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AĞUSTOS 2020
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ÖZET

İNSAN HAREKETLERİNİN RF SİNYALLERİ KULLANARAK TANIMLANMASI

VE İZLENMESİ

Can UYSAL

Elektrik-Elektronik Mühendisliği Anabilim Dalı

Elektromanyetik Alanlar ve Mikrodalga Tekniği Bilim Dalı

Eskişehir Teknik Üniversitesi, Lisansüstü Eğitim Enstitüsü, Ağustos 2020

Danışman: Doç. Dr. Tansu FİLİK

Bu tezde, iç ortam ve duvar arkası sağlık takibi ve aktivite tanıma uygulamaları için

kablosuz radyo-frekans (RF) sinyallerinin potansiyelleri araştırılmıştır. Elektromanye-

tik dalgaların yayılım yolu üzerindeki veya yakınındaki hareketli veya sabit nesneler

alınan RF sinyallerin dalga biçimini etkilemektedir. Son dönemlerde, bu RF sinyalleri,

literatürdeki düşme tespiti, yaşamsal işaret takibi, aktivite tanıma gibi farklı sağlık hiz-

meti uygulamaları için incelenmektedir. Sağlıklı insanlar için bile, yaşamsal işaretlerden

biri olan solunum hızını (RR) gerçek zamanlı olarak izlemek hayat kurtarıcı olabilmek-

tedir. Koronavirüs hastalığı 2019’un (COVID-19) erken dönemde solunumla ilgili ha-

fif semptomlara neden olduğu bildirilmektedir. Huzurevleri ve evlerindeki insanların so-

lunum hızlarının temassız bir yöntemle sürekli olarak izlenmesi yakın gelecekte daha

önemli olacaktır. Bu tezde ilk uygulama olarak temassız yaşamsal solunum hızı izleme

seçilmiş ve üç farklı sinyal modeli ve yeni yöntemler önerilmiştir. Önerilen sistemde,

yüksek çözünürlüklü altuzay-tabanlı parametrik spektral kestirim yaklaşımları, rotasyo-

nel değişmezlik tekniği ile sinyal parametrelerinin kestirimi (ESPRIT) ve çoklu sinyal

sınıflandırması (MUSIC), ve ardışık bağlanımlı hareketli ortalama (ARMA) modeli-tabanlı

Quinn ve Fernandes (QF) tekniği solunum hızı kestirim algoritmaları olarak sunulmak-

tadır. Önerilen temassız solunum hızı izleme sisteminin kısıtlı veriyle çok yüksek doğruluğa

sahip sonuçlara ulaştığı ve literatürde yaygın olarak kullanılan referans periodogram yönte-

minden üstün olduğu gerçek dünya ayarları ve ölçümleriyle yapılan deneylerle gösteril-
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mektedir. Standart ortak kokusuz Kalman filtresi (JUKF) yöntemi de bu yeni ve zaman

açısından kritik problem için modifiye edilmiştir ve önerilen modifiye JUKF (ModJUKF)

yönteminin zamanla değişen solunum hızı senaryosunda pencereleme-tabanlı yöntemlere

göre düşük bir hata oranına ulaştığı deneylerde gösterilmiştir.

İkinci uygulama olarak, duvar arkası (TTW) statik/hareketli insan tespiti problemi

araştırılmıştır. İnsan solunumunun neden olduğu çok küçük yansımalar kullanılarak duvar

arkasındaki statik insanın varlığının tespiti literatürde ilk defa önerilmekte/ kullanılmaktadır.

Önerilen makine öğrenimi tabanlı yöntemin, çift duvar arkası senaryosunda hem statik

hem de hareketli insanın tespiti için %99’un üzerinde doğruluk elde ettiği çeşitli deney-

lerle gösterilmektedir. Önerilen sistemin makine öğrenimi modelini yeniden eğitmeden

yeni bir ortamda kullanılabileceği gerçek deneylerle de doğrulanmaktadır.

Son uygulama 26 harfi RF sinyallerini kullanarak sınıflandıran cihazsız havaya-

yazma tanıma sistemi olan bir insan-makine etkileşimi uygulamasıdır. Önerilen sistem,

el hareketi tanıma için literatürde ilk kez Ayrık Kosinüs Dönüşümü (DCT) katsayılarını

ayırtedici özellikler olarak kullanmaktadır. Önerilen sistemde, sınıflandırma doğruluğunu

iyileştirmek için kullanılan polarizasyon çeşitliliğini sağlamak için iki-kanallı alıcıda zıt

kutuplu (yatay ve dikey) antenler kullanılmaktadır. Önerilen sistemin havaya-yazılmış

26 harfin sınıflandırılmasında %95.15 doğruluğa ulaştığı ve oldukça yeni WiFi tabanlı

havaya-yazma tanıma yaklaşımlarından daha iyi performans gösterdiği gerçek ölçümlere

yapılan deneylerle gösterilmektedir.

Tüm bu uygulamalarda, kablosuz RF sinyalleri düşük maliyetli yazılım tabanlı radyo

(SDR) modulleri ile üretilmekte ve alınmaktadır. Sunulan sistemler, gerçekçi senaryolarla

uyumlu, farklı sayıda gönüllüden toplanan gerçek ölçümlerle gerçekleştirilen çeşitli de-

neylerle doğrulanmıştır.

Anahtar Sözcükler: RF sinyalleri, duvar arkası, sağlık hizmetleri, solunum hızı kesti-

rimi, temassız, Kalman filtre, makine öğrenmesi, statik insan tespiti, insan-makine etkileşimi,

cihazsız, havaya-yazma tanıma, Ayrık Kosinüs Dönüşümü, yazılım-tabanlı radyo.

iv



ABSTRACT

RECOGNITION AND MONITORING OF HUMAN MOTIONS USING RF SIGNALS

Can UYSAL

Department of Electrical and Electronics Engineering

Programme in Electromagnetic Fields and Microwave Technique

Eskişehir Technical University, Institute of Graduate Programs, August 2020

Supervisor: Assoc. Prof. Dr. Tansu FİLİK

In this thesis, the potentials of radio frequency (RF) signals are investigated for indoor

and through-the-wall (TTW) health monitoring and activity recognition applications. The

moving or stationary objects on or near the propagation path of electromagnetic waves

affects the received RF signals waveform. Recently, these RF signals are examined in

literature for different healthcare applications, such as fall detection, vital sign monitor-

ing, etc., and activity recognition. It can be life-saving to monitor the respiratory rate

(RR), one of the vital signs, even for healthy people in real-time. It is reported that coro-

navirus disease 2019 (COVID-19) causes mild respiratory symptoms in the early stage.

It is more important to continuously monitor the RR of people in nursing homes and

houses with noncontact methods. In this thesis, the noncontact vital RR monitoring is

chosen as the first application and three different signal models and new methods are pro-

posed. In the proposed system, the high resolution subspace-based parametric spectral

estimation approaches, estimation of signal parameters by rotational invariance technique

(ESPRIT) and multiple signal classification (MUSIC), and auto-regressive and moving

average (ARMA) model-based techniques are presented as the RR estimation algorithms.

It is shown by the experiments with real-world settings and measurements that the pro-

posed noncontact RR monitoring system achieves very accurate results with the limited

number of observations and outperforms the periodogram method commonly used as the

benchmark in the literature. The standard joint unscented Kalman filter (JUKF) method

is also modified for this new and time-critical problem and it is shown in the experiments

v



that the proposed modified JUKF (ModJUKF) method attains a low error rate according

to the windowing-based methods in the time-varying RR scenario.

As the second application, TTW static/moving human detection problem is investi-

gated. The presence detection of the static human behind the wall using minute reflections

caused by human breathing is the first time proposed/used in the literature. It is shown in

various experiments that the proposed machine learning-based method achieves over 99%

accuracy for the detection of both static and moving human in double TTW scenario. It

is also validated with the real experiments that the proposed system can be used in a new

environment without retraining the machine learning model.

The last application is a human-machine interaction application which is a device-

free air-writing recognition system that classifies 26 capital letters using RF signals. The

proposed system uses the Discrete Cosine Transform (DCT) coefficients as discriminative

features for the first time for gesture recognition. The oppositely polarized (i.e. horizontal

and vertical) antennas are used in the two-channel receiver to provide polarization diver-

sity that is exploited to improve the classification accuracy. It is shown with experiments

conducted with real measurements that the proposed system, which achieves 95.15% ac-

curacy in the classification of 26 air-written letters, outperforms the fairly new WiFi-based

air-writing recognition approaches.

In all these applications, RF signals are generated and captured by low-cost software-

defined radio (SDR) modules. The presented systems are validated through various exper-

iments conducted with real measurements collected from different numbers of volunteers

and from different places compatible with realistic scenarios.

Keywords: RF signals, through-the-wall, healthcare, respiratory rate estimation, non-

contact, Kalman filter, machine learning, static human detection, human-machine inter-

actions, device-free, air-writing recognition, Discrete Cosine Transform, software-defined

radios.

vi



14/08/2020

STATEMENT OF COMPLIANCE WITH ETHICAL PRINCIPLES AND RULES

I hereby truthfully declare that this thesis is an original work prepared by me; that I

have behaved in accordance with the scientific ethical principles and rules throughout the

stages of preparation, data collection, analysis and presentation of my work; that I have

cited the sources of all the data and information that could be obtained within the scope

of this study, and included these sources in the references section; and that this study

has been scanned for plagiarism with “scientific plagiarism detection program” used by
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1. INTRODUCTION

In this thesis, sensing, recognition and, monitoring of moving objects in a noncontact

manner using radio-frequency (RF) signals are investigated. The moving or stationary

objects on or near the propagation path between the transmitter (TX) and the receiver

(RX) affect the received RF signals. It is experimentally observed that the amplitude and

phase of received RF signals which are affected by the moving or stationary objects in

the environment are correlated to the objects. Thus, it can be possible to achieve mean-

ingful inferences such as detection of human presence, monitoring of vital signs, and

recognition of micro-level gestures by analyzing the received signal parameters. Some

other technologies such as audio and vision based techniques are widely used in literature

for human activity and gesture recognition, vital sign monitoring, etc. But the use of RF

signals for these purposes is a new and challenging problem for literature.

In this thesis, three main practical applications using RF signals are considered.

The noncontact RR monitoring is chosen as the first application and three different sig-

nal models and new methods are proposed. In the proposed system, the high resolu-

tion subspace-based parametric spectral estimation approaches, ESPRIT and MUSIC,

and ARMA model-based QF technique are presented as the RR estimation algorithms.

The standard JUKF method is also modified for this new and time-critical problem. As

the second application TTW static/moving human detection problem is investigated. The

presence detection of the static human behind the wall using minute reflections caused

by human breathing is the first time proposed/used in the literature. The last application

is a human-machine interaction application which is a device-free air-writing recognition

system that classifies 26 capital letters using RF signals. The proposed system uses the

DCT coefficients as discriminative features for the first time in the literature for gesture

recognition. In the proposed system, the oppositely polarized (i.e. horizontal and verti-

cal) antennas are used in the two-channel receiver to provide polarization diversity that is

exploited to increase the classification accuracy. In all these applications, RF signals are

generated and captured by low-cost SDR modules. SDR modules that are reconfigurable

and easy to control provide fine-grained signal measurements. The presented systems are

validated through various experiments conducted with real measurements collected from
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different numbers of volunteers, compatible with realistic scenarios.

1.1. Motivation and Objectives

This section provides an overview of the main motivations and objectives of the thesis.

• Respiratory Rate Monitoring

Elderly monitoring systems are becoming widespread with the increase in the el-

derly population around the world, and continuous monitoring of respiratory rate (RR) is

vital, especially for those who live alone and suffer from respiratory diseases. Especially,

the infection with severe acute respiratory syndrome (SARS), Middle East respiratory

syndrome (MERS), and coronavirus disease 2019 (COVID-19) can cause a severe viral

respiratory illness. The traditional RR monitoring methods require physical contact with

the human body [1]. These contact-based methods, such as capnography or impedance

pneumography, are used especially in clinical environments and require dedicated health-

care professionals [2]. There are also some other methods that use the physiological

signals such as electrocardiography (ECG) [3], polysomnography (PSG), photoplethys-

mography (PPG) [4, 5]. Alternatively, some wearable sensor-based solutions such as

microphones and accelerometers operating in non-clinical settings have emerged [6, 7].

In addition, sleep mattresses with pressure sensors are used for RR monitoring. In all

these contact-based systems, some special sensing modules are required that limit pa-

tient mobility and comfort, and this is not suitable especially for long-term and remote

patient monitoring at home or in nursing homes. Contactless monitoring the health sta-

tus of patients with the infectious diseases mentioned above is very important since both

preventing the spread of the disease and reducing the vital risk of the relevant healthcare

staff. In addition to these wireless sensing systems, other noncontact methods which are

using different technologies such as visual are also investigated in literature. However,

vision-based systems have some disadvantages such as requiring daylight and line-of-

sight propagation, and violating the privacy of private life. The main motivation is the use

a new sensing technology (wireless) that will eliminate all the above disadvantages.

• Recognition of Moving Objects Using Machine Learning Techniques

In recent years, there has been an increasing interest in machine learning-based human

sensing using RF signals instead of visual and audio (acoustic) signals. In this context the
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studies, using radio propagation characteristics as features, increases. RF-based human

sensing techniques aim to recognize information about humans such as presence, location,

moving trajectory, activity, gesture, identity, vital sign, etc. using RF signals. In this

scope, presence detection of static/moving human through the wall and device-free air-

writing recognition which is one of the applications of human-machine interactions are

quite new and challenging problems.

Through-the-Wall Human Detection: Through-the-wall (TTW) systems are useful

for monitoring and detecting non-cooperative people. Such a system that can detect the

presence of a non-cooperative person behind a wall can be used by law enforcement for

better planning in hostage rescue operations. In addition, it can be used in home health-

care services to monitor the health status of the elderly. In a post-disaster emergency, first

responders can use such a system to detect the presence of people under the avalanche or

debris. In such cases, people have significantly limited movement capabilities or they may

lie unconsciously completely motionless. Therefore, detection of the motionless (static)

human through the wall has significant importance especially for after disaster scenarios.

In these emergency situations, using active systems where a controlled RF signal is emit-

ted, and the received signal is analyzed to detect presence of a live human are effective

since using opportunity signals, such as WiFi is not possible. Traditional RF-based meth-

ods use ultra-wideband (UWB) radar technology for the presence detection of human.

These systems that occupy very high bandwidth require specific devices and big anten-

nas. Existing human detection solutions utilize the analysis of RF signals that are affected

by human movements. RF signals attenuate as they pass through the wall since some of

them reflect from the wall. Therefore, TTW static human detection using RF signals is a

very challenging problem. Periodic chest/abdominal movements caused by breathing can

be used to separate the presence of static human from the empty environment.

Air-Writing Recognition: In recent years, the requirements of human-machine in-

teractions (HMI) are increasing, especially for smart home, and industrial applications,

gaming, and virtual reality world, etc. Traditional methods such as a keyboard and touch

screen will not be preferred in the future’s entertainment, home, and industrial applica-

tions. Other device-based methods require the user to wear a special sensor such as Data

Glove or to hold a controller such as Wiimote for air-writing. Contactless (device-free)

techniques such as air-writing, gesture recognition, speech recognition are becoming more
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popular. These contactless techniques are widely using visual and acoustic technologies.

Air-writing recognition using RF waves is a very challenging problem since the RF wave-

forms of the same letter are never identical even if the letters are written by the same

person. The potentials of RF waves for human-machine interactions such as air-writing,

which is defined as the user writing letters or words in the air, are investigated in this

thesis.

The main objective of this thesis is to develop noncontact respiratory rate mon-

itoring system for three different signal model, and machine learning approaches for

through-the-wall presence detection of static/moving human based on human breathing

and gesture (letters written in the air) recognition using RF signals.

1.2. Overview of Human Sensing Technologies

This section provides a general overview of the current sensing technologies used in

human or moving object sensing systems. Basically, it is possible to categorize these

technologies into two groups according to the sensor type: device-free and device-based

sensing [8]. Device-based systems use a physical sensing module attached to the hu-

man body. These methods utilize on-body wearable sensors (accelerometer, gyroscope,

pulse oximeter, thermal sensor, etc.) to sense the movements of body parts [9, 10, 11].

Although wearable sensors based systems offer low-cost solutions, they have some disad-

vantages. When wearable systems are used, the measuring devices are directly attached

to the human body. For example, wearing a noise probe, wearing a chest band or lying on

a private bed can disturb people. However, elder patients may forget to wear these sen-

sors, and children may remove or lose them. Also baby’s skin may be irritated by these

sensors due to being worn on their bodies. On the other hand, device-free sensing sys-

tems can be categorized into three groups: 1) vision-based, 2) ambient sensors-based, 3)

RF-based. Vision-based methods take advantage of camera to record the video sequence

and sensing the human using computer vision algorithms [12, 13]. But these methods

are completely dependent on daylight and have high computational cost. There is also

violation of the privacy of private life. In the ambient sensors-based methods, the data

received from physical sensors in the fixed position in the environment such as pressure

sensor, vibration sensor, passive infrared (PIR) sensor, etc. are used [14, 15, 16]. These

methods require specific sensing modules and have some disadvantages such as energy
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consumption and deployment cost.

In recent years, RF-based methods for human sensing have emerged [17, 18, 19].

RF signals are reflected, scattered and attenuated by the human body. For this reason,

these signals are influenced by the presence and/or movements of the human on the prop-

agation path between the transmitter and the receiver. In all applications, the effect of the

presence/movements of human to the propagation channel of the radio signals is analysed.

Compared to other sensing methods, RF based methods do not require a physical sensing

module, as they only benefit from wireless communication features. Thus, the deploy-

ment cost is removed, energy consumption for sensing and data transmission is reduced,

and the right of privacy is protected.

1.3. Contributions

The key contributions of the thesis can be summarized into three parts as follows,

• An RF-based noncontact respiratory monitoring system is proposed in Chapter 3.

- A new RF-based noncontact RR monitoring system is proposed. The covari-

ance matrix model-based superior high resolution spectrum estimation meth-

ods, ESPRIT and MUSIC, are applied to RR estimation for the first time in

this thesis. The system includes a simple motion detection algorithm based on

adaptive thresholding to eliminate the effects of the large-scale body move-

ments on the RR estimation. It is shown that high resolution techniques

achieve very low error rate with the limited number of data and significantly

improve the RR estimation accuracy according to the benchmark method (pe-

riodogram) in literature [20, 21].

- A novel modification to the JUKF method is proposed for the real-time es-

timation and tracking of RR, which is called ModJUKF. Due to the nonlin-

ear structure of the RR estimation problem with respect to the measurement

hereby, a new and novel modification is proposed in this thesis to transform

measurement errors into parameters errors by using the hyperbolic tangent

function. The proposed method reduces the computational complexity and

improves the accuracy according to the standard JUKF method. In addition,
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ModJUKF achieves the highest accuracy among the windowing-based com-

mon methods in the time-varying RR scenario [22].

- An efficient RF-based noncontact sleep monitoring system is proposed. ARMA

model based frequency estimation algorithm, Quinn and Fernandes (QF) method

is firstly adapted and used for the RR estimation. The proposed noncontact

system can successfully separate body movements (turnovers), breath holding

(apnea) and breathing cases with the sleep event detection method [23].

• A machine learning-based system for TTW presence detection of static/moving

human using RF signals is presented in Chapter 4 [24].

– The presence detection of the static human using minute reflections caused by

human breathing for the double TTW scenario is the first time proposed in the

literature. Double TTW is a more challenging scenario where both transmitter

and receiver are placed in different rooms from the one in which the human

exists.

– Periodic chest movements caused by breathing cause a periodic change in the

received signal. The RR estimates obtained using this periodicity are used to

distinguish the presence of a static human from a human-free environment. In

addition, variance, which has great potential to separate dynamic and static

conditions, is used to detect the presence of moving human.

– It is shown in various experiments that the proposed system achieves over

99% accuracy for the detection of both static and moving human in double

TTW scenario. It is also validated with the experiments conducted in realistic

scenarios that the proposed system can be used in a new environment without

retraining the model.

• A machine learning-based air-writing recognition system that classifies 26 capital

letters using RF signals is presented in Chapter 4. The presented system does not

require any wearable sensor or hand-held controller for writing the letters in the air

[25].

– In the proposed system, the oppositely polarized (i.e. horizontal and vertical)
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antennas are used in the two-channel receiver to provide polarization diversity

that is exploited to improve the classification accuracy.

– The proposed system uses the DCT coefficients as discriminative features for

the first time in the literature for air-writing recognition. These spectral fea-

tures are more efficient than conventional time-domain features which cannot

distinguish subtle letter gestures.

– The proposed system also includes a letter segmentation stage that uses a

thresholding-based method to identify the data segments which contain air-

writing.

• The proposed system utilizes the narrowband unmodulated continuous wave signals

captured by powerful low-cost SDR modules which provide flexibility and versatil-

ity to the users [20, 21, 22, 23, 24, 25].

1.4. Thesis Outline

In this section, the organization and overview of the contents of the subsequent chapters

of the thesis are presented.

In Chapter 2, the background of RF sensing concept is provided. The chapter begins

with the basics of the electromagnetic wave propagation. Then the received signal models

are given and how a moving object affects the RF signal is discussed. RF-based monitor-

ing and sensing technology is described and the application areas of this technology are

briefly discussed. Finally, background information for different types of RF signals that

are used on the purpose of RF sensing are provided.

In Chapter 3, the noncontact respiratory rate (RR) monitoring system using RF

signals is presented. First, basics of respiration are given and the effects of respiration

to RF signal are shown. Then the mathematical formulations of the breathing signal are

considered. Three different signal models are presented. Next, the preprocessing steps

that are required to prepare the data are discussed. The motion detection algorithm used

for the eliminate the effects of the large-scale body movements on the RR estimation

and sleep event detection algorithm used to separate the cases during sleep are presented.

Then, the RR estimation methods are presented and the experimental results are given to

validate the accuracy of the presented methods.
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In Chapter 4, machine learning-based applications are considered. First, TTW pres-

ence detection system for both static and moving human is presented. The extracted

features used by the classifier are described. Various experimental results are given to

demonstrate the effectiveness and robustness of the presented TTW human detection sys-

tem. Then, a machine-learning based air-writing recognition system that classifies 26

capital letters using RF signals is presented. The basics of antenna polarization and effect

of the polarization diversity are discussed. In addition, a letter segmentation algorithm

to identify the data segments which contain air-writing activity is presented. Then, DCT-

based features that are fed into the machine learning algorithm to generate a model are

described. Finally, the performances of the proposed air-writing recognition system are

extracted.

In Chapter 5, the conclusion of the thesis is given.
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2. BACKGROUND & RELATED WORK

2.1. Background

RF signals are electromagnetic waves whose frequency range can vary from 3 kHz to 300

GHz. Electromagnetic waves are exposed to some effects while propagating in space.

Some of these effects are reflection, refraction, absorption and scattering [26]. For exam-

ple, a radio wave can propagate through an object, but some of the wave will be reflected

on the object surface, and some of its energy will be absorbed by the body. In addition, the

propagation of waves depends on the frequency. At high RF frequencies, the wavelength

of the waves is at the millimeter level, so the scattering of the wave is almost non-existent

and the dominant effects are the reflection and absorption of the waves, which leads to

the attenuation of the wave energy [27]. The advantage of using RF signals is that they

pass through non-metallic materials, thereby enabling the human body to be sensed from

behind the wall. RF-based monitoring methods do not require line-of-sight path.

Another important factor in the propagation of radio waves is multipath propaga-

tion. The transmitted radio signals are reflected from many different moving or static

objects. Different versions of the transmitted signal reaching the receiver in different

ways are called multipath components. The effect of the multipath changes according

to the distribution of intensity, propagation time and bandwidth of the transmitted signal

[26]. The random phase and amplitudes of different multipath components cause fluctua-

tions in signal strength. Multipath causes attenuation in power (in general), delay in time,

shift in phase and frequency [27].

Fig. 2.1 shows an illustration of typical radio channel propagation between a trans-

mitter and a receiver. The received signal consists of line-of-sight (LOS) component and

multipath components like wall and human body reflections. While the wall reflection is

caused by static objects, the body reflection is caused by a moving object.
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Figure 2.1: Illustration of typical radio channel propagation.

2.2. Radio Channel Measurements

The radio channel between the transmitter and the receiver can be modeled as a linear

time-varying filter with the impulse response as follows [28] ,

h(t, τ) =
N∑
i=1

αi(t)δ (τ − τi(t)) ejθi(t) (2.1)

where N is the number of multipath and i is the path index. αi(t), θi(t), and τi(t) are

time-varying amplitude, phase and time-delay of the ith path, respectively. δ(.) is the

delta function. This model is valid for wideband channels (i.e. Ultra-wideband (UWB)

transceivers) [29]. Narrowband devices cannot receive multipath signals individually,

instead they only measure magnitude and phase [30]. Multipath signals cause fluctuations

in the received signal magnitude and phase in narrowband systems. When an unmodulated

continuous wave is emitted from the transmitter, the received signal excluding noise is

measured as the sum of all multipath components which resulting in complex baseband

voltage as follows [31],

V (t) =
N∑
i=1

|αi(t)|ej(θi(t)+2πτi(t)) (2.2)
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Figure 2.2: (a) Three scenarios to demonstrate the effect of moving objects to RF signals. (b) The
changes in RF signal magnitude during the scenarios.

Then, the output of the channel, y(t) is obtained as below,

y(t) = V (t) + n(t) (2.3)

where n(t) is complex-valued additive Gaussian measurement noise. In our system, low

cost software defined radio (SDR) modules, which are easy to control and reconfigure, are

used as the radio transmitter and receiver. SDR modules offer higher number of degrees

of freedom and provide flexibility and versatility to the users. In this thesis, we use SDR

modules as narrowband transceivers as we preferred the unmodulated continuous wave

(CW) signal as the monitoring signal. In this way, there is no need for a time synchro-

nization and an isolation between the transmitter and the receiver. Since the monitoring

signal is a continuous signal, we also get rid of the main disadvantages of the standard

Wi-Fi technology such as sampling jitters, etc. Although the impulse response approach

has the capability to resolve individual multipaths better than narrowband systems. These

wideband systems also require very high bandwidth and a time synchronization between

the transmitter and the receiver, which increases the system cost and complexity.
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2.3. Effect of Moving Objects to RF Signals

RF signals are affected by the human body while propagating in the air. A human body

reflects or attenuates the RF signals. Therefore, the presence or movements of the hu-

man changes the radio channel between the transmitter and the receiver. Thus, it can be

possible to have information about the presence, location, or some characteristics of the

human in the environment by analyzing the RF signal patterns and characteristics. The

main factors that affect the radio signal propagation in indoors are the multipath effects

and blocking the LOS path. Blocking the LOS path causes a sharp drop in the magnitude

of the signal. Additionally, depending on the phase value of V (t) in (2.2), multipath com-

ponents can increase (in-phase) or decrease (out-of-phase) the magnitude of the signal.

These factors are explored in three different scenarios that are shown in Fig 2.2(a). In

these scenarios, the person leaves point A and reaches point B and waits there until the

end of the measurement. The changes in RF signal magnitude during these scenarios are

shown in Fig. 2.2(b). In the first scenario, the person moves along the corridor between

the receiver and the transmitter. When the person comes to the LOS path, the signal mag-

nitude drops dramatically. Then, the signal magnitude rises back to its former level as the

person continues to walk and moves away from LOS path. In the second scenario, unlike

the first scenario the person waits at this point after he blocks to the LOS path. As the

LOS path is blocked, a sharp decrease in the signal magnitude is observed, similar to the

first scenario. Afterward, since the person continues to stay in the same position, the sig-

nal magnitude does not change. In the third scenario, the apparent factor that effects the

signal is multipath. In this scenario, the person walks behind the receiver, not along the

corridor between the receiver and the transmitter, here, blocking LOS path is out of scope.

As seen, slight fluctuations are shown up due to the multipath effect. It is reported that

the amount of these fluctuations has a linear relationship with the total power in multipath

components influenced by the movements in the environment [32].

2.4. RF-Based Monitoring Technologies and Applications

Radio Frequency (RF) sensing has been one of the topics that have become popular in

recent years. In this approach, the aim is to obtain information from that environment or

people by monitoring the ambient RF signals. According to the recent researches, changes
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in the transmission path of RF signals can be used as a powerful sensing tool for noncon-

tact measurement systems. The most important factor that highlights this approach is that

monitored people do not need to wear any sensors or wireless devices on them. Therefore,

it has attracted a lot of attention lately. RF signals are used in many applications such as

human activity recognition, occupancy estimation, vital sign monitoring, indoor localiza-

tion, fall detection and gesture recognition. Application areas in RF-based monitoring are

given in Table 2.1. Both specifically designed radio signal sources like Software Defined

Radio (SDR) and wireless technologies like WiFi, Zigbee, Bluetooth can be used for RF

sensing.

Table 2.1: Application Areas in RF Sensing.

Task Application Areas
Human Activity Recognition[8] Home Automation

Gesture Recognition[17] Gaming
Health-care

Robotics
Security (surveillance)

Shopping
Vital Sign Monitoring[19] Search and rescue

Patient monitoring
Emergency response

Presence Detection[33] Home automation
Intrusion detection
Border protection

Occupancy Estimation[34] Smart building management
Smart transportation
Emergency response

Shopping
Search and rescue

Fall Detection[35] Assisted living
Elderly monitoring

2.4.1. Sensing Techniques

In this section, background information for different types of RF signals that are used on

the purpose of RF sensing, such as WiFi, SDR-based, and radar are provided.

WiFi is a standard communication technology that provides connecting devices

such as personal computers, smartphones, gaming consoles, etc. with each other in a
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wireless manner. The frequency bands of WiFi are 2.4 GHz and 5 GHz. WiFi signals

exist in many indoor and outdoor environments. Therefore, it is widely preferred in many

RF sensing applications [36]. WiFi-based systems generally use coarse-grained received

signal strength indicator (RSSI) [37] and fine-grained channel state information (CSI)

[18, 38] measurements of the signal. RSS measurements are easily provided by commer-

cial devices. However, since these measurements have low time and bit resolution, their

accuracies are limited. RSS values are integers therefore have high quantization errors. In

addition, RSS measurements are susceptible to environmental changes. Unlike RSS, CSI

have fine-grained information and high resolution [39]. CSI describes how an RF signal

propagate from the TX(s) to the RX(s) and reveals the combined effect of, for instance,

scattering, fading, and power decay with distance [40]. CSI involves both phase and am-

plitude information of 30 subcarriers. However, CSI is provided by only specific network

interface cards (NIC) such as Intel 5300, Atheros 9580 which are available for a limited

number of PC models.

Software defined radio (SDR) which is powerful and low-cost specialized hardware

provides high flexibility and versatility to the users. SDR modules that are reconfigurable

and easy to control provide fine-grained signal measurements, such as amplitude and

phase. The main advantage of the SDR module is that, unlike standard devices using

WiFi, it can adjust the signal configurations such as transmission mode, carrier frequency,

modulation type, bandwidth, etc. In addition, since the sampling frequency of SDRs is

relatively high, it is possible to obtain actual channel instead of only tracking RSSI [41].

Unlike CSI which can only be collected from Wi-Fi signals, this approach can be applied

to any RF system. Likewise, it does not have any limitation about signal characteristics.

SDR modules are preferred in many applications such as gesture recognition [42], vital

sign monitoring [43, 44], activity recognition [41, 45], and indoor localization [46].

Radar techniques can also be used for RF sensing [47]. Most widely used radar tech-

niques in RF sensing applications are continuous-wave (CW) radar [48, 49], ultra wide-

band (UWB) radar [50, 51, 52], frequency-modulated CW (FMCW) radar [43]. These

radars are active radars where a radar waveform is transmitted from the transmitter and

this signal is expected to return by reflecting from the target. Passive radar systems do

not have their own transmitter, they use existing signals from other sources to extract

information about the target. CW radars usually measure Doppler shift of the reflected
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signal. These radars which are widely used for vital sign monitoring [48] or target local-

ization [49] which utilize displacement measurements. FMCW radars ensure sweeping

the carrier frequency along the bandwidth. This technique requires very high bandwidth.

They use the frequency difference between the transmitted and reflected signal, which

corresponds to object range. These radars are preferred for some applications including

gesture recognition, respiratory rate monitoring [43], and multi-target localization[53].

UWB radars take advantage of ultra-short pulses less than 1 ns [50]. These radars can

cope with multipath interference thanks to ultra short pulses. However, the range of these

radars is low as they send low energy signals. UWB radars are widely used for patient

and vital sign monitoring applications [51, 52].
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3. NONCONTACT RESPIRATORY RATE MONITORING

3.1. Introduction

Elderly monitoring systems are becoming widespread and continuously monitoring of res-

piratory rate (RR), especially for those living alone and suffering from respiratory diseases

is vital [54]. Especially, the infection with severe acute respiratory syndrome (SARS),

Middle East respiratory syndrome (MERS) and COVID-19 can cause a severe viral respi-

ratory illness. The conventional RR monitoring methods which require physical contact

with the human body restrict the movements and comfort of a person. These contact-based

methods such as capnography or impedance pneumography are used especially in clinical

environments [1]. There are also some other methods that use the physiological signals

such as electrocardiography (ECG) [3], polysomnography (PSG), photoplethysmography

(PPG) [4] and the sleeping mattresses consisting the piezoelectric, the capacitance and

the fiber optic pressure sensors [55]. These conventional contact-based methods are not

suitable especially for long-term monitoring at home or nursing homes since they restrict

people’s movements and prevent them from performing their daily activities. Noncontact

(device-free) RR monitoring methods are developed for eliminating the disadvantages of

contact-based systems especially in-home care services.

In recent years, radio-frequency (RF)-based noncontact health monitoring methods

which use the electromagnetic wave propagation models, have begun to attract more at-

tention especially for monitoring houses, workplaces, and even for clinic environments.

RF signals which are noncontact and are already present in homes, are preferred for health

monitoring methods such as fall detection [56], human activity recognition [41] and in-

door localization [57]. Since these methods annihilate the disadvantages of the contact-

based methods, they provide great innovation to the area of interest. For accurate RR

estimation, radar-based methods are proposed in literature which use Frequency Modu-

lated Carrier Waves (FMCW) radar [58, 59], Doppler radar [60, 61, 62, 63] and Ultra

Wide Band (UWB) radar [52, 51, 64, 65]. FMCW radars measure the distance between

the chest wall and the transceiver device. This technique requires very high bandwidth

since the chest displacements are in millimeters and it also requires sophisticated devices
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to ensure sweeping the carrier frequency along the high bandwidth. In addition, Doppler

and UWB radars measure the relative speed changes and displacements during breathing.

UWB radars ensure a system with high range-resolution since they transmit very short

pulses. These radars also require very high bandwidth and a time synchronization be-

tween the transmitter and the receiver, which increases the system cost and complexity.

Doppler radars have low power consumption and simple radio architecture. But in the

presence of multiple subjects, their accuracy decrease.

In addition to radar specific methods, there exist many other RF-based vital signs

monitoring studies which use the standard radio signals known as wireless fidelity (Wi-

Fi) technology. In [19, 66, 37], the received signal strength (RSS) measurements of Wi-Fi

signals are used for health monitoring. In [19], they use RSS data from many wireless

network links to extract the RR. However, the RSS measuring devices (indicators) have a

limited number of quantization levels and therefore offer a low resolution with the high

noise level. In real cases, these measurements can be easily disrupted by environmental

factors. In [67, 68, 18, 38, 69, 70, 71, 72], the channel state information (CSI) of Wi-Fi

signals, which is more sensitive than RSS, is used for RR monitoring. In [67, 68, 18],

the periodic chest movements caused by breathing are sensed by using CSI data during

sleep. In [38], the authors use the RR estimates for the detection of moving and stationary

subjects. In [69], a theoretical approach that demonstrates the effect of human breathing

on Wi-Fi signals is presented. While these methods use the amplitude of CSI to extract

the RR, in [71, 72], the phase difference between the two receiver sensors is also used. In

addition to these noncontact RF-based methods, some other technologies such as audio

[73] and vision [74], [75] based techniques are also used for noncontact RR estimation. In

this study, unlike the above radar-based methods and the standard Wi-Fi-based techniques,

we preferred the unmodulated continuous wave (CW) signal as the monitoring signal.

In this way, there is no need for a time synchronization and an isolation between the

transmitter and the receiver sensors. Since the monitoring signal is a continuous signal, we

also get rid of the main disadvantages of the standard Wi-Fi technology such as sampling

jitters, etc.

It is observed in literature that the magnitude of received signal changes periodically

due to inhaling/exhaling cycle of a person in between the RF propagation path. In order

to estimate the periodicity, namely respiratory rate both the time and frequency domain
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methods are used in literature. The time domain methods are based on estimating the

intervals of the peaks or zero-crossings of the periodic signals [76, 77]. Frequency domain

spectrum estimation techniques are widely used for RR estimation such as in [19, 66, 37,

68, 18, 38, 69, 43, 44]. Since these methods have no signal model assumption, they can

be classified as non-parametric spectral estimation techniques. The frequency resolution

and the accuracy of these methods are restricted with the collected data size. On the other

hand, the periodicity (RR) in breathing signals are timely varying, so it is also required

to reduce the data size for sensitively tracking the sudden changes. These non-parametric

methods also fail to distinguish multiple subjects with close respiratory rates due to the

limited resolution.

Rx 

Sensor

Tx 

Sensor

Monitoring Area

Calibration

Update Stage

Detection

Search-Free 

ESPRIT

Search-Based 

MUSIC

Adaptive 

Motion 

Detection

RR Estimation with Parametric 

Spectral Estimation

Respiratory Rate

Motion

YesNo

Figure 3.1: The general organization of the proposed RF-based noncontact RR estimation system
using Model 1.

In this chapter, the problem of noncontact RR estimation is investigated. Three RF-

based RR estimation methods are presented. The general organization schemes of the

presented RR estimation methods which use an unmodulated continuous wave (CW) sig-

nal as the monitoring signal are shown in Fig. 3.1, Fig.3.2, and Fig. 3.3, respectively. The

new system uses low cost software defined radios (SDR) as the transmitter and the receiver

sensors. The presented methods which exploit the periodic patterns caused by breathing

on RF signals are derived from three different signal models for the noisy breathing sig-

nal. First, the high resolution subspace techniques, estimation of signal parameters by

rotational invariance technique (ESPRIT) [78] and multiple signal classification (MU-

SIC) [79], which are derived from covariance matrix model are used for the noncontact

RR estimation. The system includes a simple motion detection algorithm based on adap-
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Figure 3.2: The organization of the proposed respiratory rate (RR) estimation system using Model
2.

tive thresholding to eliminate the effects of the large-scale body movements on the RR

estimation. The proposed system is validated with real data collected using ten partic-

ipants and realistic scenarios that examine the practical factors affecting RR estimation

performance. It is shown that the high resolution techniques achieve very low error rate

with the limited number of data and significantly improve the RR estimation accuracy ac-

cording to the benchmark (periodogram) method in literature. Second, the ARMA (2,2)

model-based Quinn and Fernandes (QF) [80] method is firstly adapted and used for the

noncontact RR monitoring during sleep. The QF method treats as a filter which iteratively

annihilates the RR. In addition, we use the same setup with a new sleep event detection

method which can separate the breath-holding (apnea), body movements (turnovers) and

deep sleep (breathing only) cases during sleep using a variance-based simple threshold-

ing technique. It is shown with the experiments conducted with the real measurements

that although the QF method has poor initial estimates provided by an inefficient esti-

mator for limited data such as the periodogram, it produces accurate estimates with the

limited number of data. These methods derived from the first two models benefit from

the windowing approach where the RR is stationary along the window length. RR is a

time-varying parameter. Assuming the RR as a longtime constant causes delays in moni-

toring the parameter; this can be a critical problem in emergencies. Although the subspace

techniques reduce the latency and improve the accuracy according to the periodogram, a
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real-time tracking is still an important requirement.

In the end, the nonlinear model-based Kalman Filter (KF) approach which is capa-

ble of estimating and tracking the RR with a low steady-state error is proposed. For real-

time monitoring, we modify the standard joint unscented Kalman filter method which uses

third-order state-space model. The KF is an optimal filter for linear systems and widely

used in control, robotics, navigation systems, target tracking, and communication systems

[81]. But, most of the real systems can not be modelled as linear systems such as biomed-

ical systems [82, 83], neural networks [84], and smart grids [85, 86]. For these inherent

nonlinear systems, extended Kalman Filter (EKF), which provides an approximation to

optimal estimation, is developed [87, 88]. In EKF, since the first-order linearization is

applied to the nonlinear model, the mean and covariance of the approximations highly

deviate from their actual values. This may cause poor estimation performance and even

divergence of the filter. To overcome this problem, the Unscented Kalman Filter (UKF) is

developed [89, 90]. It is evaluated in many KF applications that UKF outperforms EKF

[91, 92]. In UKF, true mean and covariance values are captured by using the determinis-

tic sigma points. The UKF and its variants are successfully used in various fields such as

attitude estimation [93], target tracking [94], power systems [95, 96], vehicle navigation

[97, 98, 99].

The problem of estimating the vital signs such as RR is difficult due to the inher-

ent nonlinearity of the problem. It is required to find the most appropriate KF approach

for the RR monitoring problem. There are other types of KF besides UKF for nonlin-

ear models such as particle KF [100], cubature KF [101, 102, 103], and ensemble KF

[104]. All these types of KFs are proposed to solve the problems especially when the

model’s state and/or parameter dimensionality is high. Similarly, the other variants of

UKF such as iterative one in [105], provides better state and covariance estimation when

the dimensionality is high and the system is too complicated. Some other recent versions

of UKF in [106, 107, 108] are proposed to give more robust results when there are out-

liers, incorrect states and measurements. But, in our case since the RR state-space model

can be formulated with two states and one parameter, the standard UKF and the mod-

ification of standard joint UKF (JUKF), which is widely used for parameter estimation

[109, 110, 111, 112, 113], are considered. In [114], it is shown that the modification

for JUKF, decreases the computational complexity which is called as modified joint un-
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scented Kalman filter (MJUKF). Both JUKF and MJUKF are based on unscented transfor-

mation [114, 115, 116, 117]. In JUKF, the parameters are combined with the state vector

and estimated together with the states [118]. Thus, the computational complexity of the

JUKF increases depending on the number of parameters. In MJUKF, the parameters are

separated from the state-space and updated based on the transformation of errors between

measurements and transformed sigma points into parameter errors. Thus, MJUKF re-

duces the computational complexity significantly according to the JUKF while parameter

estimates converge. However, it is clear that the modification proposed in [114] works

for nonlinear systems in which a linear transformation between measurements and pa-

rameters is achieved. Due to the nonlinear structure of the parameter estimation problem

with respect to the measurement hereby, a new and novel modification which is sketched

in Fig. 3.3 is proposed and presented in this chapter. A hyperbolic tangent function

(i.e. tanh) is firstly considered to transform measurement errors into parameter errors.

Similar functions (e.g. hyperbolic sine, sigmoid, rectified linear unit function etc.) are

generally used as activation functions in artificial neural network concept, [119, 120]. As

stated in [120], such activation functions have two critical drawbacks, firstly outputs can

be limited to a finite range, and secondly, they provides non-linearity for any function.

Depending on the noise level of the measurements and with appropriate selection of the

filter parameters, ModJUKF can surpass JUKF in terms of accuracy [114]. We collected

signals from healthy volunteers to obtain performances of the proposed real-time mon-

itoring method. It is shown in the experiments conducted with the real measurements

taken using healthy volunteers that the proposed new real-time noncontact RR esti- ma-

tion and tracking ModJUKF method reduces the computational complexity and improves

the accuracy according to the standard JUKF method. In addition, ModJUKF achieves

the highest accuracy among the windowing-based common methods in the time-varying

RR scenario.

3.2. Respiration

3.2.1. Basics of Respiration

Respiration is the process of human’s taking oxygen in the air and releasing carbon diox-

ide to the air to survive. It consists of two phases as inhalation and exhalation as seen in
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using Model 3.

Figure 3.4: Inhalation and exhalation phases [43]
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Table 3.1: The processes during respiration.

During Inhalation During Exhalation
diaphragm contracts diaphragm relaxes

chest expands chest contracts
air flows in air flows out

volume increases volume decreases
pressure decreases pressure increases

Fig. 3.4. During inhalation, air is inhaled through the mouth or nose and travels towards

the lungs. In the meantime, the chest wall expands, the diaphragm contracts and the chest

volume increases. During exhalation, this process works in the opposite direction, and

it continues cyclically. The processes during inhalation and exhalation are given in Ta-

ble 3.1. In a healthy adult the number of breaths per minute is between 12-20, 16-22 in

children, and 18-40 in infants.

3.2.2. Effect of Respiration to RF Signal

In this section, the effects of the respiration to the RF signals are investigated. Alongside

the large-scale movements like running, walking, etc., even micro-level movements like

gestures or chest/abdomen movements caused by breathing affect the RF signal. Fig. 3.5

shows an example of the changes that occur in the radio channel during breathing. The

displacement of the chest wall along the anteroposterior dimension is approximately 4.2

mm ∼ 5.4 mm at the normal breathing and 12.6 mm at the deep breathing [69, 121]. The

chest wall expands outwards when the air is inhaled and contracts inwards when the air is

exhaled, as expected. These arguments are also observed and verified with real measure-

ments in our laboratory. The person sitting on the chair over the LOS path holds his breath

(after inhalation) between the 17th and 30th seconds. Then he continues to breathing until

the 43rd second. Afterwards, he holds his breath again (after exhalation) between the 43rd

and 52nd seconds. As shown in Fig. 3.5 (b), these planned movements can be easily mon-

itored with variations on the received signal magnitude. Fig. 3.5 (a) shows the magnitude

of the received signal when there is no moving object in the environment of interest. In

this case, the signal amplitude is almost stable as seen. The received RF signal’s magni-

tude level changes with inhaling/exhaling of the person and this causes a periodicity on

the received signal due to the breathing movements. Even though the received signal is
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affected by the ambient noise, it preserves its periodic structure. The proposed respira-

tory monitoring methods in this thesis estimate the respiratory rate taking advantage of

periodicity of the received signal.
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Figure 3.5: The effect of the exhalation, inhalation and breath holding to the received signal.

3.3. Breathing Signal Model

The received RF signal, affected by the breathing motion of an adult which is on or near

the propagation path between the radio transmitter and the receiver, is called as the breath-

ing signal. In this section, the mathematical formulations of the breathing signal are

considered. During breathing, the chest movements of an adult who stands on/near the

propagation path of the RF signal variate the magnitude and phase of the received sig-

nal. These variations on the received signal’s magnitude can be modeled as a sinusoidal

function depending on the periodical change of the chest movements. When there is no

movement (or no person) in monitoring area between transmitter and receiver sensors,

the sampled version of the magnitude of received complex-value baseband signal in (2.3)

written as the following,

yk = |rk| = µk + vk k = 1, . . . , N (3.1)

where k is discrete time index and N denotes the collected sample number. µk is the

time-varying DC component (average) value of the received signal and vk is assumed as a
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white Gaussian random process to represent random fluctuations. If there is a movement

in the monitoring area, the magnitude of the received signal can be modeled as,

yk = µk + xk + vk k = 1, . . . , N (3.2)

where, xk is the signal due to movement. In case of a stationary adult(s) lying or sitting

in the monitoring area, xk signal can be modeled as sum of the sinusoidal signals due to

periodic breathing movements,

xk =
n∑
i=1

Ai cos(2πfRi,kkTs + φi) k = 1, . . . , N (3.3)

where A, φ are the amplitude and phase of the sinusoidal signal, respectively. n denotes

the number of sinusoidal signals (subjects) and is known in advance, Ts is the sampling

period and i is the signal (subject) index. fRk which is time-varying frequency is the RR

of an adult who stands on the propagation path of the radio signal.

3.3.1. Model 1: Covariance Matrix Model

m samples are collected from the received breathing signal that is defined in (3.2) as

follows,

y =


yk

yk−1

...

yk−m+1

 = A


x1,k

...

xn,k

+


vk

vk−1

...

vk−m+1

 , (3.4)

where xk is the sinusoidal source signal, n denotes the number of sinusoidal signals (sub-

jects), A is a manifold matrix related with the frequency and its content is shown as,

a(f) = [1 e−j2πf ... e−j(m−1)2πf ]T (m× 1)

A = [a(f1) ... a(fn)] (m× n),
(3.5)

where m, which is a positive integer, is the number of samples in the sequence and also

known as the model order of the covariance matrix. The covariance matrix of y is defined

as,
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R = E{yyH} (m×m), (3.6)

where (.)H is the conjugate transpose operator and E{.} is the expectation operator. With

the performing of eigen decomposition of R, the ordered eigenvalues are obtained as

λ1 ≥ λ2 ≥ ... ≥ λm. A set of orthonormal eigenvectors corresponding to {λ1, ..., λn} are

defined as {s1, ..., sn} and the orthonormal eigenvectors associated with {λn+1, ..., λm}
are defined as {g1, ..., gm−n}. When the eigenvalues of R are sorted in decreasing or-

der, the eigenvectors corresponding to the largest n eigenvalues span the signal subspace,

and the eigenvectors corresponding to the remaining m − n eigenvalues span the noise

subspace [122]. The eigenvectors span the signal and noise subspaces are shown in the

following,

S = [s1, ..., sn] (m× n),

G = [g1, ...,gm−n] (m× (m− n)),
(3.7)

where S and G represent the signal and noise subspace, respectively.

3.3.2. Model 2: ARMA Model

We consider one subject case for this model. For the estimation of the respiratory rate of

a stationary adult, the received signal in (3.2) without a DC component can be written as

the following,

yk = A cos(wRkTs + φ) + vk (3.8)

If yk satisfies (3.8), an ARMA (2,2) model equation can be defined as,

yk − 2 cos(wRTs)yk−1 + yk−2 = vk − 2 cos(wRTs)vk−1 + vk−2 (3.9)

where the unknown parameter, wR, can be estimated by an ARMA-based technique.

There is no closed form solution for wR in (3.9).

3.3.3. Model 3: Third-Order State-Space Model

The state-space equations are defined as,

xk = f(xk−1) + wk (3.10)

26



ψk = g(xk) + vk (3.11)

where (3.10) and (3.11) are state and measurement models, with nonlinear f and g func-

tions, respectively. wk ≈ N(0,Q) and vk ≈ N(0, R) are uncorrelated noise on states and

measurement, respectively. Q and R are the state and measurement noise covariances,

respectively.

The respiratory frequency (rate) of breathing signal in (3.8) is time-varying and can

be called as instantaneous frequency [123] and rewritten as,

x1,k = A cos(Φk + φ). (3.12)

where third–order state space representation of the signal is given as a rotating vector in

Cartesian plane and projections of this rotating vector is given as the states x1,k and x2,k,

and its angular velocity equals to the instantaneous frequency x3,k = Ωk. The constant

frequency case is expressed as:

Ωk = Φk − Φk−1. (3.13)

The noise free relations of state model in (3.10) can be expressed as,

x1,k = cos(x3,k−1)x1,k−1 − sin(x3,k−1)x2,k−1,

x2,k = sin(x3,k−1)x1,k−1 + cos(x3,k−1)x2,k−1,

x3,k = x3,k−1,

(3.14)

and the measurement model in (3.11) can be explicitly rewritten as,

ψk = x1,k + vk, (3.15)

3.4. Preprocessing Steps

In this section, we discuss data preprocessing procedures. In order to make the respiratory

rate estimation algorithm properly with real measurements, some preprocessing steps are

required. In this section, the basic pre-processing steps such as DC blocking filter, outlier

removal, and downsampling are briefly summarized.
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3.4.1. Real-Time Recursive DC Blocking Filter

As shown in Fig. 3.6. (a) the DC (mean) value of the breathing signal is changing with

time. In state-space formulations in Model 3, the sinusoidal waveform with time-varying

frequency in (3.12) is defined without a DC component. The presence of the DC compo-

nent disrupts the built-in model and consequently prevents the estimated parameters from

converging to the correct value. Thus, DC components do not contain any information

about the respiratory rate and must be filtered out from the received signal. To get rid

of zero frequency component, a simple method which subtracts the average of the signal

from the signal itself can be used. However, this method is not suitable for real-time ap-

plications since it requires batch data for computing the average, and also fails since the

DC component changes over time. Alternatively, in this study, a recursive DC blocking

filter [124, 125] which can operate in real-time is preferred. The transfer function of the

system in the Z-domain is written as,

H(z) =
1− z−1

1− pz−1
, (3.16)

where p is a coefficient, 0 < p < 1, and the difference equation of DC blocking filter is

given as,

yk = ψk − ψk−1 + pyk−1, (3.17)

where ψk is the measurement data in (3.15) and yk is the filtered measurement data. The

initial value, y0, is selected as a very small number close to zero for not creating an offset.

Fig. 3.6 (a) & (b) show an example of the received RF signal before and after

passing through the DC blocking filter, respectively. In real measurements, the received

signal may also have a trend not caused by respiratory rate as shown in Fig. 3.6 (a) due

to the time-varying DC components. These trends can cause nonlinearity that adversely

affects transient time that is the time for the system to converge the correct parameter.

By using DC blocking filter, the trend of the signal alongside the DC component is also

eliminated as shown in Fig. 3.6 (b). UKF assumes white Gaussian noise distributions on

states and measurements but for this practical application it can not be always possible.

Instead of applying some complex methods in [106, 107, 108] to overcome this problem,

the measurements can be processed by recursive DC blocking filter. So besides getting rid
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Figure 3.6: (a) RF signals before passing through the DC blocking filter (b) RF signals after
passing through the DC blocking filter.

of DC component, unwanted noise components are also eliminated due to the cascaded

differentiator/integrator structure [124]. In our case, this filtering improves signal-to-noise

ratio (SNR) of the measurements and it also decreases the model and measurement errors

of UKF and preventing stochastic stability and divergence problems.

3.4.2. Outlier Removal

In some cases, deviations that are not induced by respiratory movements are observed

on the received signal. This deviations are called as outliers. In Fig. 3.7, the outliers

can be seen that near 8, 10, 38, 46, 55 and 59 sec. If this signal is used as input to the

respiration rate estimation system, the results will be incorrect. So, the outliers must be

eliminated. For this purpose, the well known Hampel identifier is used [126]. Hampel

identifier calculates the median (µ) and standard deviation (σ) of the samples in the mea-

surement window. Then, it determines an upper and lower bound using µ and σ. Upper

and lower bounds are set to µ+ 3σ and µ− 3σ, respectively. A new sample which is out

of these bounds is qualified as outlier. The outliers are detected and removed from the

original signal as seen from the Fig. 3.7.
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Figure 3.7: (Top) The original signal with outliers. (Bottom) The signal whose outliers are re-
moved using Hampel identifier.

3.4.3. Downsampling

The received signal is sampled by the USRP at 1200 Hz. Since the respiration rate of a

healthy adult is below 1 Hz, high sampling rate makes difficult to distinguish the respi-

ration signal in the frequency spectrum. Downsampling is required to increase the fre-

quency resolution with the aim of resolve the low-frequency respiratory rate. Moreover,

high sampling rate increases the computational cost. Due to these reasons, the received

signal is downsampled without distorting its waveform and periodic form.

3.5. Materials and Methods

The organizations of the presented three RF-based RR estimation system are shown in

Fig. 3.1, Fig. 3.2, and Fig. 3.3, respectively. We assume that the monitoring area is

between the propagation path of the radio transmitter and receiver.

3.5.1. Subjects

In experiments, 10 healthy nonsmoking subjects with no history of respiratory disease

are used. The measurements are taken while the subjects are lying and sitting using
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the setups shown in Fig. 3.8. The subjects consist of the staff and the students of the

Anadolu University. The relevant Institutional Review Board approval for this study is

obtained from the Anadolu University Scientific Research and Ethics of Publication Board

of Health Sciences. Each volunteer agreed to be a subject and signed the study protocol.

3.5.2. Experimental Setup

The real measurements are taken using the two experimental setups in the laboratory as

shown in Fig. 3.8. The scaled graphical representations of these setups are also illustrated

in Fig. 3.9. The low-cost SDRs which are developed by Ettus Research [127] are used

as the radio transmitter and the receiver. The SDR modules which ensure flexibility to

the users are re-configurable devices. Two Universal Software Radio Peripheral (USRP)

B210 modules which are deployed two sides of a bed (or 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 does not exceed the limit specified by the Federal Communications Commission

(FCC) regulations [128]. The receiver module down-samples and digitizes the RF signal

to baseband for processing. After down-sampling, the sampling rate is specified as 10 Hz

which ensures the Nyquist rate criterion for obtaining the respiratory frequency. Omni-

directional antennas are used in both transmitter and receiver.

Figure 3.8: The measurements are collected when lying and sitting using the experimental setups.

3.5.3. Problem Definition

The problem is to accurately estimate and track the RR, namely the frequency of sinu-

soidal (fR) in noisy breathing signal yk. The breathing signals are collected as the mag-
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Figure 3.10: The normalized magnitude of the breathing signal, y(t) in the cases of normal,
shallow and deep breathing and during large-scale body movements in the monitoring area.

nitude of the received sensor signal which can be seen in Fig. 3.10. In this figure, the

magnitude of the received signal in cases of the normal, shallow and deep breathing and

large-scale body movements are shown. Figure shows that the mean, powers of signal

and noise levels are changing with time even with these limited stationary measurements.

Thus, it is a big challenge to track accurately the RR. Another challenge is to accurately

detect the presence of the movement of subjects in the monitoring area. In the following

sections, event detection and RR estimation methods are presented for the best solutions

of these challenges.
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3.5.4. Event Detection

This section discusses the presented event detection methods to eliminate some situations

that prevent the RR from being estimated during monitoring.

3.5.4.1. Motion Detection With Adaptive Threshold

It is critically important to preciously detect the motion of a human body or a moving

object in the monitoring area. Fig. 3.10 shows the real normalized magnitude of received

signal, y(t). In this example, an adult steadily breathes until 32nd second. Then, he takes

shallow breaths and deep breaths, along 30 seconds and 24 seconds, respectively. After-

wards he makes some large-scale body movements such as head and limb motions be-

tween the 84th and 100th seconds. Soon after, he continues breathing without any motion

until the end. It can be seen that the body motions of an adult cause big fluctuations on

the received RF signal. If the RR estimation algorithm is executed in these time intervals,

the system may result in a false alarm (result). To avoid this, all the other motions except

breathing should be detected and the RR estimation algorithms should not be executed in

these time intervals.

The motions cause wild fluctuations such as outliers on these non-stationary breath-

ing signal. In literature, there are outlier detection methods such as the Hampel identifier

[126]. But Hampel identifier is a non-causal structure which is not suitable for these kind

of real time applications. In [68] and [38], the body movements during breathing is de-

tected by comparing the received signal variance with a pre-defined threshold. Pre-defined

threshold-based methods can fail to detect motions when the received signals are nonlin-

ear and non-stationary. Besides, the signal variance that is easily affected by outliers is

not a suitable parameter for the motion detection.

In this work, to detect the body motions except breathing, we propose an adaptive

algorithm whose thresholds are updated by using the median and median absolute devi-

ation of newly collected data. The proposed approach consists of three stages. The first

is the calibration stage where Nth samples length data, Ycl, are initially recorded. It is

assumed that there is no motion except the breathing in the monitoring area. The second

is the update stage where the median (x̃) and median absolute deviation (Ψ) of collected

data, upper (γupp) and lower (γlow) thresholds are calculated as γupp,low = x̃± nσ ∗Ψ like
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the Hampel identifier [126]. nσ is a scaling factor and is set to a constant as a result of

empirical observations. The last stage is the detection where if the median value of the

current data x̃d is out of threshold bounds, the motion is detected. Otherwise, no motion

is detected as,

H1 : x̃d < γlow or x̃d > γupp

H0 : otherwise,
(3.18)

where H1 and H0 denote the motion and no motion cases, respectively. We use dynamic

thresholds rather than pre-defined fixed thresholds for adapting the motion detection al-

gorithm to dynamic environments. The proposed procedure is summarized in Algorithm

1.

Algorithm 1 Motion detection with adaptive thresholding

1: calibration: Ycl = y(1 : Nth)
2: for ti = Nth + 1 : step : N do
3: update: calculate x̃ and Ψ from Ycl

4: γupp = x̃+ nσ ∗Ψ
5: γlow = x̃− nσ ∗Ψ
6: x̃d = median(y(ti : ti + step− 1))
7: detection:
8: if x̃d < γlow or x̃d > γupp then
9: motion detected

10: else update Ycl

11: end if
12: end for

3.5.4.2. Sleep Event Detection

Fig. 3.11 shows the change of received RF signal with time for an example scenario. Dur-

ing this real measurement of 90 seconds, an adult lies on the bed between the transmitter

and the receiver which are shown in Fig. 3.8(a). In this example, the person breathes

normally during the first 12 seconds. The person then makes turn movements in bed. It

is seen that the amplitude of RF signal changes significantly during these movements. It

is clear that these body movements affect the RF signal excessively. It is not possible

to estimate the respiratory rate during this time interval. In addition, the breathing of a

person stops when sleep apnea occurs. To observe the changes of the RF signal during
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Figure 3.11: An example of real measurement. Received RF signal includes the normal breathing,
body movement, and breath holding cases.

a sleep apnea scenario, the person holds him/her breath between 40th and 55th seconds.

It is observed that the RF signal is stationary in this time interval. Afterward, the person

continues to normal breathing until the end. Therefore, before estimating a person’s respi-

ratory rate, there is a need for a method that eliminates these cases during sleep. It is clear

that the variances of the amplitude of the RF signal are different in all three cases. Hence,

it is possible to distinguish the normal breathing, body movements, and breath-holding

cases by using the variance of the amplitude of the RF signal. For this purpose, we use

the signal variance as a feature for the sleep event detection. The variance is widely used

in literature to separate dynamic and static cases such as in this study [68, 38]. It can be

seen in Fig. 3.12 that the variance of the same received signal in Fig. 3.11 is a distinctive

feature to separate the normal breathing, body movements, and breath-holding cases. In

this method, the variance of the received signal in the sliding window is calculated and

compared with the threshold value as the following,

Body movement (turnover) : σ2
y > Thr1

Breath− holding (apnea) : σ2
y < Thr2

Breathing : otherwise

(3.19)
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where σy is the variance of the received signal in the sliding window. Thr1 and Thr2 are

the threshold values which are determined according to the empirical results.
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Figure 3.12: The variance (σy) of the received signal. Threshold values are also shown.

Before estimating the respiratory rate, wR, the DC component of the received sig-

nal is removed simply by subtracting the mean of the signal from itself in every sliding

window as a preprocessing step.

3.5.5. RR Estimation with High-Resolution Subspace Techniques

Noncontact RF-based RR estimation problem is similar to estimating the periodicities in a

batch of noisy signal. Spectrum estimation techniques are widely used for RR estimation

such as in [19, 66, 37, 68, 18, 38, 69, 43, 44]. These methods are known as nonparametric

spectrum estimation techniques. The frequency resolution and accuracy of these methods

are limited by the size of the collected data (windows). Since the periodicity (RR) in

these signals varies by time, it is necessary to reduce the window size to precisely track

sudden changes in the breathing signal. Because of this trade off, in this study we apply

the high resolution spectrum estimation techniques for the RR estimation. These methods

are known as parametric spectral estimation methods and their estimation performances

completely depend on the assumed signal model. If the assumed model fits with the real

data, the parametric methods provide superior performance with the limited number of
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data according to the nonparametric methods. In this study, the subspace-based ESPRIT

[78] and MUSIC [79] algorithms are applied for the RR estimation. Both ESPRIT and

MUSIC methods are called high-resolution techniques due to their ability to resolve the

closely spaced frequencies [122]. These methods are based on the eigen analysis of the

covariance matrix data model. With the eigen analysis, the signal and the noise subspaces

can be separated from each other, hence they are known as subspace techniques. Accord-

ing to our knowledge, the ESPRIT algorithm is firstly used for the RR estimation and

compared with the MUSIC algorithm.

The proposed RR estimation methods use the covariance matrix data model of the

received breathing signal (yk) that is defined in (3.2).

3.5.5.1. Search-Based MUSIC Algorithm

This algorithm requires that the signal and noise subspaces be separated from each other.

Then, it makes a spectral search to find the true respiratory frequencies. Using received

signal {yk}Nk=1, sample covariance matrix, R̂ = 1
N

∑N
k=m yky

H
k , is computed and its

eigendecomposition is performed. Ŝ and Ĝ which denote the estimates of S and G in

(3.7), respectively, are obtained by using R̂. The respiratory frequency estimates are

determined as the locations of the n highest peaks of the estimation function as follows,

P̂music(f) =
1

aH(f)ĜĜHa(f)
(3.20)

where, a(f) is a function of the frequencies {fk}nk=1. Since the signal subspace is orthog-

onal to noise subspace, the true respiratory frequencies {fk}nk=1 are the only solutions of

the equation aH(f)GGHa(f) = 0 for any m > n.

3.5.5.2. Search-Free ESPRIT Algorithm

This algorithm which is computationally efficient does not require to search parameter

space to find the true frequency. The true respiratory frequencies are obtained by solving

linear system equations. ESPRIT algorithm also exploits the covariance matrix model in

(3.6). The A matrix in (3.5) is divided into two parts as follows,

A1 = [Im−1 0]A (m− 1)× n
A2 = [0 Im−1]A (m− 1)× n (3.21)
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where Im−1 is the identity matrix with the dimension of m − 1 × m − 1. The relation

between A1 and A2 can be defined as follows,

A2 = A1D (3.22)

where

D =


e−j2πf1 0

. . .

0 e−j2πfn

 (3.23)

As D is a unitary matrix, the transformation in (3.22) can be stated as a rotation. Similarly

with the relation between the A1 and A2, the signal subspace S can be divided into two

parts as follows,

S1 = [Im−1 0]S, S2 = [0 Im−1]S. (3.24)

We have that

S = AC (3.25)

where C is a nonsingular matrix with the dimension of n×n. By using (3.22) and (3.25),

we can write,

S2 = A2C = A1DC = S1C−1DC = S1Φ (3.26)

where

Φ , C−1DC. (3.27)

A1 and A2 are full column rank due to the Vandermonde structure of A. S1 and S2

must also have full column rank according to (3.25). Then, Φ is obtained by (3.26) as the

following,

Φ = (S1
HS1)−1S1

HS2 (3.28)
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As C is any nonsingular matrix, Φ and D have the same eigenvalues. Φ is said to be

related to D by a similarity transformation. The estimate of Φ is obtained by solving the

linear equation Ŝ2 = Ŝ1Φ̂ as the following,

Φ̂ = (ŜH1 Ŝ1)−1ŜH1 Ŝ2 (3.29)

ESPRIT approach estimates the respiratory frequencies {fk}nk=1 as −arg(v̂k), where

{v̂k}nk=1 are the eigenvalues of the estimated matrix Φ̂ in (3.29).

3.5.6. RR Estimation Using Quinn & Fernandes Method

In this study, Quinn and Fernandes method in [80, 129] is applied to the respiratory rate

estimation. The organization of this RR estimation system is shown in Fig. 3.2. The

QF method was first used for the estimation of the frequency of a sinusoidal component

in the presence of noise. The QF method which is based on the ARMA model acts as a

second-order filter which annihilates the sinusoid at the respiratory frequency (rate). Eq.

(3.9) can be re-written as follows,

yk − βyk−1 + yk−2 = vk − αvk−1 + vk−2 (3.30)

The aim is to estimate the unknown parameters α and β from the ARMA (2,2)

equation in (3.30) under the constraint α = β. If vk are independent and identically

distributed, then β can be estimated by maximum likelihood (ML) by minimizing the

cost function J as the following,

J(β) =
n∑
k=1

v2
k =

n∑
k=1

{εk − βεk−1 + εk−2}2 (3.31)

where εk = 0, kTs < 1 and εk is written as,

εk = yk + αεk−1 − εk−2 (3.32)

β which minimizes the cost function J can be obtained as,

α +

∑n
k=1 ykεk−1∑n
k=1 ε

2
k−1

(3.33)
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The value obtained from (3.33) is put the new value of α and then β is re-estimated. This

iterative procedure continues until α and β are sufficiently close. When the convergence is

ensured, finally, the respiratory rate (wR) is estimated from the equation wR = cos−1 (α/2)
Ts

.

The algorithm steps are given as follows,

• Step-1: Put α1 = 2 cos(ŵR1Ts), where ŵR1 is the initial estimate of the respiratory

rate.

• Step-2: For j ≤ 1, compute εk = yk + αjεk−1 − εk−2, k = 1, .., n where εk =

0, kTs < 1.

• Step-3: Compute

βj = αj + ζ

∑n
k=1 ykεk−1∑n
k=1 ε

2
k−1

• Step-4: If |βj−αj| is small enough, put ŵR =
cos−1(βj/2)

Ts
. Otherwise, let αj+1 = βj

and go to Step-2.

where ζ is the acceleration factor. If ζ = 1 chosen, the estimation is called as the ”simple

QF” method. Simple QF method requires more iterations for the convergence to true

parameter. In the accelerated version of QF method, the acceleration factor, ζ , which

ensures the fast convergence is chosen as ζ = 2. In the accelerated version, two iterations

are sufficient for the convergence [129]. The performances of simple and accelerated

versions of the QF method are compared with the real measurements in the next section.

The QF method requires an initial estimate as seen in Step-1 and the periodogram method

is used as the initial estimator as in [80].

3.5.7. RR Estimation Using ModJUKF

It is reported in [130, 114, 131] that there are two main types of parameter estimation

approaches using family of KFs, these are dual and joint filtering. In joint filtering, the pa-

rameters are concatenated to state vector and they are estimated by just one filter, whereas

in dual filtering, two filters are separately used for the state and parameter estimation.

In a joint scheme, since states and parameters are concatenated in an augmented matrix,

a cross–covariance between states and parameters are calculated. Nevertheless, in dual
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filtering such calculation of cross–covariance is missing, [130]. As indicated previously,

first modification to JUKF is to create an initial sigma point vector for parameters

χθ =
[
θ̂1 θ̂2 . . . θ̂n

]T
, n = 2L+ 1 (3.34)

where parameters are initially distributed as

θ̂i =
(
θ̂0 − pθ (L+ 1)

)
+ pθi, i = 1, . . . , 2L+ 1 (3.35)

where θ̂0 is the initial parameter estimate vector, pθ contains the initial error covariances

of parameters. i is the index of the sigma point of corresponding parameter and L denotes

the number of states. In ModJUKF, just like the concatenation of states and parameters

into a vector, the corresponding sigma point vectors are also concatenated. Suppose a

system has L states and Lθ parameters, the system generates 2(L+ Lθ) + 1 sigma points

for JUKF, whereas for ModJUKF it generates 2L + 1 and it corresponds to the standard

state filter (UKF). Clearly, the number of generated sigma points is reduced by 2Lθ and

in (2Lθ)
(2(L+Lθ)+1)

×100%, if ModJUKF is used for parameter estimation. Nevertheless, com-

putational complexity reduction is less than this percentage due to the separate parameter

update rules given in (3.36) and (3.37).

The major modification for the JUKF is in the measurement update section, the

parameter estimate and sigma point vector update is carried out as

χθi
= θ̂

−
k − ξT tanh

(
ξ
(
yk./Υ

∗
i,k|k−1 − 1

))
i = 1, . . . , 2L+ 1 (3.36)

θ̂k =
1

2L+ 1

2L∑
i=0

χθi
, i = 1, . . . , 2L+ 1 (3.37)

where θ̂k is the parameter estimate at kth index, ξ is a scaling parameter, T is the trans-

formation matrix with the size of Lθ ×Lm which transforms measurement errors of mea-

surement sigma point vector to parameter errors, where Lθ is the number of parameters

and Lm is the number of measurements. Selection of T is simple and it includes one for
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each of its element. Scaling parameter ξ is determined based on simulations of the con-

sidered system. In RR estimation, there is only one measurement and parameter, so both

Lθ and Lm are one. Thus, T is considered as one and the parameter ξ selected as 0.025

based on simulations of the system. The selection of T and ξ are the important points of

the proposed modification for RR estimation. For the further details of the modification

and the selection of T and ξ please refer to [114]. As indicated previously, parameter

update rule is changed and a hyperbolic tangent function is considered in this study to in-

clude non-linearity between measurements and parameters. Algorithm for the ModJUKF

is provided in Algorithm 2. The organization of RR tracking system using ModJUKF is

shown in Fig. 3.3.

In ModJUKF, the estimated parameters may have some undesired fluctuations around

the true rate, which reduces overall accuracy. These fluctuations can be reduced by

smoothing methods such as the α-trimmed mean filter, the moving average filter, and

the standard median filter [37] but they all require batch-processing as they use the es-

timates in a time window. Instead, for the smoothing of the RR estimates, we use the

exponential filter which does not require batch-processing as it uses only one past output

value. Thus, it is able to be applied to real-time applications. In the simple moving aver-

age filtering, the past output values are equally weighted, while the exponential filter uses

the exponentially changing weights for the outputs. The exponential filter is as,

sk = γek + (1− γ)sk−1, k > 0 (3.38)

where ek denotes the respiratory rate estimates, sk is the smoothed data. γ is smoothing

factor where 0 < γ < 1. This smoothing process causes a small latency due to the

cumulative structure of the filter, which increases the convergence time. To accelerate

convergence, the smoothing process begins at 15th seconds. The values of the smoothed

data before 15th seconds are selected the same as the estimates.
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Algorithm 2 ModJUKF Algorithm for Additive Noise Case
1: DefineFilter Parameters
2: L,Lm, Lθ . Size of state,measurement and parameter vector, respectively
3: α← 1 . (10−4 ≤ α ≤ 1)
4: κ← 2 . (generally κ = 3− L)
5: β ← 2
6: λ← α2(L+ κ)− L
7: W

(m)
0 ← λ

L+λ

8: W
(c)
0 ← λ

L+λ
+ 1− α2 + β

9: for i← {1, . . . , 2L} do
10: W

(m)
i ←W

(c)
i := 1

2(L+λ)

11: end for
12: End
13: function UKF(x̂,Px, pθ)
14: Initialize
15: x̂0 ← E [x0]
16: P0 ← E

[
(x0 − x̂0)(x0 − x̂0)T

]
17: θ̂0 ← E [θ0]

18: pθ ← E
[
(θ0 − θ̂0)(θ0 − θ̂0)T

]
19: for i ∈ {1, . . . , n = 2L+ 1} do
20: θ̂i ←

(
θ̂0 − pθ (L+ 1)

)
+ pθi,

21: end for
22: χθ ←

[
θ̂1 θ̂2 . . . θ̂n

]T
23: End
24: for k ∈ {1, . . . ,∞} do
25: function SIGMA POINTS(x̂, Px)

26:
χk−1 ←[x̂k−1, x̂k−1 +

√
(L+ λ) Px,

x̂k−1 −
√

(L+ λ) Px]

27: end function
28: function TIME UPDATE(χk−1, P, Q, χθ)
29: χ†k−1 ←

[
χk−1|χθ

]
30: χ∗

k|k−1
← f(χ†k−1)

31: x̂−k ←
∑2L
i=0W

(m)
i χ∗

i,k|k−1

32:
P−k ←

2L∑
i=0

W
(c)
i (χ∗i,k|k−1 − x̂−k )×

(χ∗i,k|k−1 − x̂−k )T + Q

33: end function

34: function
MEASUREMENT AND PARAMETER

UPDATE
(
χ∗k|k−1,R

)
35: Υ∗

k|k−1
← g(χ∗

k|k−1
)

36: ŷ−k ←
∑2L
i=0W

(m)
i Υ∗

i,k|k−1

37:
Pỹkỹk

←
2L∑
i=0

W
(c)
i (Υ∗i,k|k−1 − ŷ−k )×

(Υ∗i,k|k−1 − ŷ−k )T + R

38:
Pxkyk ←

2L∑
i=0

W
(c)
i (χ∗i,k|k−1 − x̂−k )×

(Υ∗i,k|k−1 − ŷ−k )T

39: Kk ← PxkykP−1
ỹkỹk

40: x̂k ← x̂−k + Kk(yk − ŷ−k )

41: Pk ← P−k −KkPỹkỹk
KT
k

42: χθi ← θ̂
−
k − ξT tanh

(
ξ
(
yk./Υ

∗
i,k|k−1

− 1
))

43: θ̂k = 1
2L+1

∑2L
i=0 χθi

44: end function
45: end for
46: end function
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3.6. Experimental Results

3.6.1. Evaluation of Model 1

In this section, we consider the real performances of the proposed high resolution sub-

space techniques, ESPRIT and MUSIC, derived from the covariance matrix model (Model

1) for the respiratory rate (RR) estimation. The results are compared with the peri-

odogram, which is a nonparametric benchmark method in literature for various cases.

We test the features of the proposed method with various experiments conducted

in realistic scenarios. In experiments, ten healthy nonsmoking subjects with no history

of respiratory disease are used. The main anthropometric characteristics of the subjects

are given in Table 3.2. The subjects steadily breathe at different rates (range 12 bpm

to 20 bpm) during the experiments and a metronome which acts as the ground-truth is

used to keep subjects’ respiratory rate constant. In all the experiments that show the

estimation performance, we consider one subject case which corresponds to the number

of the sinusoidal source in (3.3). The parameters of the adaptive thresholding method

which are the number of calibration sample (Nth) and the scaling factor (nσ) are selected

10 and 7, respectively. In addition, the model order of the covariance matrix (m) in (3.5) is

selected as 10. The performances are obtained by using the mean of the 90 records, each

record is 120 seconds long. The different length sliding window is shifted along the signal

and the respiratory rate is estimated from each measurement window. The mean absolute

error (MAE) is used as a performance metric, which measures the accuracy of the system

in terms of bpm. MAE is calculated as 60
n

∑n
t=1 |f̂R(t)−fR(t)|, where f̂R is the estimated

value in bpm and fR is the ground-truth value at time t. For the performance evaluation,

we run the algorithms on a Desktop computer which has Intel Core(TM) i7-3770K CPU

@ 4.60 GHz Processor and 16 GB RAM.

Table 3.2: The anthropometric characteristics of the subjects.

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

Fig. 3.13 shows the overall RR estimation performances of ESPRIT, MUSIC and
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Figure 3.13: The RR estimation performances of ESPRIT, MUSIC and periodogram methods for
different window durations.

Table 3.3: The execution times of ESPRIT and MUSIC algorithms.

Algorithm Average Execution Time
MUSIC 8.4 ms
ESPRIT 0.17 ms

periodogram methods for different window durations. The ESPRIT and MUSIC algo-

rithms have superior performance than the benchmark method periodogram for all win-

dow durations as shown in the figure. As the window duration increases, the RR esti-

mation error decreases to the level of 0.1 bpm. We also observe that the MUSIC and

ESPRIT’s performances are close to each other and overall error rates are below 0.6 bpm

even with only 15 seconds data. Table 3.3 shows the average execution times of ESPRIT

and MUSIC algorithms for the given data set. As shown in the table, since the ESPRIT is

a search-free method unlike the MUSIC, it is computationally efficient and works approx-

imately 49 times faster than the MUSIC algorithm on the given configuration. While the

performances of ESPRIT and MUSIC are similar, the ESPRIT algorithm shines out with

the advantage of computational burden especially for real time noncontact RR monitoring

applications. It seems that increasing the window duration improves the accuracy in RR

estimation, but it also increases the latency of the system which can be an undesirable
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Figure 3.14: RR tracking behavior of the algorithms when sudden changing on RRs with long (42
samples) window duration.

situation due leading to miss abrupt changes in RR.

Fig. 3.14 shows the tracking performances of the algorithms for 5 minutes of

recording (300 s) which includes sudden RR changes between 12 and 20 bpm. In this

experiment, the RR is changing in a controlled manner at one-minute intervals. The du-

ration of the measurement window is selected as 42 samples which is slightly longer than

the previous values to observe the latency. As expected, the algorithms’ latency is in the

same level as the selected window duration. Figure shows that the ESPRIT and MUSIC

follow the actual respiratory rate with a latency. but periodogram estimates have both

latency and significant deviations due to its limited resolution capabilities.

Fig. 3.15 shows the performance results of the case where two subjects sitting on

the chairs between the transmitter and the receiver sensors. One subject is asked to breathe

at a rate of 15 bpm (0.25 Hz) and the other to breathe at a rate of 20 bpm (0.33 Hz). They

try to keep their RR constant with the help of two metronomes. Fig. 3.15 (a) shows the

results of ESPRIT and MUSIC spectrum estimates which successfully separate the two

actual RRs. Fig. 3.15 (b) shows the result of the periodogram which cannot separate the

two actual RRs. The main lobe width of the periodogram spectrum is 1/W where W is

the window duration and selected as 16 samples in this experiment to test the algorithms in
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Figure 3.15: There are two subjects breathing with actual rates of fR1 = 0.25 Hz (15 bpm) andfR2

= 0.33 Hz (20 bpm). (a) The normalized MUSIC spectrum and ESPRIT estimates with actual RRs
(b) The normalized power spectrum of periodogram.

low latency case. So the periodogram cannot separate the multiple frequencies separated

by a space less than 1/W . On the other hand, the high resolution subspace techniques,

ESPRIT and MUSIC, offer superior resolution with limited window duration which also

minimizes the latency.
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Figure 3.16: MAE (bpm) values of the methods according to the (a) position of the subjects, (b)
distances between transmitter (Tx) and receiver (Rx), (c) carrier frequency (fc) of the transmitted
RF signal.

Fig. 3.16(a) presents the RR estimation performances of the proposed methods for

different positions of the subjects. In real-life conditions, it is unlikely that the person

being monitored will always be lying or sitting in a fixed position. Therefore, this ex-

periment is designed to investigate the effect of the position of the subjects to the RR
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estimation performance. The window size is fixed as 20 s and the given performances are

obtained by using 40 minutes length data. The measurements are taken in four different

positions: 1) the subject is lying towards his right side (facing the transmitter sensor), 2)

the subject is lying on his left side (facing the receiver sensor), 3) the subject is lying on

his back, and 4) the subject is sitting on the chair between the transmitter and the receiver

sensors. During breathing, the chest displacement on the front side is larger than the

mediolateral side, so it produces bigger variations on the signal. Therefore, when the sub-

ject is lying on his back, the breathing waveform can be well extracted from the received

signal, and the best accuracy is obtained. Otherwise, when the subject is lying on one

side, since the chest displacement is small, the signal varies less and the accuracy reduces

correspondingly. The experimental results also show that the high resolution ESPRIT and

MUSIC methods outperform the periodogram for all different positions of the subject.

Fig. 3.16(b) shows the error rates (in terms of MAE) of the proposed methods

according to the distances between the transmitter and the receiver sensors for a fixed

window duration of 20 s with 24 minutes length data. In this experiment, a subject lies

on a bed as shown in Fig. 3.8 and the distances between the transmitter and the receiver

sensors placed on both sides of the bed are chosen as 3m, 4m, 6m, and 8m in each step.

The output power of the transmitter is the same for each distance. For each distance, three

measurements in which the subject steadily breathes at 12 bpm, 15 bpm, and 20 bpm

are taken. As the distance between the transmitter and the receiver sensors increases, the

strength of the signal reaching the receiver sensor decreases depending on the environ-

mental noise. As is seen, the proposed subspace-based methods can estimate the RR of

an adult less than 0.3 bpm error rate even when the distance between the transmitter and

the receiver sensors is 6m.

Fig. 3.16(c) shows the effect of the carrier frequency of the transmitted signal to the

RR estimation performance. In this experiment, the carrier frequencies are chosen 900

MHz, 2400 MHz and 4000 MHz. The output power of the transmitter and the distance

between the transmitter and the receiver are the same for each frequency. The perfor-

mances are obtained using a sliding window with a length of 20 s. The total length of

used data is 30 minutes. The purpose of this experiment is to determine carrier frequency

that provides better accuracy. As is shown in the figure, the best accuracy is obtained

when the carrier frequency is chosen as 900 MHz. The strength of a RF signal is directly
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Figure 3.17: For the investigation of the effect of the environments on the RR estimation, we
tested our system in two different rooms: (a) office room, (b) kitchen.

Table 3.4: RR estimation performances (in terms of MAE (bpm)) of the methods under the dif-
ferent environments.

Method Lab. Office Kitchen
MUSIC 0.17 0.15 0.16
ESPRIT 0.15 0.13 0.14

Periodogram 0.51 0.5 0.5

related with the frequency. With the increase of the carrier frequency, the received signal

strength decreases, so a RF signal with lower SNR is obtained. It should also be noted

that the proposed high resolution methods perform better than the periodogram method

for all carrier frequencies.

The proposed system is also tested outside the laboratory in two different fully fur-

nished environments such as an office room and a kitchen. In both environments there

were more than one Wi-Fi signals available as the interfering signal. The setups for these

environments are presented in Fig. 3.17 (a) & (b), respectively. The performances are

obtained by using 20 minutes of measurements for a fixed window duration, W = 20 s.

Then, the RR estimation performances are compared with the results in laboratory (Fig.

3.8). Table 3.4 shows the RR estimation results of the methods for different environments.

As seen, the proposed methods which can handle different environments offer high accu-

racy independently of the environment and are superior to the periodogram method.

We finally present the performance of the proposed motion detection algorithm for

real measurements in Table 3.5. In this experiment, the monitored subject makes random

limb and body movements for a certain period of time. Then, he/she continues to breathe
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Table 3.5: Confusion Matrix of Motion Detection Results.

Motion (H1) No Motion (H0)
Motion (H1) 0.883 0.117

No Motion(H0) 0.107 0.893

properly. Table 3.5 shows the confusion matrix of the motion detection results, which

are obtained by using 51 minutes length data. The true positive rate (TPR) or sensitivity

indicates the percentage of cases where a motion of the human body is correctly detected.

The true negative rate (TNR) or specificity indicates the percentage of cases where no

motion presence is correctly detected. As is shown, the proposed system achieves TPR

and TNR of 88.3% and 89.3%, respectively. The TPR and TNR values are close to 90%

and they are obtained when there are distortions in the signal and continuous transitions

between two states (with and without motion). Most of the false detections are recorded

at the time of transitions between states. In literature one of the best results are close

to 95% in [38], which utilize the amplitude and phase of CSI for multiple subcarriers.

But in our case, considering that only a single channel measurement are used without

pre-processing, results seem to be sufficient.

3.6.2. Evaluation of Model 2

In this section, experimental results of the proposed Quinn and Fernandes (QF) method

derived from the ARMA model (Model 2) are given for various cases. The QF method is

tested for the different distances between the transmitter and the receiver and for different

sleeping postures of the monitored person. In addition, the performances of the some

benchmark methods such as maximum likelihood estimation (MLE), the periodogram are

compared with the simple and accelerated versions of the QF method. The mean absolute

error (MAE) is used as a performance metric, which measures the accuracy in terms of

breaths per minute (bpm). MAE is calculated as follows,

MAE(bpm) = 60
1

n

n∑
t=1

|ŵR(t)− wR(t)

2π
| (3.39)

where ŵR is the estimated value in radian and wR is the ground-truth value at time t.

The result is multiplied by 60 to obtain the number of breaths per minute. The ground-

truth data are obtained by means of the metronome application on the smartphone of the
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Figure 3.18: RR estimation performances of the QF method according to the sleeping postures.

person. The person listens to the metronome and adjusts him/her breath according to the

metronome beat rate. To obtain estimation results, the sliding window is shifted in steps

along the entire signal and a respiratory rate is estimated at each step. In the experiments,

the sliding window duration is chosen especially short to show that the proposed method

performs well even with limited data.

Fig. 3.18 shows the effect of the sleeping postures to the respiratory rate estimation.

The person lies on the bed as shown in Fig. 3.8(a) during the experiments in four different

positions such as supine, prone, right-lying, and left-lying and breathes with 14 bpm and

15 bpm rates in different measurements. The window duration is chosen as 20 seconds

which corresponds to limited data. The effective path is defined as the path through which

the signal propagates directly between the transmitter and the receiver [67]. The number

of effective paths is a significative factor for the accuracy of the respiratory rate estimation

system. In supine and prone positions, the number of effective paths is more than the one-

side lying positions. Therefore, the better performances are obtained in these positions as

seen in Fig. 3.18. In left-lying position, the person is lying on his left side and facing the

receiver. In this position, the effect of chest movements is less felt according to the other

positions. Therefore, the error rate is relatively high in this position.

Fig. 3.19 shows the performances according to the distances between the transmitter
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Figure 3.19: RR estimation performances of the QF method according to the distance between
the transmitter and the receiver.

and the receiver. The window duration is also chosen as 20 seconds. To investigate the

effect of the distance to the performance, the distance is determined as 3 m, 4 m, and 6

m and the performances are extracted for each distance. In the measurements, the person

breathes in a controlled manner with the rates 12 bpm, 15 bpm, and 20 bpm. As expected,

it can be seen that error rates increase as the distances increase. When the results obtained

are analyzed, it is seen that the proposed method provides a very good accuracy with

limited data even if the distance is 6 m which is a sufficient distance for the two sides of

a bed in a real environment.

Fig. 3.20 shows the performance of the respiratory rate estimation methods for dif-

ferent window duration. The performances of the MLE, the periodogram, the QF (simple)

and the QF (accelerated) methods are given for the comparison. The results are obtained

from total of 67 measurements, each 120 seconds long. It is seen that the proposed QF

method (accelerated) is superior to its simple version for the same number of iteration.

The performance of the simple QF method will improve with the increasing of the num-

ber of iteration, however, it will extend the convergence time of the method. Although the

initial estimates of the QF method are provided by the low-accuracy periodogram method,

the results of the proposed method are quite satisfactory. It is seen that the proposed QF
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method also outperforms the MLE and the periodogram methods for different window

duration and it achieves 0.07 bpm error rate with increased window duration.
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Figure 3.20: Performance comparison of the RR estimation methods for different window dura-
tion.

3.6.3. Evaluation of Model 3

We design some experiments to obtain the real-time performances of the proposed Mod-

JUKF method derived from the third-order state-space model (Model 3). The respiratory

rate tracking performances of the ModJUKF method for time-varying and constant res-

piratory rate scenarios are given and compared with the standard JUKF method and high

resolution ESPRIT and MUSIC approaches and the periodogram method. The real mea-

surements are taken from eight healthy participants. The participants breathe with rates

in the range of 12 bpm (breath per minute) to 20 bpm in different experiments and they

synchronize their respiratory rates with the help of a metronome which acts as a ground-

truth. The absolute estimation errors of the ModJUKF and the JUKF for the constant RR

scenario are also shown. The absolute error equals to |e(n)| = 60 × |f̂R(n) − fR(n)| in
terms of bpm, where f̂R and fR are the estimated and the actual respiratory rates in terms

of Hz, respectively, and n is the estimation index. The underlying reason for multiplying

by 60 is to convert the frequency unit from Hz to breath per minute (bpm). The parame-
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ters p in (3.16) and γ in (3.38) are selected 0.9995 and 0.0093, respectively. These values

are obtained empirically. In addition, state covariance matrix used in the experiments is

taken as,

Q = diag [10−10 10−10] (3.40)

and measurement noise covariance, R, is selected as 0.1. Q and R are determined by

physical intuition and empirically. We use MAE as an error metric for the experiments.
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Figure 3.21: Respiratory rate (RR) tracking performances of the ModJUKF and JUKF methods
in the constant RR scenario.

1) Constant RR Scenario: In the first experiment, the behaviors of the Kalman Filter

approaches in the constant respiratory rate scenario are investigated. In this scenario,

the participant keeps his/her respiratory rate constant with the help of a metronome and

does not change the rate during the measurements. Fig. 3.21 shows the RR tracking

performance of the ModJUKF and the JUKF methods when the participant breathes at a

rate of 12 bpm. As is seen, both methods converge to the actual rate, while the proposed

ModJUKF method has less oscillation than the JUKF method, which increases accuracy.

The absolute estimation errors of the methods for this measurement are shown in Fig.

3.22. It is also seen that the steady-state errors of the proposed method are less than 0.5

bpm. The error rate of the JUKF method, which has bias estimates, is around 1 bpm.

In addition, the proposed ModJUKF method converges faster than the JUKF method as
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Figure 3.22: Absolute estimation errors of ModJUKF and JUKF methods in the constant RR
scenario.

shown in the figure. ξ parameter, which is a scaling parameter, is chosen as 0.025 in

(3.36).

Fig. 3.23 shows the cumulative density function (CDF) of the respiratory rate esti-

mation error for the proposed ModJUKF and the standard JUKF methods. The results are

obtained by using a data set, which includes a total of 25 measurements, each 2 minutes

long, collected from 8 healthy participants who breathe in a controlled manner for differ-

ent respiratory rates in a range between 12 bpm and 18 bpm. As shown in the figure, over

90% estimation errors of the proposed ModJUKF method are less than 0.6 bpm which is

a reasonable value for the real-time RR tracking. It can clearly be stated that the proposed

ModJUKF method has superior performance than the standard JUKF.

2) Time-Varying RR Scenario: In the second experiment, the case of time-varying

respiratory rates is investigated. In the experiment, the participant changes his/her res-

piratory rate from 12 bpm to 15 bpm at 114th seconds and from 15 bpm to 12 bpm at

234th seconds in a controlled manner to observe the response of the methods to the sud-

den changes of the respiratory rates. The proposed ModJUKF method is tested according

to this scenario and the standard JUKF method is also given for the comparison. The re-

sults for a 6-minutes recording are shown in Fig. 3.24. Although the proposed ModJUKF
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Figure 3.23: The CDF of the respiratory rate estimation error.

method has more oscillations according to the constant RR scenario, the proposed method

can track the respiratory rate without missing the sudden changes after the convergence as

seen in the figure. However, the standard JUKF method has considerable oscillations on

the actual rate, which decreases accuracy. In addition, the RR tracking performances of

the windowing-based methods such as high resolution ESPRIT and MUSIC methods and

the periodogram method are given. As seen in the figure, these methods track the changing

RR with latency due to the windowing approach. The window duration is selected as 30 s

for these methods. The periodogram also has deviations, especially when the respiratory

rate is 15 bpm, depending on the limited frequency resolution. The MAE values of all the

methods for this experiment are shown in Fig. 3.25. The proposed ModJUKF method has

the lowest error among the other methods. High-resolution ESPRIT and MUSIC methods

are expected to achieve very high accuracy in a constant RR scenario, while their accu-

racies decrease depending on the latency in the time-varying scenario. The JUKF shows

the worst performance since it has many oscillations around the actual rate.

3) Impact of Distance Between Transmitter and Receiver: In the third experiment,

the effect of changing the distance between the transmitter and the receiver on the per-

formance is investigated. Measurements are taken for distances in the range of 3 to 8

meters. Fig. 3.26 shows the received signal magnitudes for these different distances. As
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Figure 3.24: RR tracking performances of the methods in the time-varying RR scenario.

seen in the figure, the effect of the chest movements caused by breathing on the received

signal magnitude decreases with the increase of the distance between the transmitter and

the receiver. When the distance reaches 8 meters, the effect on the signal disappears com-

pletely as shown in Fig. 3.26(d). Fig. 3.27 shows the respiratory rate estimation error

values of the proposed method according to the distance. A decrease in performance is

seen with the increase of the distance as shown in the figure. The strength of the radio

signals that propagate in the air changes inversely with the distance. Therefore, the radio

signals attenuate as they travel in free space. While error values are low both in 3 and

4 meters of distance, error increases when the distance is increased to 6 meters, but it is

still in an acceptable range. When the distance reaches to 8 meters, the attenuation in the

signal increases a lot and the signal drops below the noise level. Therefore, it can be said

that it is hard to extract the breathing signal to estimate the respiratory rate in 8 meters.

4) Impact of Human Orientation: Fig. 3.28 shows the effect of the orientation of the

human to the RR estimation performance. The purpose of this experiment is to reveal how

human orientation affects RR estimation. To test this case, five different human positions

are taken into account, four of which are lying positions and one is sitting position. In

lying positions, the participants lie on the bed in the experimental setup shown in Fig.

3.8(a) in the supine, prone, and right and left side positions. Better performances are
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Figure 3.25: The MAE values of the methods for the time-varying RR scenario.

obtained in prone and supine positions since the number of active paths in these positions

is more than the paths in the one-side lying positions. The active path is defined as the

one that is more affected by human breathing than other paths [18]. In addition, the

participants sit on the chair as shown in Fig. 3.8(b) for testing the sitting position. It

can be seen that the proposed method attains 0.45 bpm error rate in this position. It is

clearly seen that our proposed system can accurately estimate RR without being affected

by human orientation.

5) Impact of Different Environments: In this experiment, we applied the proposed

RR estimation method for the RF signals which are collected in different places to see the

effects of the environments. RF signals are easily affected by the environmental condi-

tions. Especially indoors, the amplitude of the RF signal can change due to some effects

such as reflection, scattering, etc. The size of the room, the furniture in the room, even

the number of WiFi signals as the interference source are different in each environment.

Hence, the purpose of setting up experiments in different places is to illustrate that the

proposed RR monitoring system is minimally affected by these changing factors. The

proposed method is tested in two different places in addition to the laboratory with this

goal. Environment-1 is the laboratory shown in Fig. 3.8, where all other experiments are

carried out. Environment-2 is an office room in the university and Environment-3 is a liv-
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Figure 3.26: Received signal magnitudes according to distance between Tx and Rx: (a) 3m, (b)
4m, (c) 6m, (d) 8m.

ing area with a kitchen inside, which are shown in Fig. 3.17. RR estimation performances

of the proposed method for these environments are shown in Fig. 3.29. Performances

are obtained using 45 minutes of measurements. The proposed method can accurately

estimate RR in all three environments according to the performances in the figure. It is

demonstrated by this experiment that the proposed method can estimate RR regardless of

the environmental changes and achieve high accuracy in different environments.

6) Impact of Breathing Forms: Even the respiratory rate is same, breathing forms

can vary from person to person. A robust RR estimation method should not be affected by

these variations. In this experiment, the proposed method is tested for different breathing

forms. Fig. 3.30(a) shows the received signal magnitude for different breathing forms.

The participant who lies on the bed breathes normally during the first 30 seconds. Then,

he takes breaths shallowly in the next 30 seconds, and finally, he takes deep breaths until

the experiment lasts. As seen, peak-to-peak values of received signal change according

to the breathing form. While chest displacement is minimal in shadow breathing, the

person draws more air into the lungs in deep breathing form. Fig.3.30(b) shows the RR

estimation performance of the proposed method for this scenario. As seen in the figure,

the proposed method can track RR accurately after convergence regardless of breathing
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Figure 3.27: RR estimation errors (in terms of MAE) of ModJUKF according to distance.

forms.

7) Computational Complexity Comparison: Lastly, computational complexities of

JUKF and ModJUKF are compared. Stopwatch timer in MATLAB R© 2016a software is

considered for comparison. Same coding style is used for both JUKF and ModJUKF,

and codes are run on a ASUS ROG CG8580 desktop computer with a 4.60 GHz Intel

CoreTM i7-3770K processor and 24 GB RAM. 6 minutes of recording, for which the

results are illustrated in Fig. 3.24, is used for comparison. Time step considered in the

realization of mathematical models is same for both JUKF and ModJUKF, and it is 0.1

s. Codes are run 103 times for both JUKF and ModJUKF, and the average elapsed times

are recorded. Average elapsed time for JUKF is found as 0.3905 s, whereas it is 0.3594

s for ModJUKF. It can be seen that ModJUKF reduces the computational complexity

approximately 8.54% with respect to the JUKF. In this parameter estimation case, actually

the number of states is 2 in ModJUKF and 3 for JUKF as provided in (3.10) and (3.11), but

the last state is used for parameter estimation in JUKF. As previously stated, the number

of reduction in sigma points for ModJUKF is (2Lθ)
(2(L+Lθ)+1)

× 100 = 2×1
(2(2+1)+1)

× 100 =

28.5%. However, due to the separate parameter update rule given in (3.36) and (3.37),

which include the calculation of a unary function tanh and a mean operation, the real

reduction in computational complexity is found as ≈ 8.54%. Clearly, ModJUKF is a
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Figure 3.28: RR estimation errors (in terms of MAE) of ModJUKF according to human orienta-
tion.

promising alternative to JUKF for respiratory rate estimation with respect to its accuracy

and computational complexity.

3.7. Conclusion

In this chapter, the noncontact RR estimation problem is investigated. We present three

RR estimation methods derived from three different signal models. The unmodulated con-

tinuous wave signals which are used as the monitoring signal are transmitted and captured

by the SDR modules. The presented systems use changes in the amplitude of the received

RF signal caused by the breathing. First, high resolution subspace techniques, ESPRIT

and MUSIC, which are derived from covariance matrix model are used for the RR esti-

mation. It is shown that ESPRIT is computationally efficient and works approximately

49 times faster than the MUSIC algorithm. In addition, we propose a new motion detec-

tion algorithm based on adaptive thresholding to eliminate the effects of the large-scale

body movements before the RR estimation. In the experiments, the body movements are

detected with 88.3% accuracy and eliminated from the breathing signal. The proposed

system is validated by real measurements using ten participants, and several different

cases in various environments (kitchen, office room and laboratory) appropriate to real-
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Figure 3.29: RR estimation errors (in terms of MAE) of ModJUKF according to environments
(Env-1: Laboratory, Env-2: Office, Env-3: Living Area).

istic scenarios are examined to demonstrate the practical factors affecting RR estimation

performance. It is shown that the high resolution ESPRIT technique achieves 0.13 bpm

error rate with the limited number of data and significantly improve the RR estimation

accuracy according to the benchmark (periodogram) method in literature. In addition,

it is shown that high resolution techniques can be able to estimate the closely spaced

RRs of two subjects, which is a challenging task, while the periodogram fails due to its

inherent resolution potential. Then, the ARMA (2,2) model-based QF method is firstly

adapted and used for the noncontact RR monitoring during sleep. The QF method treats

as a filter which iteratively annihilates the RR. In addition, this system includes a sim-

ple separation of three sleep events such as body movements (turnovers), breath-holding

(sleep apnea), and breathing cases. It is shown in various real experiments that the pro-

posed QF method achieves 0.15 bpm error rate with 20 seconds of measurement and is

also effective for different distances and sleeping postures. In the end, a new real-time

noncontact RR estimation and tracking algorithm which is derived from the third-order

stat-space model is proposed. Briefly, the standard joint unscented Kalman filter method

is modified for the transformation of the measurement error into parameter error by using

the hyperbolic tangent function. The proposed method is validated by the various ex-
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Figure 3.30: (a) Received signal magnitude during different breathing forms. (b) RR tracking
performance of ModJUKF for different breathing forms.

periments compatible with realistic scenarios to show the practical factors affecting RR

estimation performance. It is shown in the experiments conducted with real measurements

that the proposed ModJUKF method offers both a decrease in computational complexity

of 8.54% and an increase in accuracy of 36.7% according to the JUKF method. It is also

shown that the proposed ModJUKF method outperforms the windowing-based methods

in the time-varying RR scenario.
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4. RECOGNITION OF MOVING OBJECTS WITH RF SIGNALS USING MA-

CHINE LEARNING TECHNIQUES

Machine learning is to learn how to solve a task using the data collected for a defined

problem. Learning problems can be formulated as a mapping between input and output

for a model. It is basically classified as supervised learning, unsupervised learning, semi-

supervised learning, and reinforcement learning. Supervised learning methods consist of

the following two stages: offline training stage and online classification stage. In the of-

fline training stage, we can train the machine learning model and determine the parameters

of the model using the labeled training data that consists of features and corresponding

classes. In the online classification stage, the machine learning model classifies inputs

using the extracted features. The advantage of the machine learning approach is that it is

suitable for classification as long as the effect of different classes is different. The dis-

advantage is that it needs offline training, which is time consuming and labor-intensive

[132]. Machine learning has made great progress in the last two decades. This technique

is used in many different fields such as speech processing [133, 134], computer vision

[135, 136], and robotics [137], etc. These application fields use the image, video, and

sound, etc. technologies.

In recent years, there has been an increasing interest in machine learning-based

human sensing using RF signals. In this context, studies using radio propagation charac-

teristics as features are increasing. RF-based human sensing techniques aim to recognize

information about humans such as presence, location, moving trajectory, activity, gesture,

identity, and vital sign, etc. using radio waves. To build an RF-based human sensing sys-

tem, a link must be established between variations in the signal and human movements.

If RF signal patterns are associated with human movements, it can be possible to accu-

rately recognize human movements from signal patterns using a learning-based method

[36]. In this section, machine learning approaches for the recognition of moving objects

are considered. In this scope, detection of static/moving human presence through the

wall and air-writing recognition which is the one of the applications of human-machine

interactions are performed.
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4.1. Through The Wall Human Detection

4.1.1. Introduction

In recent years, TTW human detection (sensing) systems have been widely used for ap-

plications such as hostage rescue, home healthcare, and life detection in post-disaster

scenarios [138]. Unlike optical, thermal, and infrared systems, using RF signals that have

the ability to penetrate obstructions like walls, trees, and smoke to detect the presence of

noncooperative people and identify the objects behind a wall is advantageous. Traditional

methods, ultra-wideband (UWB) radars, have the ability to distinguish people from other

objects since they use very short pulses. UWB is used not only for human detection be-

hind the wall but also to determine the building layouts or to identify materials that exist

underground [139, 140]. Despite these advantages, UWB radars also have some disad-

vantages. UWB radars are high-cost equipment and require big, specific antennas. In

addition, these systems are susceptible to interference signals from other spectral bands

since they occupy very high bandwidth. In recent years, the developed systems for TTW

sensing purposes have begun to use WiFi technology [141, 138]. Since WiFi signals are

ubiquitous, they are preferred in many different TTW sensing applications such as ac-

tivity recognition [142], indoor localization [143], gesture recognition [144], and human

detection [145]. The vast majority of WiFi-based systems use fine-grained channel state

information (CSI) for TTW sensing. However, CSI is provided by only specific network

interface cards (NIC) such as Intel 5300, Atheros 9580, which are available for a limited

number of PC models.

Existing RF-based human detection systems leverage the mobility of the people to

be sensed. The movement of a person can affect RF signals and cause changes that can be

observed from the received signals. Static human detection is always a more challenging

problem than moving human detection, because the presence of static human does not

cause obvious signal changes on the received signal, especially in the through-the-wall

scenarios. One of the commonly used static human detection methods is to use the signal

strength attenuation caused by the presence of the human [146]. In this method, signal

strength measurements are collected in the empty environment as reference data. Signal

strength measurements in the static human state are compared with reference data for the
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presence detection of the human. However, this method requires sensor networks with

dense-deployment and can be easily affected by environmental changes and multipath

effects [147].

In this section, a novel system for TTW presence detection of both static and mov-

ing humans is proposed. The software defined radios (SDR) are utilized as the radio

transmitter (TX) and receiver (RX). The proposed system presents human breathing as a

distinctive indicator for static human detection in the double TTW scenario; this is a more

challenging scenario where both TX and RX are placed outside the room because the sig-

nal reflected from the target must pass through the wall twice. The chest/abdomen of the

person moves rhythmically during breathing. Since these rhythmic movements affect the

received signal in the same manner, they can be used to separate the presence of the static

human from the human-free state. In [38], the authors use the human breathing for the

detection of moving and static human. There are other studies using human vital signs for

human detection [67, 68]. However, all these studies are designed according to the LOS

scenario, these methods remain functionless in the through-the-wall scenario, as the signal

passing through the wall is significantly weakened. Subsequently, the detection of human

presence is carried out by a classification process applied to the extracted RR-based fea-

tures. It is shown in the various experimental results that the proposed method achieves

an accuracy over 99% for both static, moving human state, and human-free state. In addi-

tion, it is demonstrated that the proposed method can be applied in different environments

without requiring a specific re-training.

4.1.2. Related Work

In this section, we summarize the previous works related to our through the wall human

presence detection system based on human breathing in three categories: human detec-

tion, through-the wall sensing and breathing rate estimation using RF signals.

4.1.2.1. Human Detection via RF Signals

In recent years, the RF-based human detection systems that use the reflection of low-cost

RF signals from the target have drawn much attention. These systems can detect both

static and moving humans using the basic principles of RF signals. The first works in this
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concept use the received signal strength (RSS) parameter that is easily accessible from

any kind of wireless device [148, 146]. In [148], RASID method constructs a silence

profile from RSS measurements collected in a short offline phase when there is no human

in the environment. Then, in a monitoring phase, the system decides whether a human is

present or not by comparing the RSS measurements with the silence profile’s measure-

ments. In [146], the authors develop a radio tomographic imaging method based on imag-

ing of attenuation of physical objects using RSS measurements to detect human presence.

However, RSS can not stable especially in dynamic indoor environments that have many

multipath reflections. Since RSS is easily affected by environmental changes, it is not a

reliable measurement parameter for this kind of application. In the following years, the

main direction in the works that detect human presence using wireless signals has shifted

to channel state information (CSI) which is more sensitive than RSS [149, 150, 38, 151].

FIMD [149] is the first study that shows CSI provides better motion detection perfor-

mance than RSS. They demonstrate that the maximum and second maximum eigenvalues

of the CSI-based correlation matrix differ in static and dynamic environments. In PADS

[150], the authors integrate the phase of CSI to the system alongside the amplitude. Thus,

they achieve higher accuracy than other CSI-based systems for the detection of moving

targets. The basic requirement in all these studies is that the people whose presence to be

detected are mobile. However, especially in search and rescue operations, the detectabil-

ity of stationary people is very important. Therefore, methods that require mobility are

inadequate for the detection of stationary persons. In DeMan [38], both the amplitude

and phase of CSI are extracted for the detection of both moving and stationary humans

without requiring scenario-specific calibration. They show that the maximum eigenvalues

of amplitude and phase correlation matrices are used for the presence detection of moving

human. In [151], they utilize phase difference of CSI between antenna pairs to deal with

the randomness of raw phase for the detection of a static human.

4.1.2.2. Through-The-Wall Sensing via RF Signals

There are some various applications that investigate the through-the-wall scenario such

as crowd counting [152], human presence detection [143, 138, 145], gesture recognition

[17, 42], and activity recognition [142], etc. In [152], the authors propose a method that

counts the number of people behind the walls using RSS measurements of WiFi signals.
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Table 4.1: RF attenuation for a through-the-wall scenario.

Frequency (MHz) TTW Double TTW
900 7 dB 15 dB

2450 11 dB 23 dB

RxTx

Human Free

Respiratory 
Rate Estimation 

using ESPRIT

Human Detection

Feature 
Extraction Moving Human

Static Human

Classification

Preprocessing

Figure 4.1: The organization scheme of the proposed double TTW human detection system.

In [143], they propose a variance-based radio tomographic imaging method for tracking a

moving object through the wall using RSS. In [138], the authors present a TTW presence

detection method for both stationary and moving humans. They extract Doppler spectrum

based features and test the system for double-TTW scenario. In [145], the authors propose

a method that detects presence of a moving human with WiFi signals in a TTW scenario.

Although they use the first order difference of eigenvector of CSI as the distinctive feature

for human detection, their system cannot distinguish the stationary and moving human

cases. In [17], the authors propose a hand gesture recognition system that controls the

devices with WiFi connection in the home environment. In [142], the authors propose

a human activity recognition system using CSI of WiFi signals. They aim to obtain a

correlation between human activity and CSI values using an opposite robust principal

component analysis approach.
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4.1.3. Static and Moving Human Detection System

4.1.3.1. System Overview

The architecture of the proposed system is given in Fig. 4.1. All measurements are

collected according to the double TTW scenario, i.e the RF transmitter and receiver are

placed in different rooms outside the monitored room as shown in the figure. In our

experiments, the distance between the transmitter and the receiver is 4.2 m. The SDR

platforms are used as RF transmitter and receiver. The wall penetration attenuates the

RF signal. For example, while a concrete wall with 30 cm width attenuates a 900 MHz

RF signal by 7 dB, two concrete walls attenuate the same signal by 15 dB. These signal

power measurements are done with Keysight FieldFox Handheld Microwave Spectrum

Analyzer. Table 4.1 shows the RF signal attenuations in TTW and double-TTW scenarios

for different frequencies. The wall penetration loss at 900 MHz is less than the loss at

2450 MHz as shown in the table. It is clear that to detect the presence of static and

moving humans in the double-TTW scenario is more challenging problem than the one

through wall scenario.

As the signal attenuation increases, the signal-to-noise-ratio (SNR) decreases, which

may cause signals to be distorted. We apply a low-pass filter to increase the signal level

relative to the noise level. After denoising, features based on human breathing are ex-

tracted from the data in a sliding window. The proposed through the wall human detection

system builds a training model using the extracted features and distinguishes the static and

moving human, and human-free cases using a decision tree (DT) classifier.

4.1.3.2. Preprocessing

Sampling rates of SDR modules are quite high. As our proposed system is based on hu-

man breathing rate which typically has a low-frequency range, high sampling rates are

not required. Since it is not possible to reduce the sampling rate to low values using exist-

ing hardware while capturing the signal, the sampling rate is reduced by downsampling,

which is a signal processing technique. However, downsampling causes aliasing which

corresponds overlapping the replica signals in the frequency domain. We should use an

anti-aliasing filter to avoid overlap. Therefore, the signal is passed through a low-pass

69



filter with 40 Hz which works as an anti-aliasing filter. The signal is then downsampled to

a maximum of 20 Hz. Thus, the computational complexity is greatly reduced. However,

since the signal penetrates behind the wall, it weakens greatly and the noise over the sig-

nal becomes dominant. There is again a need for low-pass filtering to reduce the effect of

the noise over the signal. Since the meaningful frequency components (breathing rate) for

our system which uses human breathing-based features are below 0.5 Hz, it is preferred

a low-pass filter with 2 Hz cutoff frequency. Noisy and denoised signals for the static

human, moving human, and human-free cases are shown in Fig. 4.2.

5 10 15 20 25 30
time (s)

-36

-35.5

-35

S
ig

na
l S

tr
en

gt
h 

(d
B

m
)

(a)

5 10 15 20 25 30
time (s)

-36.5

-36

-35.5

S
ig

na
l S

tr
en

gt
h 

(d
B

m
)

(b)

5 10 15 20 25 30
time (s)

-60

-50

-40

-30

-20

S
ig

na
l S

tr
en

gt
h 

(d
B

m
)

(c)

5 10 15 20 25 30
time (s)

-36

-35.5

-35

S
ig

na
l S

tr
en

gt
h 

(d
B

m
)

(d)

5 10 15 20 25 30
time (s)

-36.5

-36

-35.5

S
ig

na
l S

tr
en

gt
h 

(d
B

m
)

(e)

5 10 15 20 25 30
time (s)

-60

-50

-40

-30

S
ig

na
l S

tr
en

gt
h 

(d
B

m
)

(f)

Figure 4.2: Received signal strength values before and after denoising when the experimental
setup in Room A is used. (a) Before denoising (static human). (b) Before denoising (human-
free). (c) Before denoising (moving human). (d) After low-pass filtering (static human). (e) After
low-pass filtering (human-free). (f) After low-pass filtering (moving human).

4.1.3.3. Human Detection

In this study, the following states are considered: 1) Human-Free, 2) Moving Human, 3)

Static Human. In the human-free state, the room is empty, any moving human or object

does not exist in the environment. The received signal’s amplitude remains nearly con-

stant in this case as shown in Fig. 4.2(b). In the state of the moving human, a person walks

randomly in the environment. The speed or style of walking is not specified priorly. The

movements in the monitoring environment cause significant variations and fluctuations on

the received signal as shown Fig. 4.2(c). In the state of static human, a person is present

in the room, but, the person sits/stands/lies motionlessly.

Feature Extraction: We get two main observations with our experiments. First, as seen in

Fig.4.2(c), the variance of the signal, which is widely used for the separation of dynamic

and static conditions, has a great potential to distinguish moving human from other states.

Second, breathing-induced movements are the main difference between the state of the
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presence of a static human and the human-free state. Therefore, the RR estimates can be

used to distinguish the presence of a static human from a human-free environment.

It is reported in the previous chapter that it is not possible to estimate the RR of

the moving person. In this situation, the RR estimates consist of random results and do

not contain meaningful information about the presence of a human. The same is true for

the empty environment. Random RR estimates are obtained as shown in Fig. 4.3. It can

be seen that the RR estimates can be the same in both moving human and human-free

states. On the other hand, it is insufficient to use only a single RR estimate to distinguish

the static human from other cases since random RR estimates of these two cases can be

overlap with the true RR estimate in the static human state. Therefore, instead of a single

RR estimate, multiple RR estimates obtained over a period of time are used as the system

features. Under normal circumstances, a person’s respiratory rate does not fluctuate much,

it continues on a certain course. Therefore, there is no significant differences between

successive RR estimates. However, high differences can be obtained in the other two

cases (moving human and human-free) since their RR estimates are random results. The

variance of RR estimates obtained from the successive overlapping blocks can be used as

distinctive feature for static human detection. Based on these observations, the variance

of RR estimates are calculated as,

var(R) =
N∑
i=1

(
fRi −

1

N

N∑
k=1

fRk

)2

(4.1)

where R consists of RR estimates ([fR1, fR2, . . . , fRN ]) in a measurement data block.

fR is the RR estimate, N denotes the number of RR estimates in the data block. fRs

are estimated by using ESPRIT method presented in Chapter 3. The scatter plots of the

features of the three states for two different environments are shown in Fig. 4.4. As seen,

there is a clear gap between the features that correspond to the related states. The variance

of RR estimates for the static human state does not suffer from environmental changes as

shown in Fig. 4.4. Although the variance of the signal changes for all three states when

the environment changes, the clear gap between the states does not close much.
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Figure 4.3: Distribution of RR estimates for human-free and moving human states.

4.1.3.4. Classification

In this stage, we use a decision-tree (DT) classifier to detect the presence of static or

moving human. The decision tree algorithm is a classification procedure that partitions

the input space into smaller regions and fits a simple separate model to predict the target in

each region [153]. A decision tree structure includes a root node, decision nodes, and leaf

nodes. Decision trees have some advantages. First, they are nonparametric methods that

do not require an assumption about the distribution of input data. Second, the decision

tree figures out the nonlinearities between the features and classes. In addition, one of the

main advantages of decision trees is that they can be easily interpreted by humans since

they predict the targets using a simple model. In this study, we focus on one of the tree-

based models called classification and regression trees (CART) [154]. While dependent

values are categorical in classification trees, they are continuous in regression trees [155].

CART uses Gini index as the splitting criteria. Gini index is a measure of impurity used

in the decision trees to do binary splits is given as,

Gini(T ) =
K∑
k=1

pτk (1− pτk) (4.2)
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Figure 4.4: Scatter plots of the features for samples obtained from different environments. (a)
Room A. (b) Room B.

where T is the total number of leaf nodes, K is the number of classes, pτk denotes the

ratio of data points in the corresponding region assigned to the class k.

4.1.4. Experimental Results and Discussion

4.1.4.1. Experimental Setup

Experiments are conducted in two different environments. First environment is a 2.8 m×
3.8 m office room in the EEE department, which is shown in Fig. 4.5(a). The second test

environment is a 6.1 m × 9 m classroom in the EEE department, which is shown in Fig.

4.5(b). The layouts of the environments are shown in Fig. 4.6. As seen from the layouts,

both setups are compatible with the double TTW scenario, where the transmitter and the

receiver are located in two different rooms, and the monitored person is in a separate room.

In each test environment, there are tables, desks, cabinets, and other furniture that create

multipath reflection. Both environments are surrounded by 30 cm thick concrete walls.

The proposed TTW human detection system uses SDR modules as the radio transmitter

and the receiver. A unmodulated CW signal is transmitted at 900 MHz with the power of

0 dBm. Omni-directional vertical polarized dipole antennas are used in both transmitter

and receiver.

Experimental Methodology: In the experiments, we collect data for three states: 1) Human-

free: The test environments are empty during the experiments. 2) Moving Human: There

is one subject in the environment walking randomly without tracking a certain trajectory.

3) Static Human: There is one human in the environment sitting or lying in different po-
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(a) Room A (b) Room B

Figure 4.5: Experimental environments. (a) Office room. (b) Classroom.
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Figure 4.6: Comm Lab and Classroom Layouts

sitions, breathing naturally. The experiments are conducted in five different working days

to evaluate the robustness of the proposed system. A different number of measurements

are taken each day, which are shown in Table 4.2. As seen from the table, in total, the

number of measurements collected in the first environment is 2058, while the number of

measurements in the second environment is 1993, for each state. For each experiment, we

use the training data and test data collected from different places to show the generality

of the method.

4.1.4.2. Results

The first experiment is designed to show the effect of the sampling rate to the system

accuracy. The performances are obtained for three different groups of experiments to

reveal the relationship between the sampling rate and accuracy. The sampling rate is

selected 2 Hz, 10 Hz and 20 Hz. The normalized accuracies of each state obtained using
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Table 4.2: Number of measurements taken in different days and environments

Environment Static Human-free Moving

Room A

Day-1 458 458 458
Day-2 310 310 310
Day-3 386 386 386
Day-4 428 428 428
Day-5 476 476 476
Total 2058 2058 2058

Room B 1993 1993 1993
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Figure 4.7: System accuracy according to the sampling rate (fs). (a) fs = 2. (b) fs = 10. (c)
fs = 20.

Decision Tree classifier according to the sampling rates are shown in Fig. 4.7. In this

experiment, training and test samples are collected in Room A. The results are obtained

used 10-fold cross validation. For each value of the sampling rate, the accuracies of the

Static Human, Human-Free and Moving Human states are higher than 99%. The overall

accuracies for each sampling rate are 99.76%, 99.52%, and 99.48%, respectively. As seen

from the figure, changing the sampling rate has little effect on system accuracy. Changing

the sampling rate as long as the signal’s periodicity is maintained does not affect the RR

estimation performance. However, as mentioned previously, RR estimates can be equal

to any frequency up to half the sampling rate for moving human and human-free states.

Although changing the sampling rate affects the variance of RR estimates, which is the

second feature of the system, in the cases of the moving human and human-free, it is seen

as not concretely affecting system accuracy.

To evaluate the robustness of the proposed system, a different strategy which is

called leave-one day-out cross validation is applied while taking measurements. Leave-

one day-out technique is a specific version of cross-validation. For this purpose, the

experiments are conducted in five different working days. In this technique, samples of
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Figure 4.8: Overall accuracies for different measurement days.

one day are separated from the whole set and the remains are used to train the model.

Then, the trained model is tested with the separated samples. This process is repeated

for samples of each day, thus leave-one day-out cross validation results are obtained. The

results are shown in Fig. 4.8. It can be seen in the figure that the proposed method can

detect the moving human faultless for each day. For other situations, the system accuracy

does not drop below 98%. As the experiments are done on working days, there may

be students in the corridors. This can affect system performance negatively. Therefore,

the decrease in performance these days may arise depending on more movements in the

environment.

The system accuracy under different training sample sizes are shown in Fig. 4.9.

The figure also shows the system accuracies in the cases that training data and test data

are obtained from the same environment and different environments. First, the situation

in which training and test samples are collected in Room A is explored. The results are

obtained with 10-fold cross validation. First, 70% of the whole dataset is taken for training

the model. In each step, the number of samples is decreased from 70% to 30%, 20%, 10%

and 5%, respectively. The model is built for each state. The overall accuracy for all states

for 70% of samples is 99.90%. As the number of samples decreases, the overall accuracy

slightly decreases. When 5% of samples are used, the overall accuracy reaches 99.56%. It

is clear that the training sample size has little effect on the overall accuracy when training

and test samples are obtained from the same environment. In the second situation, the

samples collected in Room B are tested with the model trained with samples collected in
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Figure 4.9: Overall accuracies according to the training sample size.

Room A. The overall accuracy is 99.31% when 70% of training samples are used. As the

number of samples decreases, the overall accuracy slightly decreases, similar to the first

case, until the number of samples reaches 20%. As seen in the figure, after this stage there

is a faster decrease in the overall accuracy. When using 10% of the training samples, the

overall accuracy is 93.88%, while using 5% of the samples, the accuracy drops to 92.88%.

The reason for this decrease in the overall accuracy is that the impact of diversity in the

data collected from different environments is felt more with the decrease in the number of

samples. However, even if only 5% of the samples are used, it is evaluated that a general

model that fits different locations is found.

We design an experiment in which training and test data are collected from different

environments to evaluate the generalization of the presented system. Fig. 4.10 shows the

accuracies of the system in match and mismatch situations. While match means that the

training and test data are collected from the same environment, mismatch means that the

training and test data are collected from different environments. As seen in Fig. 4.10,

the proposed system achieves very high accuracy in both match and mismatch situations

for Room A and Room B. This indicates that the proposed method can be used in a

new environment without the need for retraining. This is because all three states locate

separately in the feature space in a compact form as shown in Fig. 4.4. Even if the

environment changes, it is possible to achieve the same performances since this compact

77



Room A Room B
Environment

0

10

20

30

40

50

60

70

80

90

100

Ac
cu
ra
cy
 (%

)

Match
Mismatch

Figure 4.10: Comparison of accuracy in training and test locations. Match means that training
and test data are collected from the same environment, and mismatch means that they are collected
from different environments.

structure is not damaged.

Fig. 4.11 shows the detection performance of the proposed system according to the

used features. In this experiment, the training data are collected in Room A and test data

are collected in Room B. Fig. 4.11(a) shows the confusion matrix when the variance of

RR estimates is used as a single feature. In this situation, as seen, although the presence

of a static human is successfully detected, the moving human state cannot be separated

from the empty environment. This is because there is no breathing activity in the empty

environment and an accurate RR estimation cannot be made when the person is moving. It

is insufficient using a single RR-based feature for separating these three classes. Second,

system performance is shown in Fig. 4.11(b) when the variance of the signal is used as

a single feature. Surprisingly, the system cannot separate the empty environment and the

static human state and determines them as a single class. Variance is a very effective

feature to distinguish the presence of moving humans from an empty state. However, this

does not apply in the case of motionless humans. Micro-level chest movements, caused

by the breathing, of a static person in the environment are not sufficient to detect the

presence of the person, using the only variance. Third, the system accuracy are shown in

Fig. 4.11(c) when two features are used. It can be seen that the combination of these two

features allows the three classes to be separated from each other with high accuracy. The

overall accuracy of the proposed system is obtained as 99.40%.
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Figure 4.11: System accuracy according the used features. (a) System uses only var(R). (b)
System uses only variance. (c) System uses the combination of var(R) & variance.

4.1.5. Conclusion

In this work, we propose a double TTW (DTTW) presence detection system for both static

and moving humans using RF signals. The proposed method is tested for the DTTW

scenario which is a more challenging scenario where both transmitter and receiver are

placed in different rooms from the one in which the human exist. The low-cost and easy

to use SDR modules are used as RF transmitter and receiver. In the proposed system,

the periodic pattern caused by human breathing on the RF signals is used as an indicator

of a static human presence behind the wall. In addition, variance of the signal is used

as the second feature. The extracted features are classified by Decision Tree classifier.

We collect measurement data in two different environments. Experiments are carried

out for five days, taking into account environmental changes, various walking speeds,

people around, etc. Experimental results show that these two features are very effective to

separate the three states: 1) Static Human, 2) Human-free, 3) Moving Human. To show

the robustness of the proposed method, the model trained with the data collected in one

environment is tested with the data collected from the second environment. The proposed

system achieves an overall accuracy of more than 99% without the need for retraining in

a different environment.
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4.2. Air-Writing Recognition

4.2.1. Introduction

In recent years, the requirements of the human-machine interactions are increasing, es-

pecially for smart home, and industry applications, gaming and virtual reality world, etc.

[156]. Conventional methods such as keyboard and touch screen are not preferred in some

of the above applications. Contactless techniques such as air-writing [157, 158], gesture

recognition [42], speech recognition [159] are becoming more popular. These noncontact

techniques are widely using visual and acoustic technologies. But nowadays, the ambient

RF waves are successfully used for the applications such as sleep monitoring [160], fall

detection [161], etc. The potentials of RF waves for human-machine interactions such as

air-writing, which is defined as the user writing letters or words in the air, should be inves-

tigated. Air-writing recognition using RF waves is a very challenging problem since the

RF waveforms of the same letter are never identical even if the letters are written by the

same person. In literature, air-writing recognition systems can be categorized as device-

free and device-based. Device-based methods require the user to wear a special sensor

such as Data Glove [162] or to hold a controller such as Wiimote [163] for air-writing.

Device-free systems, which do not require any sensor/device to be held, enable peo-

ple to interact with smart devices in different environments. Data acquisition in device-

free systems is mainly performed using vision-based methods which use a camera to

capture the writing of the user [164]. These methods are completely dependent on day-

light and can also violate users’ privacy. The other possibility is the use of radio signals

[157, 158, 165, 166] to capture the motions. Wireless signals propagating from the trans-

mitter to the receiver can be affected by finger-wrist movements on the propagation path.

In [157], the authors proposed a hand motion tracking system using WiFi signals. They

utilize the angle-of-arrival (AOA) information to track the user’s hand trajectory, however,

they take these estimated trajectories into a commercial application and use its handwrit-

ing recognition functionality. In [158], they proposed an air-writing recognition system

based on WiFi signals using commercial WiFi devices. However, in [157] and [158],

the size of required writing area for the air-written letter is quite large and inconvenient

for some applications. In [165], the authors proposed a fine-grained WiFi-based writ-
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ing recognition system for 26 capital letters. They use Dynamic Time Warping (DTW)

that has a heavy computational burden to match test samples with the training models.

In addition, they use a context-based error correction algorithm to improve the accuracy.

In [166], the authors proposed a handwriting recognition system both for uppercase and

lowercase letters using WiFi signals. In [165] and [166], the size of writing region is

reasonable, but the users write with a pencil on a sheet or a tablet, which is incompatible

with the concept of the device-free air-writing. In this study, unlike the above methods, a

new air-writing recognition system with high accuracy and with a reasonable size writing

area is proposed which does not require a sheet or tablet for writing, and not require any

assistant application to improve the accuracy. Table 4.3 shows the comparison of some of

the existing works that use RF signals for device-free air-writing recognition.

In this thesis, we propose a device-free air-writing recognition system that classifies

26 capital letters using wireless signals. In the proposed system, the oppositely polar-

ized antennas are used in the two-channel receiver to provide polarization diversity that

is exploited to improve the classification accuracy. The proposed system uses discrete

cosine transform (DCT) coefficients as features that are fed into the machine learning

algorithm to generate a model. The DCT coefficients constitute a new feature vector

for representing the RF signal waveform. These discriminative spectral coefficients are

much more efficient than conventional time-domain features. DCT is mainly used for

2D signals in image compression [167] and face recognition [168]. It is also preferred

for one-dimensional time series [169, 170]. The proposed system does not require any

wearable sensor or hand-held controller for writing the letters in the air. Software defined

radios (SDR) are used as the radio transmitter and the receiver. It is observed that the

finger and wrist gestures of the user can affect the received signal’s amplitude differently

for each letter and, thus unique patterns for each letter are obtained in each channel of the

receiver.

4.2.2. Related Work

In this section, we discuss some works on hand gesture recognition and handwriting

recognition, which have a similar concept with air-writing recognition.
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Table 4.3: Related Works of Using RF Signal for Device-free Air-Writing Recognition. 7: ad-
vantage, 4: disadvantage

Method Letter Required Required Accuracy
Size (cm) Writing Tools Ass. App. (%)

Wi-Wri [165] 10 tablet 4 82.7
Wri-Fi [158] 25 7 7 86.75

WiDraw [157] 30 7 4 89
Mcsm-Wri [166] 5 pencil/paper 7 96.68
Proposed Method 15 7 7 95.15

4.2.2.1. Hand Gesture Recognition

Hand gesture recognition (HGR) is one of the components that provide human-computer

interactions. HGR is used in areas such as smart-home systems, gaming consoles, sign

language recognition, etc. HGR methods can be categorized as vision-based, sensor-

based and RF-based. In [171], the authors propose a hand gesture recognition method

using Kinect depth camera. In [172], the Leap Motion data is combined with the Kinect

data to improve the hand gesture recognition accuracy. In [173], the authors present a

sound-based gesture sensing method that exploits Doppler shifts. An inertial sensor-based

system in [174] recognizes the hand poses of the user using a wrist-worn sensor. Vision-

based methods have a high incidence of dependency on daylight and line-of-sight (LOS)

conditions. Sensor-based systems require users to wear a device/sensor, which limits the

mobility and comfort of the users. In recent years, RF-based gesture recognition systems

gain increasing popularity due to the ubiquitous and pervasive characteristics of wireless

signals. RF-based methods do not need daylight or wearing any device. These methods

utilize the effect of the hand gestures to the RF signals. In [17], WiFi-based hand gesture

recognition system is presented. Their system recognizes the hand gestures to contactless

control the media-player application. They utilize multiple access points for majority

voting in the hand motion detection. They create pre-defined hand gestures used for

controlling the applications to be different from each other. Thus, it is easier to recognize

hand gestures defined by the user than to recognize letters with certain shapes. In [42],

a whole-home gesture recognition system that leverages Doppler shifts on WiFi signals

is presented. In [175], the authors used WiFi signals to recognize four hand gestures of

the users. In [176], the authors presented a hand gesture recognition system using WiFi

signals. Their system can recognize seven hand gestures both in LOS and through-wall
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scenarios. While these RF-based gesture recognition methods provide high accuracy, they

can only recognize pre-defined simple gestures and large scale motion.

4.2.2.2. Handwriting Recognition

Handwriting recognition (HWR) is the recognition of the letters, numbers or signs written

by hand, by the computer systems. When talking about handwriting recognition, the first

thing that comes to mind is the recognition of the text written on a paper, tablet or on any

surface with a pen or a stylus. However, since it is in accordance with the concept, recog-

nition of the letters and characters written in the air will be discussed here. Similar with

HGR systems, HWR (air-writing) methods can be categorized as vision-based, sensor-

based and RF-based. A vision-based method in [164] recognizes the words or characters

written in mid-air. They can track the 3D hand trajectory of the users who are instructed

to write large letters. In [177], the authors presented an air-writing recognition system,

where the gestures are acquired by Kinect. In [162], the authors presented a wearable

input system for handwriting recognition. The accelerometer and gyroscope sensors are

attached to the back of the hand using a glove. A hybrid framework is presented in [163]

which combines optical infrared tracker and a handheld Wiimote device’s data. In [178],

the authors presented a finger motion tracking system using WiFi signals. Their system

can recognize the trajectories of 10 digits written in the air. A handwriting recognition

system using wireless backscattering technology was presented in [179]. They use a pas-

sive tag to backscatter the signal to the receiver. They utilize the phase domain features

besides conventional statistical features for letter and word classification.

4.2.3. System Overview

In the proposed air-writing recognition system, RF signal that is emitted from a transmitter

is captured by a two-channel receiver as shown in Fig. 4.12. The antennas of receiving

channels are placed as orthogonal to each other for providing polarization diversity. The

user writes characters (letters) in the air-writing area which is over the line-of-sight (LOS)

path between the transmitter and the receiver. When a user writes letters in the air, the

signal amplitude can be affected by blockage of the LOS and multipath effect. The user’s

wrist and finger gestures create a unique effect on the signal amplitude for each letter.
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Figure 4.12: The general organization of the proposed air-writing recognition system.

Our system recognizes the letter written in the air based on these variations on the signal

amplitude. The proposed system consists of the main blocks including data collection,

denoising, letter segmentation, feature extraction based on DCT and classification. The

general flow chart of the proposed air-writing recognition system is given in Fig. 4.12.

In the data collection step, the user writes letters in the air with the stroke-by-stroke

and overlapped style, and the measurements are recorded. The received signal involves

the noise due to various environmental factors. In denoising step, the Discrete Wavelet

Transform (DWT) is performed to remove the noise from the received signal. The letter

segmentation stage uses a thresholding-based method to identify the data segments which

contain air-writing. In the feature extraction stage, DCT of the opposite polarized two

channels of the received signal is performed, and the proposed system uses the extracted

DCT coefficients as the features. Finally, SVM classifier is used to classify 26 capital

air-written letters in the English alphabet.

4.2.3.1. Signal Model

In indoor environments, there are many signal paths between the transmitter and the re-

ceiver. The path in which signal arrives directly to the receiver from the transmitter is

defined as direct path or line-of-sight (LOS) path. In addition, the signal reflected or scat-

tered from various static or dynamic objects (or the human body) arrives the receiver in

many different paths which are called multipath. Indoor environments are rich in multi-

path reflections due to many objects are close to each other. In our system, the received
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signal has two channels. These channels are called vertical and horizontal channels de-

pending on antenna polarization. The two-channel received baseband signal is defined

as,

y`(t) = α`1s1(t)︸ ︷︷ ︸
direct path

+
M∑
m=2

α`msm(t)e−jφ
`
m

︸ ︷︷ ︸
multipath

+w`(t), ` = 1, 2 (4.3)

where ` is channel index. sm(t) represents propagated signal along many paths. M is

the number of paths signal arrives the receiver from the transmitter. First path is defined

as direct path (LOS path), remaining M − 1 is the number of multipaths. m is path

index. The second term of the summation in (4.3) is the multipath due to static objects

and human arm or finger movements. α`m denotes attenuation in path m in channel `. α1

is the attenuation in the direct path. φ is phase of the signal in path m for channel `. We

assume that w(t) is a white Gaussian measurement noise.

4.2.4. Air-Writing Recognition Using Polarization Diversity

4.2.4.1. Writing Style

During the air-writing process, various writing styles create different patterns for each

letter as expected. The speed of writing also changing the patterns. When various writing

styles are allowed, it is required to train the model for each possibility. In this study,

the air-writing style which is determined as a standard consists of two components as

stroke-by-stroke and overlapped styles. In the stroke-by-stroke style, the user completes

a letter using multiple strokes instead of one continuous stroke. In Fig. 4.13, ’B’, ’E’,

and ’W’ letters written in the stroke-by-stroke style are shown. The stroke orders are

also shown in the figure with numbers. As seen that the stroke numbers and orders are

different for each letter. Therefore, these differences lead to unique patterns for each

letter. The second component of the writing style is that the user writes the letters in an

overlapped manner in an imaginary region which is an air-writing box with the size of 15

cm × 15 cm. Otherwise, if the letters are written from the left to right manner instead of

overlapped style, the unique pattern of the letter is distorted since arm movements along

with finger movements become a part of the activity. In addition, when writing from left

to right, changes in the signal amplitude that damage the shape of the waveform appear
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Figure 4.13: Letter formations for B, E, and W letters. Stroke orders are also shown.

as the user’s hand comes close to the receiver (or transmitter).

4.2.4.2. Basics of Antenna Polarization

An electromagnetic wave consists of an electric field and a magnetic field. Both of them

are perpendicular to each other and also perpendicular to the direction of propagation.

Polarization is one of the characteristics of the antenna and refers to the orientation of

the electric field component of the radio waves, which are emitted or received by the an-

tenna, relative to the earth [180]. The polarization can be classified into three types as

linear, circular and elliptical polarization [181]. In this study, we considered linear polar-

ization, so other types of polarization are out of scope. In linear polarization, the electric

field is always directed along a line. It can be either vertical or horizontal as shown in

Fig. 4.14. In general case, there should be a polarization matching between transmit-

ting and receiving antennas. If the receiving antenna is in different polarization with the

transmitting antenna, it cannot receive the signal emitted by the transmitter. However, in

short-range communication, this is somewhat different, that is, the receiving antenna can

receive the signal emitted from a transmitting antenna with different polarization by some

attenuation [180]. The case that the receiving and the transmitting antennas have opposite

polarization is called cross-polarization. On the other hand, the fact that the receiver and

transmitter have the same polarization is called co-polarization. Using these two polar-

ization structures together in a system provides polarization diversity. In our system, a

signal is emitted from a transmitter using a vertically polarized antenna and is captured

by a two-channel receiver using two antennas with orthogonal polarization (e.g. vertical

and horizontal) each other. The antenna layout of the proposed system using polarization

diversity is shown in Fig. 4.15. Using polarization diversity at the receiver end provides

different correlated signals that describe the same class (letter), which provides more fea-
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Figure 4.14: The polarization scheme of horizontal and vertical antennas.

tures to be extracted to improve classification accuracy. How polarization diversity affects

the amplitude of received signal will be given in the next section.

4.2.4.3. The Effect of Finger/Wrist Gestures on Received Waveform and the Role of

Polarization Diversity

The finger or wrist gestures of the user while writing letters in the air affect the ampli-

tude of the RF signal. In the proposed air-writing system, we distinguish the effect of

the user’s finger/wrist gestures to the RF signal similar to the effect of the walking peo-

ple to the occupancy estimation system in [34] into two ways: 1) blocking the LOS, 2)

multipath effect. Since the imaginary air box where the letters are written is on the LOS

path between the transmitter and the receiver, the finger or wrist of the user blocks the

LOS, causing a drop in the signal amplitude. The effect of blocking the LOS occurs in

different positions in two receiver channels due to the polarization diversity. For instance,

when the finger is at the bottom region of the imaginary air box, it blocks the LOS of the

cross-polarized channel, when it moves up, it blocks the LOS of the co-polarized channel.

Thus, the finger’s bottom-to-top movement increases the amplitude of the cross-polarized

channel signal, while it decreases the amplitude of the co-polarized channel signal, as
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Figure 4.15: The antenna layout of the proposed system using polarization diversity.
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Figure 4.16: The amplitudes of the received two-channel signal when sample movements are
made: (a)top-to-bottom, (b) bottom-to-top, (c) left-to-right, (d) right-to-left, in the cross-polarized
channel; (e) top-to-bottom, (f) bottom-to-top, (g) left-to-right, (h) right-to-left, in the co-polarized
channel.
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shown in Fig. 4.16 (b) and (f). The opposite of the effect of this movement is observed

when the finger moves top-to-bottom as seen in Fig. 4.16 (a) and (e). In addition, it

is seen that the change in the amplitude of cross-polarized channel signal is more than

the change in the amplitude of co-polarized channel signal for these two movements. In

the co-polarized channel, only the user’s finger blocks the LOS path, while in the cross-

polarized channel, along with the finger, the arm also blocks the LOS path. The second

component that affects the signal amplitude is the multipath effect. If there exists a strong

LOS component, the multipath reflections are superimposed on a LOS signal. Otherwise,

the received signal consists of many randomly distributed reflections [180]. Unlike per-

pendicular movements, the effects of left-to-right and right-to-left movements to receiver

channels are in the same direction as seen in Fig. 4.16 (c)-(g) and Fig. 4.16 (d)-(h). Since

the position of the finger does not change perpendicularly in parallel movements, the LOS

state remains the same. In this situation, the signal amplitude changes only due to the mul-

tipath effect. Therefore, fewer changes are seen on the signal amplitude compared to the

perpendicular movements.

Fig. 4.17 shows the received RF signals’ amplitude for two-channels when different

letters are written in the air. Fig. 4.17 (a), 4.17 (b) and 4.17 (c) show the waveform of the

letters ’B’, ’E’ and ’W’, respectively. It can be seen that the waveforms of different letters

have quite different patterns and the number of strokes. In the cross-polarized channel,

from top to bottom strokes that are perpendicular to the LOS path cause drops in signal

amplitude. The strokes 1, 3, and 4 in the letter ’B’, and the stroke 1 in the letter ’E’, and the

strokes 1, 3, 5, and 7 in the letter ’W’ are the examples for this case. In the co-polarized

channel, from bottom to top strokes that are perpendicular to the LOS path cause drops

in signal amplitude. The stroke 2 in the letter ’B’, the stroke 2 in the letter ’E’, and the

strokes 2, 4, and 6 in the letter ’W’ are the examples. On the other hand, the strokes that

are parallel to the LOS path (for e.g. the strokes 3, 4, and 5 in the letter ’E’) do not cause

much change in the signal amplitude. As discussed earlier, the amplitudes of the signal in

the channels, which have polarization diversity, are affected in the opposite direction by

the perpendicular movements, while in the same direction by the parallel movements. It

is validated with the real measurements as shown in Fig. 4.17. Additionally, the number

of strokes are different for the sample letters as seen in the figure. For instance, the letter

’B’ is written in the air with four strokes. On the other hand, the letter ’E’ has five strokes.

89



The letter ’W’ has the most complicated waveform among them since it consists of seven

strokes. The numbers of strokes for different letters seen in the received RF signal in Fig.

4.17 are compatible with the number of strokes that came into existence when writing the

letters shown in Fig. 4.13.

4.2.4.4. Noise Removal Based on Discrete Wavelet Transform

Wireless signals are exposed to various noise effects such as thermal noise, internal de-

vice noise, and external ambient/interference signals, etc. in indoors and can also have

many outliers/peaks. It is crucial to remove some of the unwanted signals to make the

air-written recognition system operable. It is reported in [182] that the frequency range

of human gestures is between 0.3 Hz and 4.5 Hz. Therefore, the considered signal is

low frequency signal and high frequency components can be removed but on the other

hand, lower cut-off frequency causes loss of some characteristic information related to

the gestures. The Discrete Wavelet Transform (DWT) is preferred in this study to re-

move noise without loss of useful information. DWT which is a powerful tool, is used in

wide range applications such as signal processing, image compression, pattern recogni-

tion [183]. The main idea in DWT is that decompose the signal to sub-bands in different

frequencies. The common wavelets are daubechies, symlets, coiflets, etc. [184]. De-

noising based on wavelet transform consists of three steps: decomposition of the signal,

thresholding and reconstruction of the signal. In wavelet analysis, the signal is decom-

posed to approximation coefficients and detail coefficients in each decomposition level.

In order to remove the noise on the wavelet coefficients, the thresholding method is used.

After the decomposition, the detail coefficients below the threshold are assumed as noise

and they are shrunk to zero. In each decomposition level, this process is repeated. Thus,

in the reconstruction stage, the signal purified from the noise is obtained. In this study,

Daubechies-4 (db4) is chosen as the basis wavelet function and 7 is selected as the de-

composition level by analysing the recorded data set. The example received noisy signal

and the wavelet filtered signal for writing the letter ’K’ is shown in Fig. 4.18. Since the

shape of the waveform is distorted, the need for noise removal is seen from the figure.
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Figure 4.17: RF signal waveforms in the vertical and horizontal channels for letters ’B’, ’E’, and
’W’.
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Figure 4.18: The received noisy signal and the denoised signal for writing the letter ’K’.
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Figure 4.19: Segmentation of writing activity.
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4.2.4.5. Letter Segmentation

To capture the signal waveform of a letter, the time periods when the letters are written

need to be identified and distinguished. Therefore, a letter segmentation that corresponds

to distinguish a segment of data in which writing a letter has occurred is done. For the

letter segmentation, the aim is to detect the starting and ending points of the writing

activity. It is seen in Fig. 4.19 that the amplitude of the RF signal is almost stable in the

absence of writing activity and significantly change while writing the letters. Therefore,

it is expected that data segments which contain air-writing activity have higher variance.

In this thesis, we use a simple and efficient method based on variance-thresholding

for the detection of starting and ending points. In this method, we use a sliding window

approach in both two channels synchronously for the segmentation. First, the denoised

signal is divided into windows of 100 ms. A sliding window is used to calculate the

variance, thereby obtaining a variance sequence that is called Vseq. Then, we apply the

moving average smoothing to the Vseq for reducing the variations shown in Fig. 4.19. We

denote this smoothed version as Vsmooth. If the value of Vsmooth is greater than a dynami-

cally calculated threshold, it is decided that there is a writing activity in the corresponding

window. We compute the threshold once for each letter to be segmented and use it for all

windows belonging to that letter. The threshold is determined as 9 times the variance of

the first window of 200 ms. This value is set based on physical intuition and empirical

observations. We assume that the user waits steadily for 200 ms without moving at the

beginning. These procedures are applied to each channel individually. Then, we combine

the results by simply taking the logical AND of the two channels to obtain the starting

and ending points of the letter. In other words, in order to determine the presence of the

writing activity in the corresponding window, it must be sensed in both channels. The

reason is to prevent the outliers that may occur at different times in the two channels from

damaging the segmentation. The first and the last of the points detected jointly in both

channels are determined as the starting and ending points, respectively. Time durations

between the starting and ending points are determined as the letter segment. In order to

perform the segmentation properly, there must be a certain time gap between the writ-

ing of the letters. In the measurements, the letters are written in the air by users every 5

seconds. Therefore, at least 2 seconds of the gap is provided between the writings.
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Figure 4.20: Original waveform of the letter ’R’ and its reconstruction using different low-
frequency DCT coefficients.
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4.2.4.6. Feature Extraction Using DCT

Discrete Cosine Transform (DCT) is one of the transformation methods that transform

the input signals from time-domain to frequency domain [185]. Unlike Discrete Fourier

Transform (DFT), DCT uses only real-valued cosine functions instead of complex expo-

nential functions. DCT of a discrete signal, x(n), in time domain is defined as,

X(0) =
1√
N

N−1∑
n=0

x(n) (4.4)

X(k) =
2√
N

N−1∑
n=0

x(n) cos(
(2n+ 1)kπ

2N
) k = 1, . . . , N − 1 (4.5)

where N is the length of the input signal. X denotes the DCT coefficients, which are

always real, and k is the coefficient index. Low-frequency DCT coefficients have high

energy [169]. To set the remaining coefficients to zero does not significantly affect the

total energy of the signal. This is the reason why DCT is widely preferred in compression

algorithms. Thus, by using several DCT coefficients, it is largely possible to preserve the

waveforms of letters written in the air without distortion. Fig. 4.20 shows the original

waveform of the letter ’R’ after segmentation and its reconstruction using different num-

ber of low-frequency DCT coefficients. The remaining coefficients are set to zero. Then,

the signal is reconstructed using the DCT coefficients. As seen, with the increase of the

number of DCT coefficients, the reconstructed signals are more similar to the original sig-

nal. However, only 10 coefficients with the highest energy are sufficient to reconstruct the

original signal without shape deformation. These 10 DCT coefficients represent 99.75%

of the energy of the original signal. In this study, the first 10 magnitudes of DCT co-

efficients are extracted as the features for air-writing recognition. Similarly, 10 features

(DCT coefficients) are obtained from the second channel of the receiver, and we get a

feature set of 20 features in total.

The speed and magnitude of gestures can affect the RF waveform of the letters.

Even if the letters are written by the same user, their RF patterns are never identical. Fig.

4.21 shows an example for this situation that can be encountered in practical scenarios and

needs to be solved. When the letter ’A’ is written at different speeds by the same person,

the obtained RF waveforms are shown in Fig. 4.21(a). The letter ’A’ is written in two
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Figure 4.21: (a) RF signal waveforms of the short ’A’ and long ’A’. (b) DCT coefficients before
segmentation. (c) DCT coefficients after segmentation.

styles: slow and fast. It can be seen that although the waveforms of the two styles are the

same, they are different in time and magnitude-scale. When we apply DCT to the entire 5-

second signal, the DCT coefficients of two styles are shown in Fig. 4.21(b). As seen in the

figure, DCT coefficients seem to belong to different letters in this case, which is a problem

for the air-writing system. However, there is a solution to this problem: segmentation.

Fig. 4.21(c) shows the DCT coefficients of the two styles after segmentation. By using

segmentation, it can be seen that waveforms of the same letter even they are written at

different speeds are obtained very similarly as they should be. Thus, it is verified that

the proposed method can recognize the air-written letters regardless of the speed and

magnitude of writing. In addition, we apply L2 normalization to the feature space. L2-

normalization which rescales the samples in the feature space to have a unit form does not

change the distribution of the samples. It is aimed to improve the classification accuracy

by normalization which reduces the in-class variations. The normalization is applied to

test data alongside the training data.
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4.2.4.7. Classification

In the classification stage, we applied support vector machines (SVM) to recognize 26

air-written letters using the extracted DCT-based features. SVM which is a supervised

learning approach is originally developed for the binary classification using a maximized

margin mechanism. To adapt SVM to the multi-class problem, some strategies that de-

compose the multi-class problem into several two-class problems are developed. For this

purpose, we used the one-versus-rest (ovr) strategy in this study. Linear SVM aims to find

a hyperplane that separates two classes of data. For non-separable data linearly, kernel

functions are developed. Using kernel functions, input samples are projected into a higher

dimensional feature space to find a linear decision boundary (ie, a hyperplane) with the

aim of classifying the data [186]. We choose the polynomial kernel function defined as,

K (xi,xj) =
(
xTi xj + r

)d
(4.6)

where K is kernel function, xi,xj are the feature vectors, d is the degree of polynomial

function, r is a coefficient used in inhomogeneous polynomial kernel functions. In addi-

tion, C is the regularization parameter, which provides trade-off between the minimizing

training error and maximizing the margin [187]. We set the parameters C to be 10, d to

be 3, r to be 0 using hyperparameter tuning process.

4.2.5. Experimental Evaluations

4.2.5.1. Data Collection

The experiments are conducted using the setup shown in Fig. 4.22(a) in an office room

with a size of 3 m × 5 m whose layout is shown Fig. 4.22(b). The generality of the

proposed system is tested with a different environment, a laboratory, with a size of 8.6 m

× 10.8 m whose layout is shown Fig. 4.22(c). For this early (concept validation) stage,

we extract the single user recognition performance. The distance between the transmitter

and the receiver which are placed on the desk is 1 m and they are placed 1 m above

the ground. The user sits in front of the desk and all letters are written using the same

predefined stroke order and with an index finger into an imaginary air box of 15 cm ×
15 cm on the LOS between the transmitter and receiver. For each letter, 7 measurements
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Figure 4.22: (a) The experimental setup in the office room, (b) Layout of the office room, (c)
Layout of the laboratory

were taken per day. The measurements were completed on 18 different days. Thus, a total

of 3276 measurements (7× 26× 18) were taken for 26 letters, and each of them lasted 5

seconds. The training set consists of 126 measurements per letter.

4.2.5.2. Experimental Setup

The SDR modules are used as the radio transmitter and the receiver. In this study, we used

the Universal Software Radio Peripheral (USRP)- B210 radios. As a radio waveform, the

unmodulated continuous wave (CW) signal at 825 MHz is used. The transmitter RF out-

put power is adjusted to give -10 dBm (the maximal allowed received signal power of

WiFi networks). In our system, a transmitter and a two-channel receiver exist. The trans-

mitter has a vertically polarized antenna and the two-channel receiver has two antennas

with orthogonal polarization (vertical and horizontal) to provide polarization diversity.

The sampling rate of the SDR module is adjusted as 10 kS/s. The machine learning

model described here is implemented by Scikit-learn in Python, and we run its training

and testing on a Desktop computer which has Intel Core(TM) i7-3770K CPU @ 4.60

GHz Processor and 32 GB RAM.

4.2.5.3. Results

Firstly, we introduce our evaluation metrics used in the classification. We use four metrics

for the evaluation of the performance of the proposed method as precision, recall, f1-score

and overall accuracy. Precision (P) is TP
TP+FP

, where TP (true positive) and FP (false

positive) represent the correctly classified and incorrectly classified, respectively. Recall

(R) is calculated as TP
TP+FN

, where FN (false negative) represent the incorrectly rejected.
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Figure 4.23: Overall recognition accuracies of the different classifiers.

A B C D E F G H I J K L M N O P Q R S T U V W X Y Z
Letters

0.0

0.2

0.4

0.6

0.8

1.0

Re
co

gn
iti

on
 A

cc
ur

ac
y

precision
recall
f1-score

Figure 4.24: The classification results of the test set of 26 letters using SVM classifier.

The f1-score is the weighted harmonic mean of precision and recall, and calculated as
2×P×R
P+R

. The overall accuracy which is defined as
∑Cn
i=1 TPi
N

is used for the evaluate the

overall performance of the classification model, where Cn is the number of classes, and

N denotes the number of all samples in the dataset.

In the first experiment, we compare the recognition performances of the different

classifiers. Fig. 4.23 shows the box-plot graphs of the classification results which are ob-

tained using 10-fold cross validation. We test our model with seven classifiers, i.e., Linear

Regression (LR), Linear Discriminant Analysis (LDA), K-Nearest Neighbor (KNN), De-

cision Tree (DT), Naive Bayes (NB), Random Forest (RF) and Support Vector Machines

(SVM), which are widely used in the machine learning applications. In the figure, the

circles show the outliers, and the horizontal line in each box indicates the median of the

results. The overall recognition accuracy of the SVM classifier is 95.15%. KNN and RF
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algorithms achieve the accuracy of 91.87% and 90.26%, respectively. Other classifiers’

accuracies are less than 85%. It is clear that the SVM classifier achieves high accuracy

among the other classifiers. Hence, we present the experimental results using SVM clas-

sifier.

Fig. 4.24 shows the classification performances for each letter when using the SVM

classifier. The dataset is split with the rate of 80-20 percent as training and test samples.

For each letter, the number of samples is the same, therefore, balanced data is used both

for training and test. The classification results shown in these figures are obtained using

unseen test samples. As seen from the figures, all 26 letters are classified with varying

accuracies. It can be seen in Fig. 4.24 that the f1-scores of all letters are greater than 92%

when using the SVM classifier. The proposed system can recognize the ’B’, ’E’, ’J’, ’N’,

’S’, and ’V’ letters without any mistakes while achieving greater than 94% recognition

performance for many letters. In addition, the color map of the confusion matrix of the

SVM classifier for the test set is shown in Fig. 4.25. Rows and columns represent the true

and the predicted labels of the letters, respectively. The diagonal cells show the correctly

classified elements while off-diagonal elements show the misclassifications. Each cell of

the confusion matrix presents the normalized percentage values. This confusion matrix

indicates that the proposed system can accurately recognize the letters written in the air.

It can be seen that ’O’ and ’T’ letters have lowest recognition performance since the letter

formations of ’O’ and ’T’ letters are similar with ’U’ and ’Z’, respectively. It can be seen

from the confusion matrix, the error rates between ’O’ and ’U’ letters are not symmetrical.

The variance of the letter ’U’ is less than the variance of the letter ’O’. Therefore, the

system confuses the letter ’O’ with the letter ’U’, but can detect the letter ’U’ without

error. In addition, misclassifications between ’M’ and ’W’ letters, and between ’A’ and

’H’ letters occur due to the similarity of these letter pairs. In conclusion, the proposed

system achieves an overall recognition accuracy of 96.03% by using SVM classifier for

unseen test samples.

The third experiment is designed to determine how many DCT coefficients can be

sufficient for the accurate air-written letter classification. In addition, the effects of the

letter segmentation and feature normalization to the system performance are examined.

Fig. 4.26 shows the overall recognition performance according to the number of DCT

coefficients (Nc). These results are obtained using 10-fold cross-validation. As seen in
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Figure 4.25: The confusion matrix of the SVM classifier for the test set.

the figure, recognition performances are unsatisfactory for all cases when using a small

number of DCT coefficients (Nc = 5). Then, the performance improves with the increase

in the number of DCT coefficients, however, after a certain value, it reaches saturation.

Since the values of high-frequency DCT coefficients are quite small, they do not provide

the distinctiveness. These high-frequency coefficients increase the dimension of the fea-

ture vector, but not the accuracy. Therefore, the optimum number of DCT coefficients

is chosen as 10, which is sufficient to reconstruct the original signal as shown in Fig.

4.20. The segmentation of letters and the feature normalization improve the system per-

formance as shown in the Fig. 4.26. The best recognition performance is obtained when

the segmentation and normalization are applied.

Fig. 4.27 shows the overall recognition accuracies when two separate receiver

structures are used. The single channel receiver system and two-channel receiver sys-

tem are compared. We use a vertically polarized antenna as the receiving antenna in the

single-channel system and we use two antennas with orthogonal polarization each other

in the two-channel receiver. The performances which are obtained using 10-fold cross-

validation are given according to the number of DCT coefficients. It can be seen that the

two-channel receiver has a superior performance compared to the single-channel receiver

for all the number of DCT coefficients. Especially, when using a small number of DCT
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Figure 4.26: Overall recognition accuracy of the classification model according to the number of
DCT coefficients.

coefficients, the difference in accuracy between the two receiver structures is more pro-

nounced. The fact that two-channel receiver has the polarization diversity between the

receiving antennas improves the classification accuracy as shown in the figure.

To evaluate the robustness and generalization of the proposed method, we collect

the air-writing data in eighteen different days. Since the experiments are carried out on

working days, there are people walking/existing outside the office or in the corridors,

and students attending their sessions in the lab next door. We aim to illustrate that the

proposed method is robust to these environmental changes. In addition, collecting all

the samples belonging to a letter at a time creates uniformity in the training set, which

reduces the accuracy when testing with unseen samples. In this experiment, recognition

performances are obtained using the leave-one day-out validation which is a special form

of cross-validation. In this validation method, samples of one day are considered as a fold

and the total number of folds is equal to the number of measurement days. Then, one

fold (day) of the samples is chosen for testing, the rest for training, and this process is

repeated for all days. Thus, the overall recognition accuracies for each day are extracted.

Fig. 4.28 shows the overall recognition accuracies for each measurement day. It can

be seen that accuracies of only four days are less than 91%, which are Day-1, Day-5,
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Figure 4.27: Performance comparison of single channel and two-channel receiver.
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Figure 4.28: Overall recognition accuracies for different measurement days.

Day-7, and Day-8. The reason may be that there is more movement in the environment

that increase the interferences on the signal in these days. On the other hand, the proposed

method achieves high accuracy in the remaining days, indicating that the method is robust

to environmental changes.

We investigate the effect of the training sample size to the recognition performance.

Fig. 4.29 shows the overall recognition accuracy of the proposed method according to

the different sizes of training sets which consist of 30, 50, 70, and 100 samples per letter.

The overall recognition accuracies are obtained by using 10-fold cross-validation. For

30 samples, the overall recognition accuracy is 90.50%. It is seen in the figure that the

recognition accuracy increases with the increasing of the training sample size. If the
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Figure 4.29: The overall recognition accuracies according to the size of training samples.

sample size is chosen to be 100, the overall recognition accuracy increases to 95.15%.

In order to evaluate the generalization of the proposed system, we designed an ex-

periment in which training and test data are collected from different environments. In

this experiment, the model is trained with data collected in the office room shown in Fig.

4.22(a), and tested with data collected in a laboratory whose layout shown in Fig. 4.22(c).

In the laboratory, the distance between the transmitter and receiver and the placement

of the antennas are adjusted in accordance with the office room. The proposed system

is also compared with the method that uses Discrete Wavelet Transform (DWT)-based

features [165]. In this method, Daubechies-3 wavelet is used as the mother wavelet and

decomposition level is selected as 9. Fig. 4.30 shows the overall recognition accuracies

of the proposed method and DWT-based method when the training and test samples are

obtained from same and different environments. It can be seen in the figure that the per-

formances of both the proposed method and DWT-based method are satisfactory when

training and test samples collected from the same environment are used. In this situation,

the proposed method and DWT-based method achieve the overall accuracy of 95% and

85%, respectively. However, if the test samples collected from the laboratory are used,

the overall accuracy of DWT-based method reduces to 20% while the proposed method

achieves 92% accuracy which is still satisfactory. This shows that it is required to re-
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Figure 4.30: Performance comparison between the proposed method and DWT [165] in training
and testing locations.

train the model for the different environments when DWT-based features are used. In the

DWT-based method, the signal waveforms in the time domain are used as the features.

Time-domain features are easily affected by environmental changes. In addition, the pro-

posed segmentation algorithm cannot be applied to the DWT-based method as the letter

segments are of different lengths, which reduces the accuracy. Although the environments

are very different, the proposed system achieves high overall accuracy in the classification

of 26 air-written letters.

4.2.6. Conclusion

In this thesis, the potentials of RF waves for air-writing applications are investigated.

We propose a novel device-free air-writing recognition system with SDR modules. The

proposed system utilizes a receiver structure with two antennas that are placed orthogonal

to each other which provides polarization diversity. The user writes 26 letters into an

imaginary air box of 15 × 15 cm with no sensor/device to be held. After collecting data

we perform DWT for removing the noise from the signal. We apply a letter segmentation

method based on variance-thresholding to distinguish the data segments that contain air-

writing activity. After segmentation, we extracted DCT coefficients as the discriminative
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spectral features representing the RF waveform. The machine learning based recognition

system uses 126 samples for each letter. We use SVM classifier to recognize the air-

written letters. It is shown with the experiments that the proposed air-writing recognition

system achieves 95.15% overall accuracy for a reasonable size writing area. It is also

shown that the proposed method can recognize the air-written letters in a different place

from the environment where the model is trained, with a slight loss of performance, and

leveraging polarization diversity improves the overall accuracy of the system.
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5. CONCLUSION

In this thesis, the RF signals are investigated as a new technology for the human activity

recognition and monitoring. In particular, we mainly focus on noncontact vital respi-

ratory rate (RR) monitoring using different signal models, and through-the-wall (TTW)

static human detection and device free air-writing recognition applications. In all these

applications SDR modules are used for the measurements of the received narrow-band

RF signal with a noncontact (wireless) and device free manner. This study offers novel

contributions and solutions to these new and challenging problems.

In this thesis, we first investigate the problem of noncontact RR estimation. Three

RF-based RR estimation methods are presented. The presented methods which exploit

the periodic patterns caused by breathing on RF signals are derived from three different

signal models for the noisy breathing signal. First, the high resolution subspace tech-

niques, ESPRIT and MUSIC, which are derived from covariance matrix model are first

time applied to the RR estimation in literature. It is shown that ESPRIT is computation-

ally efficient and works approximately 49 times faster than the MUSIC algorithm. The

proposed system is validated with real data collected using ten participants and realistic

scenarios that examine the practical factors affecting RR estimation performance. It is

shown that the high resolution technique achieves 0.13 bpm error rate with the limited

number of data and significantly improve the RR estimation accuracy according to the

benchmark (periodogram) method in literature. In addition, it is shown that high reso-

lution techniques can be able to estimate the closely spaced RRs of two subjects, which

is a challenging task, while the periodogram fails due to its inherent resolution poten-

tial. Then, the ARMA (2,2) model-based Quinn and Fernandes (QF) method is firstly

adapted and used for the noncontact RR monitoring during sleep. In addition, a simple

method for the detection of three sleep events is developed. It is shown in various real

experiments that the proposed QF method achieves 0.15 bpm error rate with 20 seconds

of measurement and is also effective for different distances and sleeping postures. These

methods derived from the first two models benefit from the windowing approach where

the RR is stationary along the window length. RR is a time-varying parameter. Assuming

the RR as a longtime constant causes delays in monitoring the parameter; this can be a
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critical problem in emergencies. Although the subspace techniques reduce the latency

and improve the accuracy according to the periodogram, a real-time tracking is still an

important requirement. In the end, the nonlinear model-based Kalman Filter (KF) ap-

proach which is capable of estimating and tracking the RR with a low steady-state error

is proposed. For real-time monitoring, we modify the standard joint unscented Kalman

filter method which uses third-order state-space model. Due to the nonlinear structure

of the RR estimation problem with respect to the measurements, a novel modification is

proposed to transform measurement errors into parameter errors by using the hyperbolic

tangent function. It is shown in the experiments conducted with real measurements taken

using healthy volunteers that the proposed ModJUKF method offers both a decrease in

computational complexity of 8.54% and an increase in accuracy of 36.7% according to

the JUKF method. It is also shown that the proposed ModJUKF method outperforms the

windowing-based methods in the time-varying RR scenario.

In the second part of thesis, we exploit machine learning techniques for TTW hu-

man detection and air-writing recognition. First, the presence detection of static/moving

human through-the-wall is performed as a classification process applied to the feature

set. The presented system considers separating the three states: 1) Static Human, 2)

Human-free, 3) Moving Human. The presented system is tested with a double TTW

(DTTW) configuration, which is a more challenging scenario, to demonstrate the robust-

ness against signal attenuation. Since the periodic structure of human breathing causes a

periodic pattern on RF signals, this can be used as a distinctive feature for the presence

detection of static human behind the wall. When there is a moving person in the environ-

ment, very obvious changes are observed on the received signal. Therefore, the variance

of the signal can be used to separate the moving human state from the others. It is shown

in various experiments that the proposed machine learning-based method achieves over

99% accuracy for the detection of both static and moving human in double TTW scenario.

It is also validated with the real experiments that the proposed system can be used in a

new environment without retraining the machine learning model. Second, we present a

human-machine interaction application which is a device-free air-writing recognition sys-

tem that classifies 26 capital letters using RF signals. The potentials of use of RF signals

for air-writing applications are investigated. In the receiver, two oppositely polarized (hor-

izontal and vertical) antennas are placed. Thus, a polarization diversity is provided. The
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polarization diversity improves the recognition accuracy of the proposed system. The user

does not need to hold a sensor or device while writing the letters in the air. In addition, we

develop a letter segmentation algorithm based on variance-thresholding to distinguish the

data segments that contain air-writing activity. The letter segmentation provides an exact

matching of the DCT coefficients belonging the same letter written in different speed and

magnitude. The machine learning-based recognition system uses 126 samples for each

letter. We use SVM classifier to recognize the air-written letters. It is shown with ex-

periments conducted with real measurements that the proposed system achieves 95.15%

accuracy for a reasonable size writing area in the classification of 26 air-written letters

and outperforms the fairly new WiFi-based air-writing recognition approaches. It is also

shown that the proposed method can recognize the air-written letters in a different place

from the environment where the model is trained, with a slight loss of performance, and

leveraging polarization diversity improves the overall accuracy of the system.

5.1. Future Works

The presented systems in this thesis contain some limitations that will be interesting to

explore in the future. In this section, we review these limitations for future research. In

the proposed RR estimation systems, the monitored person is expected to be as motion-

less as possible. Signal changes caused by large-scale body movements suppress small

changes due to breathing, which causes the system to miss minute movements such as

breathing at these moments. If the person moves, the motion detection algorithm can

sense these movements, and the RR estimation algorithm is not performed in the time of

the movement. However, RR estimation is still not possible in the presence of any type of

large-scale body movements and environmental motions. Therefore, the problem of RR

estimation when there is a motion in the environment is an open research field. Another

open research problem is multi-person RR monitoring which is not explored enough yet.

Most of the existing studies are built on the idea of monitoring one person. However, this

is not compatible with practical scenarios. It is an important requirement to be able to

monitor more than one person’s RR at the same time. In the proposed air-writing recog-

nition system, the performance of the system is affected by the position of the person.

However, a larger data set can be created by taking measurements for different positions

of the person, and a highly accurate and robust system can be developed using this data set
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in deep learning techniques. In this thesis, the effect of practical factors such as distance

and carrier frequency on the performances of RF-based applications has been investigated.

In addition, the theoretical limitations of these factors and analysis of frequency are left

to future works. In addition, the proposed RF-based systems can be fused with systems

that use different sensor technologies. Using combined data of different type sensors can

increase the diversity and improve the system accuracy. In addition, the data sets collected

for all RF-based applications performed in this thesis will be shared publicly to ensure the

reproducibility of the results.
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