conducted with each of them in literature. In a study conducted in 2019, Chen
et al. suggested a systematic framework by expressing their proposed method is feasible
and effective for remote RR monitoring using face videos [20]. In other recent study, a
77 GHz FMCW radar was applied to obtain the breathing signals [18]. In another
approach, Kwon et al. suggested that thermography has the potential to accurately
measure RR in post-surgical patients in their study [21].

In a general article on non-contact-based methods published in 2019 [22], it was
mentioned that tools like optical sensors, accelerometers and gyroscopes, radar, Wi-Fi,
electromagnetic sensors, wearable technologies and acoustic sensors are used for
respiratory rate estimation. The advantages and disadvantages of the tools or methods
were compared in detail in that study.

Until this section, the importance of RR for health monitoring and the studies
performed on RR estimation in the literature have been mentioned. In principle, most
non-contact RR monitoring systems are based on obtaining signals from sensors and
interpreting these signals as RR, usually using mathematical or logical methods. Although
the common goal of the studies is to make the most accurate estimation, the hardware and
software can be different depending on the aim. In our study, respiratory signals are
obtained with radio frequency (RF) based SDR modules and machine learning is used to
obtain RR from these signals. It is also concluded that non-contact RR estimation can be
performed in a short time and the results can be more stable with the feature extraction
and feature selection processes. In the literature, there are some studies on RR estimation
with machine learning methods using radio waves [23,24]. In addition, a study expressed
that radio-frequency-based non-contact health monitoring methods have become more
and more attractive, especially in the home, workplace and even in clinical settings in

recent years [8].



Table 2.1. The disadvantages of contact and non-contact methods can be summarised in the table below.

Disadvantages of Contact Based Methods | Disadvantages of Non-Contact Based Methods
Limits the mobility and comfort Violating private life in visual systems

Not suitable for long-term and remote Requiring daylight in visual systems

Costs Sensitive to environment movements in mmWave, RF
Staff workload Sensitive to posture position in mmWave, RF
Difficulty of stand-alone installation Low accuracy compare to contact-based methods

Basically, although both methods have disadvantages, non-contact methods are
preferred to overcome the deficiencies of contact methods mentioned in Table 2.1. The
RF-based system used in this study will enable respiratory rate monitoring in the home

environment without restricting the comfort of the patient.

Table 2.2. Respiratory rate estimation methods.

Methods Tools-Sensors References
Wi-Fi sensors [34]
mmWave radar sensors (FMCW) [18]
Non-contact | RF sensors (SDR) [24]
based
Face videos (Photoplethysmograpy-PPG) [20]
Thermal camera (Thermograpy) [21]
Pulse oximeters (Photoplethysmograpy-PPG) [12]
Electrical activities (ECG) [9]
Contact- Flowmeters, optic sensors, accelerometers, microphones, [35]
based thermistors

Table 2.2 shows the studies on RR estimation in the literature with references.
Although contact based methods are traditionally used for their robust results in hospital
settings, there are also many strong alternative non-contact methods that can be used in

the future.



2.2. Studies on RR Estimation with Machine Learning Models

models using SDR modules. In a study conducted in 2021, Ashleibta et al. carried out the
respiratory rate monitoring and they identified some anomalies [24]. In that study, 8
different features were extracted in time domain and frequency domain from the
measurements obtained using the SDR module and classification was performed with 4
different ML models. The respiratory rate of the subjects was categorized as elevated,
shallow, normal. The distance between the antenna and the person was chosen as 0.4 m.

Measurements were taken for 10 seconds. The 8 features Ashleibta et al. selected in their

studies are shown in Table 2.3.

There are many studies in the literature on RR estimation with machine learning

Table 2.3. The 8 features Ashleibta et al. selected in their study [24].

No Feature Expression
1 Normalized standard division .
1
= —_— . — 2
st N—1 Zl(xL ym)
2 The root mean square (RMS) -
1
Yrus = NZ(XL)Z
i=1
3 Peak to peak value Yopv = Ymax — Ymin (i=1,2...N)
4 Peak factor max(x;) .
) = (i=12....,N)
YRMS
5 Waveform factor N %Y,
Yy = =y (i=12....,N)
i=1Xi
6 FFT N .2nnd
Yerr = Z x(n)e™ "N
n=-—N
7 Spectrum probability N
Yo = Z p(d)?
n=-—N
8 Signal energy

N
Vu= . p(@ np(@




The results obtained from their study are shown in Table 2.4 [24]. The researchers

demonstrated classification accuracy with 4 different machine learning models.

Table 2.4. The results obtained Ashleibta et al.’s study[24].

Classification Models Classification Accuracy %
Nearest Neighbors (KNN) 91.0105
Decision Tree (DT) 71.131
Discriminant Analysis (DA) 59.72
Naive Bayes (NB) 48.99

In other study, researchers presented a comprehensive survey of recent advances in
the CSl-based sensing mechanism and illustrated drawbacks and challenges. They also
presented some suggestions for the future of non-contact sensing technology [25]. They
suggested that Wi-Fi CSl-based sensing technology is still immature and requires deeper
investigations due to some challenges that need to be addressed in the future. Researchers
listed a number of those challenges such as object interference, environment changes,
unconstrained mobility and tracking two or more objects in the test area. Researchers also
expressed that by applying more solutions to the current challenges, Wi-Fi CSI-based
sensing techniques can be considered as the future backbone of Human-Computer
Interaction (HCI) [25].

In another study [26], it was mentioned that SDR technology will have an important
place on the early detection of vital signs and human health monitoring in a non-contact
way. It is also pointed out the flexibility and portability of SDR technology with state-of-
art machine learning algorithms in their study. Khan et al. [26] evaluated various
challenges in the development of non-contact sensing platforms linked to healthcare
especially including the containment of COVID-19. In their study, 18 statistical time and
frequency domain features were extracted to classify the RR. Four different respiratory
patterns were classified as fast, normal, slow and deep by researchers. The classification
is performed by using three popular machine learning algorithms which are K-nearest
neighbors (KNN), support vector machine (SVM) and decision tree (DT).

Khan et al. also suggested that their study reveals that wireless communication
technologies are not only used for voice, text, videos and multimedia applications but
also, they can be used in health applications. They stated that the developed platform is a
viable solution for COVID-19 and non-COVID-19 scenarios, and it is also very useful in



the early diagnosis of COVID-19 symptoms such as shortness of breath and dry cough

[26]. The 18 features selected in Khan et al.’s study are shown in Table 2.5.

Table 2.5. The 18 features selected in Khan et al.’s study [26].

No Features Expression
1 Minimum value in data Yonin = min(xy)
2 Maximum value in data Yinax = max(x;)
3 Mean
4 Standard deviation
5 Variance
6 Root mean square
7 Peak to peak value Yorv = Yomax — Yomin
i 1
8 (eSS NZIIX=1(|xk| — Yyy)*
k =
YkMS4
ness 1
? Skew XAk
° YkMS3
10 Peak factor max(x;
Y, _ max(a) i=12....,N)
}kMS
11 Interquartile range Yio= Q03— 0
N Y,
12 Waveform factor _ RMS (i=12.....N)
Y Yhealxl
k=111
13 FFT omnd
Yepr = z x(n)e™ "N
n=—N
14 Minimum frequency value Yemin = Min(Yepr)
15 Maximum frequency value Yemax = Max(Yppr)
16 Spectral Probability . FFT(k)?
SPT YN FFT(k)?
17 Signal energy N
Vo= D IpGol?
n=—N
18 Spectrum Entropy N
Vo = Y p(0) In(p()
i=—N




In another work, to monitor different human body movements including human
hand waving, coughing, and breathing, extensive experiments were conducted by
Rehman et al. [27]. In this experimental setup, the dataset was collected through USRPs
placed half a meter away from the participant. Each participant sat on a chair in a
comfortable posture. A total of five participants performed different human body
movements like hand waving, coughing, and breathing. In this work, a non-contact
platform detecting the COVID-19 early, was suggested. The breathing rates were selected
as 20, 10, and 28 breaths per minute for the case of normal, slow, and fast respectively
[27].

In another study, Rehman et al. extracted 10 features, and RR was estimated with
machine learning models [28]. The 10 features extracted by Rehman et al. in their studies

are shown in Table 2.6.

Table 2.6. The 10 features extracted Rehman et al. in their study [28].

No Features Expression
1 Mean
2 Standard deviation
3 Root mean square
4 Peak to peak value Yorv = Yiax — Ymin
5 Kurtosis 1
NZ¥=1(|xk| - YMV)4
Yk = %
1 YRMS
6 Skewness
v NZi\Ll(lxkl - YMV)3
i YRMS ’
7 Shape Factor _ Yrms
Vsr = T
Ezi:1|)’i|
8 Crest Factor max;|y;|
Yer =
YRrMS
9 Impulse Factor max;|y;|
ViF = ——
y
10 Entropy =
Vene = ) hist(y,) by (hist(y)
i=—n




3. RESPIRATORY RATE ESTIMATION

In this section, it is described the proposed sensor and method for RR estimation. It
is also explained how the data is collected and processed. Finally, RR estimation is
performed using different machine learning models. The results are compared with

statistical methods and other methods based on machine learning in the literature.

3.1. Theoretical Background
In this section, the importance and fundamentals of RF sensor technology, SDR
modules and machine learning models employed in this study for RR estimation are

discussed.

3.1.1. RF based sensing

RF based sensors are devices that use RF frequency signals to detect physical
changes in any environment. An RF frequency signal is an electromagnetic wave that
oscillates at a frequency universally referred to as radio frequency. Propagation of radio
frequency (RF) is sensitive to the environment through their path which they travel, but
it makes them very useful frequencies for sensors at the same time.

A simplified electromagnetic spectrum is shown in Figure 3.1. Here
electromagnetic waves are categorized according to their frequencies. Basically, the
speed of these waves is equal to the speed of light and their wavelength decreases when
their frequency increases and vice versa. Therefore, depending on the frequency of the
RF sensor, the sensitivity of distinguishing physical changes on the propagation path

changes.

frequency wavelength
v (hertz) . A (centimetres)
[ 4025 10-15]

gamma rays

C 1020
= :I»x-rays

-}— ultraviolet light

10-10]

L1015

—5 7
0 — ]
infrared rays 1

radar waves
microwaves

television waves
radio waves

[ 1010 1

105 105

-1 1010

Figure 3.1. The electromagnetic spectrum.
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In other words, radio frequency is used in many applications today according to its
response to physical changes. For example, terms like Wi-Fi, Radar, RFID, Bluetooth or
SDR-based that we heard before are technologies benefiting from the RF signals to
communicate with the environment. RF sensors are used in many areas such as loT
applications, smart cities, autonomous systems, identification, communication, search

and rescue, security. RF sensors is also an attractive technique in the field of healthcare.

3.1.2. Software defined radio (SDR)

Software-Defined Radio (SDR) “is a radio in which some or all of the physical layer
functions are software defined [29]”. Software defined “refers to the use of software
processing within the radio system or device to implement operating functions” [29]. RF
signals are generated and captured by low-cost SDR modules. The main advantage of
SDR modules is that typically the center frequency, sampling rate, and bandwidth
parameters of the radio waves sent from the transmitter are adjustable. Therefore, SDRs
provide high flexibility and versatility to the users. They have already attracted the
attention of researchers due to their advantages and affordability. In recent years, many
studies have been conducted with SDR modules on topics such as gesture recognition,
health monitoring, activity identification [8, 24, 25, 30, 31].

Basically, SDR modules transmit continuous-time signals to the target through a
transmit antenna. Depending on some criteria like the distance and the angle between
transmitter and target, the physical structure of the target and environmental conditions,
the characteristics of these signals such as frequency, amplitude and phase re-emit by
changing from the target. These signals re-emitted from the target are collected by a
receiving antenna on the module. These signals are then converted into digital signals by
signal processing methods. As a result, the digital signal is outcome of the reciprocating
movements of a person’s rib cage, and it includes a set of samples can be interpreted as
RR. Finally, RR can be estimated from these signals with a number of methods such as
machine learning.

USRP B210 used in this project is a high-performance software-defined radio
(SDR) platform over a wide frequency range from 70 MHz to 6 GHz. Therefore, this
platform enables us to experiment with a wide range of signals including FM and TV
broadcast, cellular, Wi-Fi, and more. The USRP B210 includes a total of two receive and

two transmit antennas. B210 allows you to configure and customize the hardware and
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software to meet the specific requirements of your application. Whether you need a
solution for wireless communications, signal processing, radar, or scientific research, the
USRP B210 can handle. B210s are also capable of streaming up to 56 MHz of real-time
RF bandwidth. Figure 3.2 shows the USRP B210 board and its enclosure Kit.

Figure 3.2. USRP B210 (board and enclosure kit)

3.1.3. Machine learning approach

Machine learning (ML) is the process of using mathematical models to help to learn
a computer without direct interventions. In general, machine learning algorithms are used
to make predictions or classification. Depending on the input data and their output, your
algorithm will produce an estimate or a pattern. In other words, learning problems can be
formulated as a mapping between input and output for a model. The model is trained with
a set of input data and their corresponding labeled as output data and then it is evaluated
in terms of the prediction accuracy. Neural networks, linear regression, logistic
regression, clustering, decision trees, random forests are widely used machine learning
models.

In recent years, it has been highly preferred in experiments like human activity
recognition, health monitoring, face recognition, gesture recognition using RF signals
with machine learning models. Since RF signal patterns are associated with human
movements, it is possible to accurately recognize human movements from signal patterns
using a learning-based method [8,32]. Therefore, to build an RF-based human sensing
system, a link must be established between variations in the signal and human

movements.
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In general, the primary step of respiratory rate estimation with machine learning
models is to determine the features to be applied to the input of the model. This process
is defined as feature extraction in literature. The steps followed for the respiration rate
estimation using RF sensors generally can be listed in the Table 3.1. This study is also

processed in a flow according to the headings in this Table.

Table 3.1. The steps followed for RR estimation.

Sequence | Process
1 Data collection
2 Filtering process of data
3 Feature extraction (Time or frequency domain)
4 Machine learning model
5 Respiratory rate estimation

3.2. Experimental Setup and Materials

In this study, a dataset consisting of measurements collected for a previous study is
used [8]. Measurements are taken in the laboratory at sitting and lying position as Figure
3.3. In experiments, ten healthy nonsmoking subjects with no history of respiratory
disease are selected. The main anthropometric characteristics of the subjects are given in
Table 3.2. The subjects steadily breathe at different rates range 12 breathe per minute
(bpm) to 20 bpm during the experiments and a metronome which acts as the ground-truth

is used to keep subjects’ respiratory rate constant.

» .'_ g

T
i1

Figure 3.3. Measurements are collected in sitting and lying positions [8].
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Table 3.2. The anthropometric characteristics of the subjects [8].

Range | Mean | Median | St. Dev.
Age 23-39 31.3 32 4
Weight (kg) | 70-120 | 79.3 75.5 17
Height (cm) |165-190| 175.6 | 174.5 7.8

Two Universal Software Radio Peripheral (USRP) B210 modules which are
deployed two sides of a chair are used as the radio transmitter and the receiver. The radio
transmitter emits a continuous wave signal at 900 MHz. The transmit power of signal is
adjusted as zero decibel-milliwatt (dBm) so that it doesn’t have to exceed the limit
specified by the Federal Communications Commission (FCC) regulations [8]. The
receiver module down-samples and digitizes the RF signal to baseband for processing.
After down-sampling, the sampling rate is specified as 1200 Hz which ensures the
Nyquist rate criterion for obtaining the respiratory frequency. Omnidirectional antennas
are used in both transmitter and receiver. The performances are obtained by using 90

records, each record is 120 seconds long.

3.3. Breathing Signal Model

Respiration is a vital process consisting of two stages which are inhalation and
exhalation. While the rib cage expands during inhalation, it shrinks during exhalation.
These periodic changes in the rib cage can affect the amplitude and phase of RF signals.
Fig. 3.4 shows how the amplitude of the breathing signal collected from the RF sensors
changes depending on whether the breathing is deep, shallow or normal. The figure also
shows that human movements change the signal to a significant extent. This phenomenon
shows that it is inherently difficult to obtain a reliable RR estimation with RF signals.

Therefore, the person needs to pay attention not to move during the measurement.
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Figure 3.4. The amplitude of the breathing signal changes depending on whether the breathing is
deep, shallow or normal [8].

In this section, the mathematical formulations of the breathing signal are
considered. Depending on the chest movements of the person standing in front of the RF
sensor during breathing, the phase and amplitude of the received signal changes
sinusoidally. This change is expressed mathematically. When there is no movement
between transmitter and receiver sensors, the magnitude of received complex baseband

signal in Eq. (3.1) as the following,
Yk = Uy + Vg k= 1,2, ...... N (31)
where k is discrete time index, and N denotes the collected sample number. u; is
the average value of the received signal. v, is assumed as a white Gaussian random noise
[8]. If there is a movement in the monitoring area, the magnitude of the received signal
can be modeled as Eqg. (3.2),
Yk = Ug + Vi + Xk k= 1,2, ...... N (32)
where, x;, is the signal due to movement. x; can be modeled as sum of the
sinusoidal signals due to periodic breathing movements as Eq. (3.3),
xp = Ni=14; cos(2nfp, kTs + ¢;) k=1,2,.... N (3.3
In Eq. (3.3), A is the amplitude, ¢; is the phase of the sinusoidal signal, T; is the
sampling period and i is the signal index. fg, is the RR of person standing on the

propagation path of the radio waves.
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Figure 3.5 shows a real filtered measurement. The changes occurred in the radio
channel during breathing can be seen. In the figure, the peaks of the signal represent the
end point of the inhalation, and the troughs represent the end point of the exhalation. The

total number of peaks or troughs gives the respiratory rate.

Discrete Time Filtered Signal - Duration = 60 second

Inhalation

0.0012
[\ Peaka Number of total peaks = Actual RR in minute,

:: I\/\ i /\ A

- AN
VUV

Sample value (Amplitude,V) -x[n]

0.0004 1 Exhalation
0 12000 24000 36000 48000 60000 72000  (index)
10s 20s  Sample index (Integer) -n 40s 50s 60s  (time)

30s

Figure 3.5. Changes occurred in the radio channel during respiration.

For example, the actual respiration rate of the signal in Fig. 3.5 is 15 per minute.
When the graph is analyzed, it is seen that the RR estimation in 60 seconds can be
obtained with high accuracy even by counting only the peaks. However, it is more
complicated to estimate the RR in a short time such as 10 seconds. Because, when it is
considered that there are 2 peaks in the 10-second part of the signal, the respiratory rate
per minute is calculated as 12, when it is considered that there are 3 peaks, the respiratory
rate per minute is calculated as 18. As a result, it is understood that it is more complicated
to make a reliable RR estimation within ten seconds compared to one minute with this
way. Therefore, the proposed method aims to estimate the RR with an acceptable error

rate in a short observation time.
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3.4. Data Processing

In this section, the data structure, data processing and filtering are discussed.

3.4.1. Data structure

The digital signal, which is the output of the SDR module, can be considered as an

array or list only for a single measurement in the programming language. If the number

of measurements is more than one, it can be thought of as a matrix. A representative array

of 10 elements is shown in Figure 3.6. The programming language which we used allows

us to find the 1st, x.th, or last element of an array, or index of the element with the smallest

or largest value.

First inds . .
157 maex Numerical value at index 8

1 2 3 1 5 6 7 8 9

=

——=indexes

Array length

Figure 3.6. One-dimensional array representation.

Fig. 3.7 shows the matrix representation of the whole dataset. Since we divided the

data into 10 second parts, 1080 different measurements are obtained. Each measurement

consists of 12000 samples. As a result, m is 1080, n is 12000. While the rows of the matrix

represent measurements, and the columns represent the indices.

Columns (indexes) From 1 ton

611 312 313 614 ...........................
21 22 23 24

31 %32 233

a a a
a1 a2 a3 a4 an

ml m2 m3 B eeeereeeeereeeeeneieeeaaae. amn

Rows (measurements) From 1 to m

Figure 3.7. Matrix representation of all measurements.
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Initially, the data used in this study consisted of 90 different measurements, each of
them are two minutes. Each of these two-minute measurements are gradually divided into
one minute, twenty seconds and ten seconds to observe the respiration rates at different
durations. Fig. 3.8 shows a real one-minute original, unfiltered measurement. This signal

iIs unfiltered, and the periodic inhalation and exhalation movements are distinguished.

Discrete Time Unfiltered Signal - Duration = 60 second

ryy
LY
o | U

0.0006 ' |
! ‘ ' | ' '
0.0004 - - =

0.0002 -

The 10 second part

Sample value (Amplitude V) -x[n]

s} 12000 24000 36000 48000 60000 72000 Index
10s Sample index (Integer) - n 50s 60s time

Figure 3.8. A real one-minute measurement.

The main motivation of the study is to attain a high accuracy RR estimation within
10 seconds. Therefore, it is focused on 10-second measurement results in this study. For
example, the ten second part of the one-minute signal in Fig. 3.8 is shown in Fig. 3.9.
This 10-second measurement is a digital signal consisting of 12000 samples and it can be
considered as an array for the programming language. Each point in the signal in Fig. 3.9

is an element of the array.

Discrete Time Unfiltered Signal - Duration = 10 second

0.0014

1

= 0.0012

\111:1 1725

0.0010

0.0008
©

sample value {(Amplitude V) x|

0.0006

0 2000 4000 6000 8000 10000 12000
Sample index (Integer) - n

Figure 3.9. The 10-second part of the signal indicated in Figure 3.8.
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In this 10-second signal in Fig. 3.9, it is understood that there are 12000 elements

and their corresponding as amplitude values.

3.4.2. Filtering
In this study, the linear regression model is used to compare the effect of filtered
and unfiltered signal on RR estimation. Linear regression models aim to predict the

outcome based on a linear combination of the coefficient variables given by Eq. (3.4):
5\/ = BO + lel + BZXZ + -+ Bmxm (34)

The values of the regression coefficients (By,B;,... By,) are determined by
minimizing the error rate between the real and the predicted value of y. In the formula, m

denotes the total number of features.

In order to measure the efficiency of ML models for RR estimation and the effect
of filtering, the mean absolute percentage error (MAPE) is used. MAPE can be modeled
as Eq. (3.5)

n ~
MAPE = 12 |u| x100 (3.5)
Mlmij=1! Vi

;=Predicted value for the i*" data point.
y;=Actual value for the i*" data point.
n =Number of observations.

It is observed that adding a filter caused a significant decrease in error rates. Filter
optimization is performed, and the most suitable filter is determined to be 0.7 Hz. Since
the filtering gives more reliability, all measurements are filtered. The filtered version of
the signal in Fig. 3.9 is shown in Fig. 3.10. A more robust signal is obtained by removing

the noise.
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Figure 3.10. The filtered version of the signal in Fig. 3.9.
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3.4.3. Data Enhancement

In the experimental environment of the study [8], 90 different measurements were
taken, and each measurement consisted of 144000 elements covering a period of 120
seconds. In this study, we continued by converting the 120 seconds of data into 10 seconds
of data in order to obtain results in a short period of time. In addition, this also allowed
us to increase the amount of data available. The stages of dividing the dataset are shown
in Table 3.3.

Table 3.3. Dividing the original two-minute measurement into ten seconds.

Time Measurement (Row) Array Length (Column)
120 seconds 90 144000

60 seconds 180 72000

20 seconds 540 24000

10 seconds 1080 12000

As a result of division, 90 measurements are increased to 1080 measurements and
144000 elements in each measurement are reduced to 12000. In short, a new 1080x12000
matrix is obtained when all measurements are considered. These values correspond to the

values m and n in Fig. 3.7.

3.5. Proposed Method
In this section, features are extracted, and respiratory rate estimation is performed

with various machine learning models.

3.5.1. Feature extraction

In this section, some features are proposed to determine the input features for the
machine learning model. Some of these features are extracted from the python library
named Tsfresh [33]. In total, 40 features are obtained. The creation techniques or formulas

of the features are mentioned further stages.

3.5.1.1. Method-1
The aim of the method is to approximate the frequency by finding the number of

samples between two peaks, two troughs and peaks and troughs in ten seconds. How the
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value is derived is exemplified in Fig. 3.11 for two peaks. As can be seen from Fig. 3.11,
there are 12000 samples within 10 seconds. Based on that, it is concluded that the actual
respiration rate per minute of the signal completing its period in every 6000 samples is
12 bpm. This would be 3600 for 20 bpm. Therefore, the RR per minute can be formulated
as follows Eq. (3.6):

__ Total number of samples in 60 seconds

RRmin -

(3.6)

Number of samples in 1 period

Discrete Time Filtered Signal - Duration = 10 second

0.0013
0.0012 aa J
0.0011 / \ / \ /
/ 3000. index of an‘n}-\ {7000 index of an'n}-\ /
0.0010 \ /

0.0009 // \\// \ /
oo008{ | \ /
0.0007 \ /

p— g

Peak to peak

Difference = 4000

sample value (Amplitude, V) -x[n]

T T T T T T T
] 2000 4000 6000 8000 10000 12000
Sample index (Integer) - n

Figure 3.11. Finding the number of samples between two peaks.

Indexes of the 1st and 2nd peaks are found respectively and the difference between

them is returned as output. The array representation of the peak determination are as
follows in Fig. 3.12.

index<— 1 2 3 3000 e 7000
value «—

1.peak 2.peak
v

S

N Difference = 4000

Figure 3.12. The array representation of the peak determination.
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A part of the method written in python programming language is shown in Fig.

range (1080

range(1,12001):

if A[k,i]<A[k,i+1]: #
n=n+l
if n>2000: # Has the
if A[k,i+1]>A[k,1i+2]:
m=m+1
indexofmaxelement[k,m]=i+1 # It will give the index of
n=@

Figure 3.13. A part of the Method-1 written in python programming language.

The stages of determining the peak points are as follows in Table 3.4.

Table 3.4. Algorithm steps of the Method-1

Steps Algorithm

1 | Start from the i=1st index of the array (signal).

Check whether the amplitude at index i of the array is less than the value at (i+1).

2
3 | The condition in step 2 is repeated by increasing the number i by 1.
4

The condition in step 2 is expected to be fulfilled 2000 times.

If the condition in step 2 is fulfilled 2000 times, the first value at which the amplitude at index
5 | (i+1) is greater than the amplitude at index (i+2) is selected as maximum.

Figure 3.14 shows a representative graph of how the method is implemented. In the
graph, it is understood that the amplitude of the elements in data increases continuously.
This increase has to continue for 2000 index. When this condition is ensured at ith index,
the amplitude of the (i+1)th index is expected to be greater than the amplitude of the

(i+2)th index. In short, the amplitude of the elements must pass the decreasing.
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This method is also used to find the number of samples between two troughs and
peaks and troughs. In this way, 2 more features are obtained. In addition, a 4th feature is

obtained by averaging these three features. All the features obtained with Method-1 are

The amplitude 1s

constantly rising

Amplitude (V)

2000 times rised vy of this index is greater
than the next index's value.
/)I Hence, here 1s peak.

Figure 3.14. A representative graph of how the Method-1 is implemented.

shown in Table. 3.5.

mdex

Table 3.5. The features obtained with Method-1.

Feature Method Description Notation
1 Number of samples between two peaks M,
2 Number of samples between two troughs M;,
3 Method-1 | Number of samples between peaks and troughs x 2 M5
4 Mean of 1,2,3. features. My,

As an example, the values obtained for only 10 measurements of the whole data are
shown in Figure 3.15. The results of feature 1 (M,,) obtained by Method-1 were

compared with the actual values. Since the number of samples in a signal with 12 bpm is

6000, it can be understood that the feature works properly.
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Figure 3.15. Comparison of feature M,, with actual values.

As can be seen from Figure 3.15, the values obtained from feature M,; on the left
and the number of samples in a period corresponding to actual RR on the right. The

example shows measurements that their actual respiratory rate is 12 per minute.

3.5.1.2. Method-2

This method aims to find the number of samples between two peaks, two troughs
and peaks and troughs similar to Method-1, but with a different formulation.

As can be seen in Figure 3.16, Method-2 depends on calculating the number of
samples between two peaks like Method-1. In the figure, m1, m2, m3 ...., m8 are the
index of maximum value in each interval. Also, it is explained in the formulation steps

section how the actual peaks such as m3 and m5 are determined.
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Figure 3.16. Finding the number of samples between two peaks according to Method-2.

The formulation steps are described below in Table 3.6.

Table 3.6. Algorithm steps of the Method-2

Steps Algorithm

1 | The array consisting of 12000 samples is divided into intervals containing 1500 samples.

2 | The index of maximum value in each interval is found. (m1, m2, m3 ..., m8)

If the maximum value in its own interval is greater than the maximum value in the next
3 |interval, itis selected as the peak.

4 | The formulation is completed by taking the difference of the index number of the two peaks.

It is understood from the formulation that m3 and m5 are the actual peaks since they
have maximum values. This method is also used to find the number of samples between
two troughs and peaks and troughs. In this way, 2 more features are obtained. In addition,

a 4th feature is obtained by averaging these three features.
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The all features obtained with Method-2 are shown in Table. 3.7.

Table 3.7. The features obtained with Method-2.

Feature Method Description Notation
1 Number of samples between two peaks M,
2 Number of samples between two troughs M,,
3 Method-2 | Number of samples between peaks and troughs x 2 M,
4 Mean of 1,2,3. features. M,,

In addition, 2 features are extracted from the features obtained by Method 1 and

Method 2. Table 3.8 shows these features.

Table 3.8. The features obtained with Method-1 and Method-2.

Feature Method Description Notation
1 Method-1 and Method-2 Mean of M;, and M, (M1,+My,)/2
2 Method-1 and Method-2 Ratio of M;, to M, M, /My,

Normally, two or three peaks can be seen within 10 seconds observation time.
Therefore, only either second or third coefficient of the FFT is the highest. As a result,
the FFT cannot give us the frequency directly but there is a linear relationship between

these coefficients and respiratory rates. Therefore, the second and third coefficients of the

FFT are used as a feature. Table 3.9 shows these features.

Table 3.9. The features obtained with the power amplitude value of FFT.

No Description Notation
1 Second coefficient of FFT FFT,
2 Third coefficient of FFT FFT,

3.5.1.3. Other features

Features extracted from the python package named Tsfresh or ready-made
functions in the python programming language are used as other features. A total of 40
features are used in the input of the machine learning models, including 12 features from
the previous section in Table 3.5, 3.7, 3.8 and 3.9 and 28 features added from other

sources in Table 3.10.
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Table 3.10 contains descriptions and formulas for 28 features.

Table 3.10. Other features.

No Features Notation
1 Kurtosis 1
NZE=1(|X1<| = Yuwn)*
Yk = 2
YRMS
2 Skewness 1
B NZiNzl(lxkl = Ymv)?
° YRMS3
3 Signal energy N
Ye= ) Ip@I?
n=-N
4 Count above mean Returns the number of values in Y that are higher than the
mean of Y
5 Count below mean Returns the number of values in Y that are lower than the
mean of Y
6 Last location of the maximum | Return the last location of the maximum value of Y
7 Last location of the minimum | Return the last location of the minimum value of Y
8 First location of the maximum | Return the first location of the maximum value of Y
9 First location of the minimum | Return the first location of the minimum value of Y
10 Longest strike below mean Returns the length of the longest consecutive subsequence
in Y that is smaller than the mean of Y
11 Longest strike above mean Returns the length of the longest consecutive subsequence
in Y that is bigger than the mean of Y
12 Absolute sum of changes n-1
> i =il
i=1
13 Has duplicate min Checks if the minimal value of x is observed more than

once

Root mean square

14
Mean second  derivative n—1
15 central 2(n—1—2) z % (Xis2 — 2.Xj41 + X1)
i=1
Mean change 1 =
16 n_1 Z(Xi+1_xi)
i=1
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[Table 3.10. (Continue) Other features.]

No Features Notation
17 Percentage of reoccurring | Returns the percentage of values that are present in the time
values to all values series more than once.
18 Benford correlation 1
P(d) = logy, <1 + 5)
19 Has duplicate max Checks if the maximum value of Y is observed more than
once
20 Variation coefficient Yev = Ysp/Ym
21 Minimum value in data Ymin = min(xy)
22 Maximum value in data Ymax = max(xy)
23 Mean 1
Ym = NZ Xk
i=1
24 Standard Deviation N
Ysp = N 1Z(Xk —Yp)?
i=1
25 Variance =
YV = Z(Xk - Ym)
i=1
26 Sum values N
Ysum = Z Xk
i=1
27 FFT a 27nd
Yrpr = Z x(n)e "N
n=-—N
28 Median for ordered data list or array{x,, X, .... X}
Xg + X%+1 . .
— if n is even

3.5.2. Machine learning models to predict RR

Machine learning models are preferred for RR estimation in the literature [24,26].

In machine learning algorithms, it is basically necessary to determine the features to be

applied to the input of the model. In this study, it is used many different machine learning

algorithms used previous studies in the literature. After determining 40 features to be

applied to the input of the model, they are tested in different machine learning models.

The values of the 40 features for each 10-second measurement are combined in a matrix

to be applied to the input of the model. To be more tangible, a representation of this matrix
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Is shown in Fig. 3.17. Here, each row indicates a 10-second measurement and each
column indicates the value of the 40 features. Therefore, since the total data to be trained
and tested consist of 1080 measurements that each of them are 10-second. When the value

of each feature is taken for 1080 measurements. The size of input matrix is formed as

1080x40.

First feature extracted from the first measurement.

Features extracted
from the third
measurement

m = 1080 (There are 1080 measurement)
n =40 (There are 40 features)

X = Matrix of input features to be applied
to machine learning

\l 40th feature extracted from the 1080th
measurement

3th features for all measurement

Figure 3.17. The input matrix of machine learning model.

Actual respiratory rate/min
@-.——-"’9’ of first measurement.

Output matrix Y2 m = 1080

\ |

Y =

Figure 3.18. Actual RR in minute of all measurements as a matrix.

Fig. 3.18 shows the actual respiratory rate value of each 10-second measurement in

one minute. The task of machine learning models is to make sense of the relationship
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between input features and output values. In this section, 1080 data are randomly sorted
and divided into 80% training and 20% test. The aim here is to create a model from 80%
of the data and to test the success rate of the model with 20% of the data. Ultimately, 12
different machine learning models are tested. Classification and regression types of
Random Forest, Lasso, Support Vector, Decision Trees, K-nearest neighbors and
Multilayer perceptron algorithms are used as machine learning models. Random Forest
algorithms give the lowest MAPE value for both classification and regression because it
is a good choice for structures using input features that don’t have a linear relationship
between them. Since the actual respiration rates are integers, the MAPE value obtained

with classification models is lower.

3.5.3. Feature selection for robust RR estimate

Among the 40 features used in the machine learning model, feature elimination or
in other words feature selection is made because there could be features, they may
increase the error rate in this section. In this way, more robust results are tried to be
obtained. Studies are carried out to determine how many and which inputs will be applied
to the machine learning model. In order to make a fair comparison with other methods
performing decimal RR estimation used in different studies [8,27,36,37], we continue
with the regression model. Therefore, the feature selection is implemented to the random
forest regression model giving the lowest MAPE value when 40 features are used. The
feature with the lowest error rate with the linear regression model is selected as the 1st
feature to be applied to the model input. Then, the feature giving the lowest error rate is
determined as the second feature when it is used with the first feature for random forest
regression model. The error rate for 8 features is significantly reduced by continuing in

this way.
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3.6. Results

The results obtained from different ML models are compared. According to the
results, it is seen that the Random Forest models give the most successful results both
classification and regression problems. Table 3.11 shows the MAPE values of machine

learning models applied in this study at section 3.5.2.

Table 3.11. Respiratory rate estimation with different machine learning models.

No Approach Method/Algorithm MAPE (%)
1 Random Forest Regression 2.73
2 Lasso Regression 4.08
Machine Learning .
3 Regression Algorithms Support Vector Regression 9.57
4 Decision Tree Regression 4.31
5 K-nearest Neighbors Regression 3.64
6 MLP Regression 4.49
7 Random Forest Classification 1.69
8 Lasso Classification 4.08
Machine Learning
9 Classification Support Vector Classification 4.85
Algorithms
10 Decision Tree Classification 3.03
11 K-Nearest Neighbors Classification 3.59
12 MLP Classification 9.82

As can be seen in Table 3.11, random forest classification and random forest
regression give the MAPE values of 1.69% and 2.73%, respectively. These scores are

lowest for both classification and regression problems on predicting the RR.
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The name Random Forest comes from the fact that the algorithm consists of many
trees called decision trees. Each decision tree makes a prediction about which class the
data belongs to and then it chooses the most preferred class as output. The random forest
algorithm is a successful algorithm in terms of reducing the risk of overfitting and
distinguishing the importance of features. For these reasons, the random forest algorithms
give successful results in large datasets where there is no linear relationship between their
inputs.

In the study conducted in section 3.5.3, with the 8 features in Table 3.12, the MAPE
value is reduced to 2.33% from 2.73% for random forest regression. The features are
meaningless when used alone and good results are obtained when they are used together.
In particular, features such as count above mean, longest strike below mean and second
coefficient of FFT are intended to determine the repetition time of the signal. When they

used together, lower error rate is obtained.

Table 3.12. Feature selection for robust RR estimation.

Z
o

Feature

Longest strike below mean

Signal energy

Minimum value in data

Mean

Root mean square

FFT,

Count above mean

Median

O |lN|]ojloa]lbA|lW]IN]|E

Additionally, the random forest classification model is the classification model with
the lowest error rate. With the 8 features in Table 3.12, the MAPE value of this model is

0.58%. Since the actual respiration rates are integers, the MAPE value is lower.
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Besides machine learning models, RR estimation is also performed with different
methods in literature. These methods are tried on dataset used in this study. The results
are shown in Table 3.13. When the RR estimation is calculated for one-minute
observation time, the MAPE value is 0.18% with the “FFT” method, 2.55% with the
“peak to peak interval” method and 8.5% with the “peak detection” method. Although
better results are obtained with FFT, peak to peak interval and peak detection methods
within one-minute, robust results could not be obtained within a short period of 10
seconds. In signals which their observation time is ten second, there are either two peaks
or three peaks. When these values are proportioned to one-minute measurements, it is
understood that it will be difficult to find the other periods such as 14, 15 except for 12
and 18 with FFT and peak detection methods.

In conclusion, when the results are analyzed, it is understood that it is difficult to
achieve low error rates with a single feature or method. With the machine learning model,
error rates can be reduced by utilizing more than one feature. For example, there is no
feature individually with a MAPE value below 3% through the 40 features used in this
study. Therefore, we can attribute the high error rates of the methods proposed in previous
studies to the short observation time and their inadequacy when used alone. These
methods are compared with the proposed method in this study in Table 3.13.

Table 3.13. MAPE values obtained with methods except machine learning in different studies.

Method/Algorithm MAPE (%)
Fast Fourier Transform (FFT)[37] 12.76

Peak to peak interval[36] 3.78

Peak detection [27] 17.82
Periodogram[8] 7.33
MUSIC[8] 6.66
ESPRIT[8] 5

Random Forest Regression[Proposed] 2.33
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Additionally, the features used in the studies carried out on respiratory rate
estimation with machine learning models in Section 2.2, are implemented to dataset used
in this study. Table 3.14 shows their MAPE values. Compared to other features, a lower
error rate is obtained with the features selected in this study. Here, it is thought that the
results are better because there are features like longest strike below mean, count above
mean and FFT, that directly determine the repetition time of the signal.

Table 3.14. RR estimation with features used in the studies reviewed in Section 2.2.

Methods Used Features MAPE (%)
Method in [24] Features in Table 2.3 3.19
Method in [26] Features in Table 2.5 2.93
Method in [28] Features in Table 2.6 5.97
Proposed Features in Table 3.12 2.33

34



4. CONCLUSIONS

In this thesis, it is demonstrated that the proposed machine learning-based method
can accurately estimate respiration rate using RF signals with low error rates. By
transmitting and receiving continuous wave signals through software-defined radio
modules, the system captures subtle amplitude variations in the RF signals corresponding
to the physical motion associated with respiration. These small variations provide
information about breathing patterns, enabling precise and non-contact estimation of RR.
This approach offers significant advantages over traditional techniques that require
physical sensors or devices attached to the body. Furthermore, the use of SDR modules
also provides flexibility, as the signal settings can be adjusted to work in different
environments and with different people. The trained machine learning framework reveals
the potential of RF technology to develop efficient and easy-to-use respiratory monitoring
systems for healthcare applications.

Statistical methods in literature typically require observation periods that cover
several signal cycles to capture the periodic nature of the signal. As a result, while they
perform well over long observation periods, their accuracy tends to decrease with limited
data. In contrast, the proposed method does not rely on detecting the period of the signal,
which makes it less affected by short observation periods. This feature enables it to
maintain high accuracy even with limited data, making it more robust and versatile for
applications where long-term observation may not be possible. The proposed system is
validated with real measurements from ten participants. Experiments were conducted in
various positions, such as sitting and lying down, to analyze the performance of the
system. The results show that the system achieves high accuracy with an error rate of
2.33% using limited data and provides a significant improvement over both statistical
methods and other machine learning-based RR estimation methods in the literature.

In the proposed method, the machine learning approach involved initially extracting
40 features from the RF signaling data based on various time domain and frequency
domain to comprehensively represent respiratory patterns. These features are then
reduced to the eight most informative ones, improving model efficiency and focusing on
key indicators of respiratory rate. Various classification and regression models are tested,
and the Random Forest Regression model is selected as provides the best performance.
Furthermore, this study also demonstrates the potential of integrating RF signals with

machine learning models to create a low-cost, portable, and rapid respiratory monitoring
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system. The system’s ability to provide quick RR measurements makes it suitable for
applications in clinical settings and emergency scenarios. Future studies could expand the
dataset to assess the system’s adaptability to various demographic groups, and

optimizations could be made to enable its use in real-time applications.
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