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1. Introduction

1.1 Background

The recent advances in embedded intelligence, connectivity and interaction tech-

nologies have allowed pervasive objects from our daily life to interact with each

other to reach goals set by novel applications and services. This emerging com-

munication and computing paradigm is often referred to as Internet of Things

(IoT), and it utilizes the Internet to link the physical world to the information

(virtual) world [1]. It is a radically large and highly dynamic distributed system

with a massive number of entities producing and consuming information [2] to

form a common operational picture (COP) for different (novel) applications and

services [3]. Therefore, IoT enables ubiquitous computing and networking by

making the benefits of the technology an inseparable part of daily life [4], which

may unprecedentedly alter the behavior of its users [5].

Toward reaching the ubiquitous networking paradigm, mobile communication

systems are first implemented using short-range wireless local area networks.

Later, wireless sensor networks (WSNs) [6] have been developed as low-cost and

short-range local area wireless networks to interconnect sensing and actuating

elements. These short-range wireless communication technologies have suc-

cessfully replaced wired networks, and recently, they have become ubiquitously

available in our everyday environment.

The performance of the short-range wireless communication networks is af-

fected by the human body. Wherever we are, we inevitably interact with electro-

magnetic (EM) energy emitted by these systems, and alter the characteristics of

the EM wave impinging on the receiver antenna. This effect is often referred

to as multi-path fading [7, 8], and it alters the communication performance of

wireless transceivers by changing the radio propagation channel. However, the

variation in the propagation channel also indicates the presence and/or action

1
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of a human in close proximity the the link-line1. This opportunity has recently

been used for sensorless sensing [9], device-free localization (DFL) [10, 11], peo-

ple detection [12, 13] for occupancy assessment [14], respiration rate monitoring

[15, 16], fall detection [17], and activity recognition [18, 19]. These systems use

the intrinsic received signal measurements of the radio receivers, and therefore

they are referred to as RF sensor networks [20].

The most discriminative property of RF sensor networks compared to alterna-

tive technologies is their ability to work without human cooperation. This allows

one to gain situational awareness of the environment unobtrusively, enabling

development of ubiquitous applications. The technology has already been used

for ambient-assisted living [21], residential monitoring [22], security and emer-

gency surveillance [23], and intrusion detection [24]. It is also an alternative to

traditional technologies used for roadside surveillance [25], forest monitoring

[26], people counting [27], and occupancy assessment for home automation [28].

Therefore, the application possibilities of these networks are many, and they

can be used in various ubiquitous scenarios that may emerge as the technology

evolves.

The RF sensor networks can be built using any low-power and short range

communication technology, which can output a direct or indirect measurement

of the propagation channel. For example, IEEE 802.15.4 based devices, wireless

local area network (WLAN) devices based on IEEE 802.11 family standards,

and RFID [29, 30] have already been investigated. The performance of the

mentioned applications, regardless of the communication technology, depends

on how well the variation of the propagation channel can be measured. As the

quality (resolution in terms of both bandwidth and amplitude) of the channel

measurements increases, the phenomenon of interest can be better inferred.

However, higher quality channel measurements also imply more complex and

expensive systems. In this regard, received signal strength (RSS) is a very

attractive option since it is ubiquitously available also on low-cost devices2.

In this thesis, the RSS measurements of narrowband wireless communication

systems are discussed in depth, and the variation of the measurements with the

person’s location and movements are investigated.

1The artificial line connecting transmitter and receiver node is referred to as link-line.
It is also referred to as line-of-sight (LoS).
2Throughout the thesis, we use RSS to refer to signal strength measurements. This is
not limited RSS indicator output of narrowband radios. On the contrary, any measure
of the signal strength, such as amplitude of the channel estimates, is covered.
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1.2 Motivation, Objectives and Scope

RF sensor networks enable device-free localization, respiration rate monitoring

and gesture recognition using intrinsic measurements of radio receivers. These

networks can be deployed for various purposes as pointed out in the previous

section. Although these applications can also be realized using high complexity

radio propagation channel measurement devices, for example Radar systems,

RF sensor networks are low-cost and easy to build alternatives. They can be

deployed in numbers using commercial off-the-shelf (COTS) entities, or they can

be realized by adding a software feature to the networks that are deployed for

some other purposes. Correspondingly, RF Sensor Networks are important in a

number of practically significant aspects.

Location is one of the fundamental parameters that define physical phenomena,

and is a recurrent theme in many different application areas. One may wish to

locate oneself, other people, or significant assets. Traditionally, light, infrared

and thermal sensors are used for inferring the location and movements of objects

in indoor environments. However, these systems require either significant

illumination of the object of interest or an unobstructed region between the

object and the sensor. As opposed to these sensors, RF systems operate with

EM waves, which can penetrate non-metallic walls, propagate in smoke-filled

rooms or in obstructed environments [31, 22, 32, 33]. Although in some use-case

scenarios the people and objects may be equipped with active tags that can be

located [34], there are some security, emergency and military applications where

either it is impossible to equip the user with a tag or he/she is not willing to

cooperate with the system [20]. In these cases, RF sensor networks are the only

cost affective alternative.

The emergency and security situations can be better dealt with when a high

level representation of the status, or COP, can be provided to the management

bodies. In these situations, ad-hoc networking and localization services play a

critical role [23], since it is not possible to use solutions relying on infrastructure

communication systems. In this regard, RF sensor networks can localize people,

and identify their current activity [19] using short-range ad-hoc wireless net-

works. Auxiliary teams may deploy a network of an appropriate number of nodes

to cover the region of interest, and configure its operation quickly. The high

level management may have an access to the status of all individuals, including

operatives and victims (or foes), while the underlying network may still be used

for acquiring other sensory information. Therefore, RF sensor networks may

improve the response quality of the emergency and security teams.
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Most of the accidents that require immediate attention happen at home, and

falls are the most common accidents [35]. The risk of having a severe injury

after a fall increases with age. This striking fact, along with the projected 2.1

billion population of elderly people3 by 2050 [36], has attracted a lot of attention.

Currently several information and communications technologies, which are also

known as ambient assisted living4 (AAL) systems, are being investigated for

their usability to help and monitor elder people in their everyday life. Although,

none of the existing solutions can provide all the sensing, communication, and

processing aspects of AAL systems due to their diverse set of requirements

[37], RF sensor networks are a promising solution for localization, security,

respiration rate and activity monitoring while conveying other sensing/actuation

information over the network [38].

Utilization of RF sensor networks for AAL applications is advantageous for

a numerous reasons [39]: i) the technology is built with COTS wireless nodes,

which is cheaper than other alternatives, ii) wireless nodes can co-exist with

other wireless communication technologies operating in the same band, iii)

the wireless nodes can be used simultaneously for conveying sensory/actuation

data, and iv) and finally, the technology is device free, which is crucial for

elderly care. The channel-derived measurements of the nodes may be used

for detecting emergency situations that require immediate action, for example

falling down [17, 19], and an expert system can alert the care givers about the

situation. Similarly, the respiration rate can be monitored for abnormality and

inform the healthcare service providers. Furthermore, daily activities, such

as visiting the kitchen and staying in the living room, may be identified and

tracked for abnormality [22]. Therefore, RF sensor networks can be used for

AAL applications, and may help elder people to live independently.

The application and use-case possibilities of RF sensor networks can be

achieved within the practical limitations imposed by the underlying measure-

ment system. The most restrictive constraints originate from the measurements

themselves, as they define the information content that can be used for inferring

the parameters of interest. For example, for low-power, low-cost and short-range

COTS networks, it is the amount of propagation channel related information car-

ried by the RSS measurements of the radio receiver. In this thesis, the primary

objective is to model the RSS measurements of narrowband radio receivers. In

addition to this effort, these measurements must be processed either to achieve

3People with age 60 or older.
4This term first appeared in the European Framework Program (http://www.
aal-europe.eu) to describe the use of information and communication technologies in
people’s daily life to help them stay active, remain social, and live independently.
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a better signal-to-noise ratio (SNR) or to use the models for estimating/detecting

several parameters of interest. Correspondingly, the secondary objective of the

thesis is to use the developed models for processing the measurements to reach

the goals set by the application.

The scope of this thesis is focused on the RSS measurements of narrowband

radio receivers. Although the RSS models also have an important usage in other

areas such as link quality assessment [40], adaptive transmission power control

[41], and node localization [34], they are not considered in the following chapters.

Furthermore, the application scenarios are selected to validate the models under

varying conditions. For example, very important multiple people use-cases [42]

are not included in the thesis. Although the models are valid under general

conditions, their utility in multiple people scenarios is not covered.

1.3 Contributions

The publications summarized in this thesis are all related with the general sub-

ject of RF inference using narrowband wireless devices. The main contributions

to the research field is to enable optimized deployments and low-complexity

systems that can be used in several use-cases. This is made possible as a result

of several contributions enumerated below.

A.) It is shown that the radio propagation channel can be modeled with three

temporal states. In previous works, two states are used for the cases when

there is no fading and there is significant fading [43, 33], following two

state temporal characterization of the indoor propagation channel [44]. A

reflection dominating state is added to the two state model by separately

considering the cases when the person is not blocking the LoS, but still

altering the EM waves reaching the receiver. Inclusion of the new state not

only yields a better model, but also enables possibility to infer phenomenon

of interest in larger area around the link-line.

B.) It is shown that the RSS under static channel conditions is a log-normal

random variable. In related works, the observed log-normality has been

motivated using log-normal shadow fading arguments [45, 46], which

cannot be used in several practical deployments. In the research of this

thesis, it is identified that the underlying reason for the observed log-

normality is due to logarithmic transformation taking place in a typical

RSSI system.

C.) Both deterministic and statistical models for each state are derived. The

models are validated both qualitatively and quantitatively using empirical
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data.

D.) The impact of breathing on RSS measurements is modeled based on the

reflection state model. The requirements for successful respiration rate

monitoring deployments are identified, and different estimators are evalu-

ated under varying SNR conditions.

E.) Several signal processing methods for successful breathing rate estimation

are identified using the models. It is shown that the SNR of the measure-

ments can be improved by suitable filtering. Furthermore, it is identified

that the motion other than inhale and exhale interferes with the breathing

induced signal, making it difficult to estimate breathing rate.

F.) A setup that allows acquisition of high quality measurement data is devel-

oped. The setup is composed of an autonomously navigating robot, which

can accurately localize itself in indoor environments, and a container filled

with liquid that has the same electromagnetic properties as human tissue.

This setup has repeatable parameters.

G.) A practical RF sensor network management framework is introduced. The

framework fulfills long term deployment requirements of specifically these

networks.

H.) A tracking application that can localize targets using only one transmitter

and two receivers is presented. The models are used for both identifying

link-state transitions and locating the target.

I.) A low-complexity imaging-based localization system that can be imple-

mented on constrained processors is introduced.

J.) A comparative empirical evaluation of different radio tomographic imaging

(RTI) methods is conducted using the robot.

1.4 Structure of the Thesis

This thesis is a summary of Publications [I – VII]. The key developments and

results of these publications are summarized in the following way.

In Chapter 2, the RF sensor networks are introduced, and then, the basic

system components are presented from Publication I. The radio hardware compo-

nents taking part in RSS measurements are briefly discussed and the important

hardware parameters affecting the RSSI output are defined from Publication II.

The aim of the chapter is to introduce the RF sensor network components, their

practical problems, and the RSS measurement system. The concepts introduced

in this chapter are used in the following chapters.

The RSS models are summarized in Chapter 3, and their empirical validation

6
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is given in Chapter 4. The modeling effort is based on the EM wave propa-

gation physics, which is summarized before presenting the modeling scenario.

Thereafter, the deterministic and statistical models are given in the respective

order. The models are summarized from Publication II, Publication III and

Publication V. The models are validated using both an idealistic test subject,

a robot, introduced in Publication IV, and a practical test subject, a human.

The measurement setups are introduced before giving both qualitative and

quantitative evaluation of the models.

The presented models are used for developing several applications in Chap-

ters 5 and 6. The models are utilized for DFL purposes, and then they are

extended for respiration rate monitoring. First, a link-line monitoring applica-

tion is introduced to demonstrate both statistical and deterministic models from

Publication III. Second, the importance of having a robot test subject is demon-

strated with an experimental accuracy assessment of different RTI methods,

which is summarized from Publication IV. Third, the models are also used for

developing a low complexity localization system based on tomographic imaging,

which is introduced in Publication V. Finally, the models are extended to cover

respiration rate monitoring application in Publication VII. The conclusions are

drawn in Chapter 7.
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2. RF Sensor Networks

This chapter covers the basic research problems associated with RF sensor net-

work deployments which are summarized from Publication I and Publication II.

First, the most general deployment of an RF sensor network for environmental

sensing purposes is introduced, and the basic system components are presented.

The basic radio hardware components that take part in RSS measurements are

briefly discussed and the important hardware parameters are defined.

2.1 Background

The EM energy emitted by wireless communication devices is altered by interacting-

objects1 (IOs). The relative importance of the impact of a particular IO on the

received signal depends on several factors, the most important ones being link

distance d, distance between IO and TX dt, IO and RX dr, and the relative

size of the object with respect to these distances and wavelength, and also the

electrical properties of the object. Consequently, the EM energy received by the

RX can be used for identifying the actions and position of the IO affecting it if

all these parameters combine together to create a significant variation in the

received signal2.

Consider the human body as an interacting object altering the characteristics

of EM waves reaching the RX antenna. From a purely physical perspective3, the

human body is expected to create a significant impact on the received signal of a

communication system operating in the ultra high frequency (UHF) band when

the link distances are around a few tens of meters (or shorter), since

1We refer to any object altering the properties of propagating EM waves as an interacting
object. This definition includes also the human body.
2The significance of an impact can be defined with respect to the signal-to-noise ratio
(SNR) of the measurements. Although we refer to SNR in the following chapters, for now,
we just consider the conditions that yield either very large SNR (significant variation)
or very low SNR.
3A summary of the underlying physical mechanisms is given in Section 3.1
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Gateway

Figure 2.1. A typical RF sensor network deployment

i) the human body contains a large amount of water, which significantly

alters the incident EM energy,

ii) its average geometrical extent covers several wavelengths of EM waves.

Due to the chemical content of the human body, it absorbs most of the incident

RF energy. The most significant impact, however, is observed when the person is

in close proximity to the link-line. This observation can be used for inferring the

position and actions of a person by using the received signal variations of several

receivers deployed in an environment as visualized in Figure 2.1. Consequently,

RF sensor networks are typically built using personal area network (PAN) or

local area network (LAN) devices operating in industrial, scientific and medical

(ISM) bands at 2.4 GHz or higher.

The success of these systems is constrained by physical factors such as the

available information on the phenomenon of interest, and practical factors

such as network management complexity, energy requirements, computational

resource requirements and costs. The information available on the phenomenon

of interest depends on the aforementioned parameters, as well as the presence

and properties of other IOs in the environment, which is referred to as the

communication channel [47]. As the resolution, in terms of both bandwidth and

amplitude, of the channel measurements increases, the impact of individual

IOs on the signal can be better resolved and the phenomenon of interest can be

better inferred.

One of the most important properties of RF sensor networks is the possibility

to built them using COTS) wireless communication devices operating in the

ISM band. These devices typically provide some communication channel derived

measurement to allow link-quality assessment required by the medium access

control (MAC) layer of the radio. This property allows one to use already avail-

able solutions for practical problems. However, as these measurements are not

optimized for environmental sensing applications, the operational parameters

and management requirements of the RF sensor network deployments must be
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reconsidered.

2.2 Basic Measurement Requirements

In this section, we first introduce a radio propagation channel model, and then

give the operational requirements of RF sensor networks.

2.2.1 Radio Propagation Channel

Consider a wireless link between separate TX and RX devices. The emitted

EM wave is altered by several IOs in the propagation medium by scattering,

reflecting or refracting the EM wave [48, Part II]. These mechanisms typically

generates new waves traversing different paths before reaching the RX antenna.

At the RX, the signals of all the paths are summed, resulting in the phenomenon

known as multipath fading.

From the received signal perspective, the impact of the propagation environ-

ment on each multipath component is simply to multiply the transmitted signal

with an attenuation factor, add some phase depending on the electrical proper-

ties of the IO, and delay it due to the finite propagation speed. Correspondingly,

the complete propagation channel is usually modeled as a time-varying linear

filter [8] with an impulse response given by

h(t,τ)=
N(t)∑
i=1

αi(t)e jψi(t)δ(τ− τ̃i(t)), (2.1)

where N(t) is the number of multipath components at a given time, αi(t), ψi(t),

and τ̃i(t) are the amplitude, phase and the arrival time of the ith multipath

component in respective order, and δ(·) is the Dirac delta function.

The channel model in Eq. (2.1) represents the discrete nature of the number

of IOs in the environment. However, in practice, a radio receiver can only

discriminate the multipath components that have large enough strength and

arrival times that are separated longer than the time granularity (sampling

period) of its analog-to-digital converter (ADC). In discrete-time, for a practical

receiver Eq. (2.1) reads as

h[k, l]=
N∑

n=1

αn(k/W)eψn(k/W) sinc(l−τn(k/W)), (2.2)

which results from the sampling theorem for a band-limited impulse response

with bandwidth W [49, Ch. 2]. Due to the decay of the sinc(·) function, the

components that have arrival times smaller than the sampling period combine
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together. Consequently, the strongest multipath components have the highest

impact on the observed channel realization after the ADC of the receiver.

The number of taps with significant amplitude in the tapped delay line model

in Eq. (2.2) is dictated by the duration of the transmitted pulses and the sampling

rate of the receiver, which in turn define the bandwidth W of the channel impulse

response. In this regard, the wideband communication systems have a higher

number of taps, and can measure the impact of different multipath components.

In case the sampling rate is very high (e.g. for ultra-wideband communication

systems), even densely spaced components can be resolved. On the other hand,

for narrowband communication systems, it is customary to take N = 1 (see,

for example, [48, Sec. 7.2]), and assume that all the observed effect of the

propagation channel is captured by a single complex quantity,

h[k]≡ h[k, l]=α[k].

2.2.2 Sampling Requirements

In order to capture the variation of communication channel due to the interacting

objects’ actions, the channel measurements must be output faster than the

bandwidth dictated by the coherence time of the channel. The coherence time

of the channel depends on its Doppler spread due to the movements of the

interacting objects [50, pp. 203–205], and within this time interval the channel

is usually assumed to be constant. For an interacting object moving with speed

v, the maximum Doppler spread fm (in Hz) and the associated coherence time of

the channel Tc are defined as

fm = v
λ

, TC ≈ 3
4
�
π fm

,

where λ is the wavelength of the communication system. For example, for v =
1 m/s and λ= 0.125 m, the coherence time is TC ≈ 52.9 ms, which implies that

the channel must be sampled approximately every 26.45 ms in order to satisfy

the Nyquist criterion, or at least every 52.9 ms when the channel is assumed

stationary within this interval. For example, in Publication III, the channel is

sampled approximately every 32 ms when the person moves at v = 0.5 m/s.

2.2.3 Frequency Diversity Requirements

The number of and distribution of IOs in an environment dictates the number

of and arrival times of the multipath components reaching the RX antenna.

The spread of these delays, in turn, dictate the correlation among channel

measurements from a different portion of the spectrum. The frequency band on
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which the channel impulse response has a constant amplitude and linear phase

is known as the coherence bandwidth of the channel [50, p. 202]. It is inversely

proportional to the RMS delay spread of the channel στ,

BC ∝ 1
στ

,

and dictates the maximum frequency separation between the waves that are

affected by the same channel gain α(t). Consequently, if an environment is

cluttered so that there are a large number of multipath components in Eq. (2.1),

BC is expected to be small. On the contrary, when the environment is open, the

coherence bandwidth is very large. In this regard, for cluttered environments the

frequency diversity provides a means to increase the number of different channel

measurements, whereas for open environments it can be used for improving

the SNR of the measurements. In the latter case, the coherence time of the

channel must also be taken into account. For example, in Publication VI, channel

diversity is used for improving the SNR of the measurements.

2.3 Measurement Setup and Its Components

In general, a measurement system is composed of a dense wireless network and

a gateway as shown in Figure 2.1. The network is formed by nodes which are

placed in predefined positions and allowed to communicate with each other in a

predefined manner. The nodes typically access the medium according to a simple

transmission schedule which dictates that at a time instant only one of the nodes

is transmitting while the others are listening. The gateway is simply a computer

attached to a sink node, which is capable of controlling the network and sniffing

the ongoing communication within the network. The computer stores the data

for later use and/or processes that data to infer the phenomenon of interest.

RF sensor networks are mesh networks of COTS nodes. Correspondingly,

the solutions provided by the physical (PHY) layer specification are typically

used for solving EM wave propagation problems, such as carrier and symbol

synchronization. The medium access is controlled by the mechanisms of the

MAC specification. Moreover, the underlying communication does not need

to follow sophisticated network layer rules for routing and convenient data

exchanges because of the simplicity of the topology. However, these networks

need to be operated to acquire as many measurements as possible altered by the

same channel realization.
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Figure 2.2. Topology of an RF sensor network

2.3.1 Transmission Schedule

The connectivity graph of an RF sensor network is shown in Figure 2.2. Since

each broadcast must be received by all the neighbors, the transmissions must

obey the time division multiple access (TDMA) rules and/or must follow round-

robin (R-R) transmissions. The sink node is the first in the schedule and it

begins every round of communication. In TDMA implementations, each node in

the network transmits at its own time slot. In a pure R-R schedule there is no

strict time slot for transmissions, but they are triggered by reception from the

previous node in the schedule. Furthermore, the network can communicate in

different frequency channels to alleviate the accuracy of the system as discussed

above. Therefore, a typical RF network requires a schedule, which determines

the participating nodes, the order of the medium access, and the frequency

channel(s) of the transmissions, while keeping the delay between transmissions

minimal.

A transmission schedule of an RF sensor network must be designed according

to constraints imposed by the propagation channel and number of nodes in the

network. In this regard, a generalized method can be created by minimizing

the delay between transmissions, which is dictated by the sampling rate of the

channel measurements. For RSSI-based systems, the maximum achievable

sampling rate depends on

i.) Sampling rate of the radio and the number of samples used in RSS calcu-

lations,

ii.) Output policy of the RSSI system. For example, the radio may output

RSSI only once for each received frame.

14



RF Sensor Networks

N
od

e 
2

N
od

e 
3

N
od

e 
N tim

e

T
x 

C
h 1

R
x 

C
h 1

R
x 

C
h 1

R
x 

C
h 1

R
x 

C
h 1

R
x 

C
h 1

T
x 

C
h 1

R
x 

C
h 1

R
O

U
N

D
 K

R
O

U
N

D
 K

+1

R
x 

C
h 1

R
x 

C
h 1

R
x 

C
h 1

T
x 

C
h 1

T
x 

C
h M

R
x 

C
h M

T
x 

C
h M

T
x 

C
h M

R
x 

C
h M

R
x 

C
h M

R
x 

C
h M

R
x 

C
h M

R
x 

C
h M

R
x 

C
h M

R
x 

C
h M

R
x 

C
h M

N
od

e 
1

(a
)M

ul
ti

-S
pi

n
sc

he
du

le

(b
)A

lt
er

na
ti

ve
sc

he
du

le

F
ig

ur
e

2.
3.

M
ul

ti
-f

re
qu

en
cy

tr
an

sm
is

si
on

sc
he

du
le

s
fo

r
an

R
F

se
ns

or
ne

tw
or

k
of

N
no

de
s

co
m

m
un

ic
at

in
g

ov
er

M
ch

an
ne

ls
.R

ed
do

w
n

ar
ro

w
s

re
pr

es
en

ts
tr

an
sm

it
ti

ng
no

de
s,

an
d

gr
ee

n
up

ar
ro

w
s

re
pr

es
en

t
re

ce
pt

io
ns

.

15



RF Sensor Networks

For a frame-level output policy, the transmission of a single frame of length

LC bits with data rate RC bits/s takes LC/RC seconds, which dictates the achiev-

able frame transmission, or RSSI measurement, rate. In this regard, keeping

the frame lengths as small as possible is the key requirement for keeping the

transmissions rates as high as possible. For this purpose, the scheduled node

broadcasts only the most recent measurements it has acquired. The broadcast

information is received by the sink node, and then relayed to the computer.

The first transmission schedule that appeared in the literature is called Spin

[51], which is a token passing medium access scheme [52, Ch. 6]. The nodes

access the medium in R-R fashion, and they create a static schedule depending

on their unique identifiers. The receiving nodes also track timeouts to be able to

transmit at a suitable time instant in case of reception failures. Spin is extended

by the Multi-Spin protocol [21], which allows communication over several fre-

quency channels; after a token passing cycle on one channel is finished, the

network switches to the next channel at the same time as shown in Figure 2.3a.

The Multi-Spin protocol has some drawbacks in slightly cluttered environ-

ments due to its channel switching operation. For a network of N nodes, the

network switches to the next channel after N slot durations, which prevents a

possible SNR improvement in slightly cluttered environments that have a large

coherence bandwidth, but small coherence time. This drawback is addressed

by the schedule introduced in Publication I, which is visualized in Figure 2.3b.

The transmitting nodes emit frames on all channels in an R-R fashion. This

approach yields better performance in slightly cluttered environments.

2.3.2 Network Management and Long-term Deployments

The schedule shown in Figure 2.3b requires explicit start frames (commands)

from the sink node (node 1). This allows tightly manageable deployments as the

sink node can actively alter the participating nodes, which is very important for

battery-powered nodes. Therefore, long-term RF sensor network deployments

require a schedule that can be altered by the control computer.

Battery-powered operation of the nodes restricts the lifetime of an RF sensor

network. For example, without any further consideration of energy consumption

and keeping all of the hardware components on, a sensor node can only operate

for a few days. Especially for long-term deployments, energy efficiency is as

important as inference algorithm performance. Therefore, the utilized wireless

technology is preferably the one addressing energy constraints by providing

intrinsic support for energy management based on various mechanisms as it is

for WSNs [6]. For example, most of the PAN nodes usually provide interfaces
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to turn off the radio, change the power mode of the processor, switch between

different processor clock frequencies, cutting the power consumption to a fraction.

These functionalities must be effectively utilized by enabling a subset of nodes to

communicate at each round, while letting others to switch to low power modes.

The utilization of battery-powered, low-energy and low-cost wireless networks

brings forth reliability concerns, as the long-term operation of these systems

depends upon multitudes of low-cost subsystems. As argued by Tolle and Culler

[53], long-term deployments require tight monitoring and an expert-system like

alerting functionality implemented as an integral component of the gateway.

This can be achieved by monitoring all the links in the network, which is

quadratic with the number of nodes and linear with the number of channels, and

activating the ones that are necessary at a given time. In this case, each schedule

round in Figure 2.3b must configure the activated nodes, and the operational

parameters. The gateway must also run the inference algorithm to allow online

modifications in the operational parameters, and display the results on a screen

or share them as part of a larger networked system. These can be achieved

using gateway software having the components shown in Figure 2.4.

2.3.3 Wireless Node

The requirements related to the measurement setup outlined above are ful-

filled by the pRoot nodes introduced in [54]. This node is capable of running

moderately complex applications on the hardware while providing scalability

between power consumption and computational resources using an architecture

shown in Figure 2.5. As shown, the node is composed of basic components, which

provide wireless communication capability and some peripherals, and exten-

sion components that enable in-node resource management for adaptive scaling

in different operating conditions. The architecture itself is built to address

time synchronized operation within the node, while tightly tracking/controlling

the power of different components. These responsibilities are divided between

basic components and extension components, which can exchange data and

commands/responses using a high speed communication interface.

The computational and peripheral resource availability of the pRoot node

is maintained by the hardware modularity as depicted in Figure 2.6. The

current implementation of the node is composed of a CC2431 system-on-chip

module that has an integrated IEEE 802.15.4-2006 compliant PHY/MAC [55]

implementation, and an ARM7TDMI-S based main processor with extensive

peripherals. For the conducted experiments, only a single slave module is

attached to the basic stack: the generic slave module. This module extends the
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Figure 2.5. The hardware model of pRoot node [54]
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Figure 2.6. The stackable hardware modules of pRoot node

resources needed by the basic stack including the available volatile memory and

non-volatile memory. In particular, it has 128 kilobytes of static random access

memory and high-capacity secure digital memory.

An example implementation of an RF sensor network for device-free localiza-

tion (DFL) purposes is introduced in Publication I. Interested readers are invited

to investigate the details of the implementation from the original publication.

2.4 Received Signal Strength Measurements

The RSS is the received signal power calculated over a certain time duration,

and it depends on the propagation channel, interference sources in the envi-

ronment, transmission power and constant gains of the radio hardware. When

the interference sources can be ignored and the radio gains are constant, the

RSS varies solely due to propagation channel variations, which also enables

RSS-based environmental sensing systems.

In modern digital receivers with quadrature demodulators, the RSS is calcu-

lated using digital samples of in-phase (I [k]) and quadrature (Q[k]) channels

as described by Gu [56, Sec. 4.6.2.3]. A simplified RSS measurement system,
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Figure 2.7. A simplified RSSI measurement system

shown in Figure 2.7, outputs the received signal strength indicator (RSSI) val-

ues, which are a digital representation of RSS in a logarithmic scale that has

Q quantization levels. The common receiver components (e.g. filters, low-noise

amplifiers and automatic gain control units) can be represented in terms of the

parameters of the components in the figure. Therefore, the shown system is

general enough for RSS modeling purposes.

Suppose that a narrow-band signal s(t) is transmitted at time instant t. If

the propagation medium is constant for the time period of the RSS calculation

window, the received baseband signal can be written as [47, Sec. 13.3]

x(t)= α̂s(t)+ n̂(t), (2.3)

where α̂ = �gt grα is the channel gain (including constant transmitter side

gt and receiver side gr gains), n̂(t) is assumed to be a zero-mean circularly

symmetric complex white Gaussian noise process with two-sided power spectral

density N0/2. If the round-off error rn and quantization noise for the RSSI

system in Figure 2.7 are ignored, the RSS calculated using K digital samples of

the complex signal x(t), x[k]= α̂s[k]+ n̂[k], can be written as

P = 10log10

(
1
K

K∑
k=1

|α̂s[k]+σn[k]|2
)

, (2.4)

where n[k]� n̂[k]/σ and n̂[k] are zero mean circularly symmetric complex Gaus-

sian discrete-time random process with samples that have equal variance σ2

in the real and imaginary components. For a digital receiver, the in-phase and

quadrature components of the received signal are sampled with a two-channel

analog-to-digital converter, which outputs the I [k] and Q[k] samples shown in

Figure 2.7 after analog preprocessing and before digital processing starts. Thus,

we have α̂s[k]+σn[k]=I [k]+ jQ[k] for j =�−1.

Let us make the following definitions for notational convenience:

X̄K � 1
K

K∑
k=1

∣∣∣∣ α̂σ s[k]+n[k]
∣∣∣∣
2

, ζ� Ps

σ2 , (2.5)

where X̄K is the noise variance normalized RSS in linear scale, and Ps �
1
K
∑K

k=1 |α̂s[k]|2 is the signal power in x(t), ζ is the SNR of the received sig-

nal. Then, the RSS measurement is given by

P = 10log10(σ2)+ 10
ln(10)

ln
(

X̄K
)

. (2.6)
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In order to gain further understanding of the RSS output, let us investigate

the case where the number of samples K is large. For this purpose, let us expand

X̄K as

X̄K = ζ+ 1
K

K∑
k=1

2ℜ
{
α̂

σ
s[k]n∗[k]

}
+ 1

K

K∑
k=1

|n[k]|2 , (2.7)

where ℜ{·} is the real part of a complex number, and ∗ denotes the complex

conjugate. The first sum in Eq. (2.7) is a weighted (with finite power weights

s[k]) sum of the zero-mean and finite variance independent and identically

distributed Gaussian random variables n[k]. As K →∞, this sum approaches

to zero almost surely due to the strong law of large numbers (SLLN) for the

weighted sequences with conditions fulfilled by s[k] and n[k] [57, Theorem 3.4].

The second sum approaches to the mean of |n[k]|2 almost surely due to the

SLLN. Consequently, the RSS P converges to a scalar given as

lim
K→∞

P (K)= 10log10(σ2)+10log10 (2+ζ) . (2.8)

In case the propagation channel is stationary, it has been shown in Publication

II that the logarithmic transformation used in the RSS measurement system

makes the RSS P Gaussian distributed with an approximate mean equal to

Eq. (2.8) even for small K . Therefore, the time average of P over M time

samples reads as

1
M

M∑
m=1

P [m]≈ 10log10(σ2)+10log10 (2+ζ) . (2.9)

The environmental sensing applications, in general, use the variation of the

RSS to identify the impact of the interacting object of interest compared to

the reference measurements, which are acquired when the object is not in the

monitored region. Thus, if the mean of the reference RSS measurements in the

logarithmic scale in Eq. (2.9) are subtracted from all the measurements, the

RSS measurement at time sample k is given by

r[k]�P [k]−P r = 10log10

(
X̄K

2+ζr

)
, (2.10)

where P r is the mean of the reference RSS, and ζr is the SNR value of the

received signal for the static propagation channel realization. Furthermore, if ζr

is much higher than 2, the impact of the constant gains of the radio hardware

cancels out. Then, for high ζr values, Eq. (2.7) can be used for approximating

r[k] as

r[k]≈ 20log10

( |α[k]|
|αr|+ (2/

�gt gr)

)
+10log10

(
1

ζ[k]
1
K

K∑
k=1

|n[k]|2
)

. (2.11)

21



RF Sensor Networks

Since the actions of the interacting objects merely change the channel gain α[k]

(correspondingly ζ[k]), r[k] is a convenient measurement metric for environmen-

tal sensing purposes.

In the above derivations, the impact of the round-off error rn and quantization

noise for the RSSI system in Figure 2.7 are ignored. In general, these errors are

not statistically independent of the input, but under certain conditions on the

input distribution, they become uncorrelated [58]. Statistical characterization

of the round-off errors rn depends on the implementation of the linear scale

RSS estimator. However, when Q is low so that the conditions of the first

order quantization theorem (approximately) hold, the well known Shepard’s

corrections, which increase the second moment, are valid. In this case, the only

impact of the round-off error is to decrease the SNR ζ (due to increased σ2).

The impact of the RSSI quantizer can be included in the RSS model consid-

ering the similar arguments as stated for the round-off error. However, by the

definition of X̄K in Eq. (2.5), its variance decreases with increasing K , making

the quantization noise neither white nor uncorrelated with the input [58]. For a

low-dynamic range quantizer, one can still find the mean and variance of the

quantizer output using the corrections given by Kollár [59]. The parameters of

the resultant log-normally distributed RSSI is given in Publication II. For high

SNR values (higher than 5 dB), the mean of the RSSI is approximately equal to

the mean given in Eq. (2.8), and its variance is increased depending on its mean,

quantizer free variance and quantization level. Consequently, in the following

part of the thesis, we use the processed RSS model given by

r[k]= 20log10

( |α[k]|
|αr|

)
+ν[k], (2.12)

where ν[k] is the joint noise process of all noise sources including white radio

noise, round-off errors, quantization noise, and any source of uncertainty due to

modeling errors, and its variance depends also on the current SNR value ζ[k].

In Eq. (2.12), the term 2/(
�gt gr) is ignored since the transmitter and receiver

side gains are usually much higher than 4.

2.5 Discussion

RF sensor networks are deployed for acquiring the RSS measurements altered

by the same realization of the propagation channel. This aim brings forth several

practical problems, which require reconsideration of the available solutions. In

Publication I, the network management problem is addressed, and a transmis-

sion schedule that allows tight control for low-power networking is introduced.
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The provided solution not only enables tightly manageable RF sensor network

deployment, but also allows system monitoring and integration with a larger

system that can use localization information for creating a new dimension for

a common operational picture [23]. Therefore, the provided solution is a con-

siderable step-forward to reach practical RF sensor network realizations for

long-term and real-world deployments.

The RSS measurement system studied in Publication II and shown in Fig-

ure 2.7 is composed of all the system components that can be generalized to

include the parameters of the other practical hardware elements. In this chapter,

it is shown that, under static channel conditions, both sample and population

averages converge to the deterministic quantity given in Eq. (2.9) when the

effect of quantization and round-off errors are ignored. In Chapter 3, the effect

of quantization is included, and it is shown that the RSS in a logarithmic scale

acquired under static channel conditions has a log-normal distribution.

The topics covered in this chapter are the basis for the developments related to

RF sensor networks. The management framework summarized from Publication

I is used in the empirical validation of the other publications. The measurement

model in Eq. (2.12) is the basic assumption of the RSS models summarized in

Chapter 3.
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3. Received Signal Strength Models

In this chapter, the received signal strength (RSS) models are presented based

on the RSS measurement model

r[k]= ξ[k]+ν[k],

ξ[k]� 20log10

( |α[k]|
|αr|

) (3.1)

where α[k] is the complex channel gain during the time sample k, αr is the

channel gain when the environment is static, and ν[k] is the joint noise process,

which contains wideband noise sources as well as all the uncertainties that

cannot be captured by the model.

In this chapter, the underlying physics of the EM wave propagation is sum-

marized before presenting the modeling scenario. Thereafter, the deterministic

models for ξ[k] and the statistical models for r[k] are presented in the respective

order. The content of this chapter is summarized from Publication II, Publication

III and Publication V.

3.1 Physical Considerations

In this section, the underlying physics of the interaction of objects with EM

energy is briefly reviewed. First, the antenna radiation characteristics are

summarized. Then, the effect of different interacting objects on EM waves is

discussed.

3.1.1 Transmission and Reception with Passive Antennas

The EM wave propagating on a guided transmission line (e.g. carefully designed

copper track on a printed circuit board) is converted to a wave propagating in

an unbounded medium (e.g. free space) by antennas as shown in Figure 3.1.

The antennas are driven by the time-varying conduction current i(t) along the

z-axis. Passive antennas are reciprocal transducer devices; they can convert the
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Figure 3.1. The radiation of the electromagnetic wave from a thin line dipole antenna, propa-
gation spherical coordinate system (ρ̂, θ̂,φ̂), and plane wave approximation at the
receiver

EM waves from an unbounded medium to the waves in a guided medium. In

other words, the receiver-side antenna also outputs the conduction current i′(t).

Consequently, the wavelength and strength of the transmitted EM energy are

defined by i(t), and the receiver operates on i′(t).

The transmitter antenna visualized in Figure 3.1 emits a spherical EM field

that can be best represented in a spherical coordinate system with unit vectors

(ρ̂, θ̂,φ̂) defining the radial ρ̂, elevation θ̂ and azimuth φ̂ directions. The wave

has a constant phase on a sphere (also known as spherical wavefront), which

is co-centered with the transmitting antenna. This spherical surface can be

approximated by a plane, if its radius of curvature is much larger than the

largest linear dimension concerning the problem of interest. In this regard, a

spherical wavefront is approximated by a plane at the receiver side if the largest

geometrical dimension of the receiver antenna yields a phase error of less than

π/8 radians. This condition is also known as the far-field region of an antenna

[60, ch. 3]; it is valid for points with ρ dimension satisfying

ρ ≥ 2l2

λ
, (3.2)

where l is the largest geometrical dimension of the antenna.

Suppose that both receiver and transmitter antennas are operated in their

far-field regions. Then, the spherical EM wave can be approximated as a uniform

plane wave, which has uniform properties on a plane. The wave equations have
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a simpler solution for uniform plane waves in source free regions. For uniform

plane waves, the vector product of the electric field intensity and the magnetic

field is defined as the Poynting vector, the half real part of which is the time

average power density Π=Π(θ,φ)ρ̂ in the direction of propagation ρ̂. Then, the

differential transmitted power through an elemental area δA = δAρ̂ is given by

δP=Π(θ,φ) · ρ̂δA =Π(θ,φ)δA.

Since the differential area element in spherical coordinates is defined as δA =
ρ2 sin(θ)δθδφ, and the solid angle δΩ subtended by the differential area element

δA is defined as δΩ= δA/ρ2, the total power through a sphere with radius ρ is

given by

P= ρ2
∫
Θ

∫
Φ

Π(θ,φ)sin(θ)δθδφ= ρ2
∫
Ω

Π(Ω)δΩ.

Finally, since antennas have directivity, the radiated power is not uniform at all

solid angles. Thus, for an antenna with F(θ,φ) normalized radiation intensity,

the total power through the same sphere above reads as

P= ρ2Πmax

∫
Ω

F(θ,φ)δΩ,

where F(θ,φ)=Π(θ,φ)/Πmax, and Πmax is the maximum magnitude of the power

intensity.

The relation between power intensity and delivered power for the antennas

dictates the affective area of the antennas, which is defined as

Ae = Pint

Πi
, (3.3)

where Pint the intercepted electromagnetic power that can be delivered to a

matched load, and Πi is the incident power intensity. The affective area of an

isotropic radiator is given by

Ae = λ2

4π
.

Let us suppose that a transmitting short dipole antenna with gain gt and

normalized radiation intensity Ft(θ,φ) radiates Pt Watts of power. The power

intensity on a sphere with radius ρ is Π so that a receiver dipole antenna on the

same sphere with gain gr and normalized radiation intensity1 Fr(θ,φ) intercepts

Pr Watts given by

Π= gt
Pt

4πρ2 Ft(θ,φ), (3.4a)

Pr =Πgr
λ2

4π
Fr(θ,φ)= gt grPt

(
λ

4πρ

)2

Ft(θ,φ)Fr(θ,φ). (3.4b)

1The directivity of the antennas are defined with respect to the other antenna, i.e., in
Ft(θ,φ) the angles (θ,φ) are with respect to the direction of the receiving antenna. A
reciprocal definition holds for Fr(θ,φ).
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Figure 3.2. Illumination of an interacting object with electromagnetic energy emitted by an
antenna. The gray cone is the solid angle subtended by the area of the antenna
beam, and the red cone is the surface area of the object seen by the antenna. The
re-radiated energy is intercepted by the receiver antenna. The blue cone is the area
subtended by the re-radiated beam.

This last equation is known as the Friis Transmission Formula [61], and it can

be used for calculating the received power of direct waves as well as the waves

reflected from a specular surface, i.e. smooth surface, which will be investigated

later in this section.

3.1.2 Interaction with Objects

Interaction with Point Objects

Consider an IO illuminated by an EM wave emitted by a dipole antenna as

in Figure 3.2. The power intensity at the object’s location is, then, given by

Eq. (3.4a). The receiver, on the other hand, observes some of the incident energy

which is re-radiated2 by the IO. The received signal power depends on the

incident and scattering directions, as well as on the properties of the involved

antennas. Consequently, the impact of an IO can be modeled in terms of the

concepts introduced in the previous section.

Let us suppose that the target is dt m away from the antenna radiating a

signal of Pt Watts with gt gain. Then, the total re-radiated power is given by

Prer = gt
Pt

4πd2
t

Ft(θ,φ)�(θ,φ), (3.5)

where �(θ,φ) is the radar cross section of a point target, which has units of area

(m2). If the re-radiated power is intercepted by an antenna dr m away from the

IO, then substituting Pt in Eq. (3.4b) with Prer, we obtain

Pr = gt grPt
λ2

(4π)3d2
t d2

r
Ft(θ,φ)Fr(θ,φ)�(θ,φ), (3.6)

2The re-radiation is commonly referred to as scattering in the Radar literature.
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Figure 3.3. In (a), radiation of electromagnetic wave from a thin line dipole antenna in ρ direction,
and its interaction with an elliptic cylinder standing in the direction of the antenna
alignment. In (b), incidence plane (with normal in +z direction) that contains both
direction of propagation and the surface normal of the interacting object. In (c), plane
approximation of the elliptic object due to a large radius of curvature.

which is known as the bistatic radar equation.

The radar equation pertains to objects that can be attributed as point objects3.

As visualized in Figure 3.2, the point object’s surface seen by the antenna leads

to a solid angle much smaller than the solid angle of the antenna beams. For

bistatic configuration, the solid angles of both receiver and transmitters must

satisfy the point target definition. One consequence is any large object (e.g.

an airplane or a human body as in Figure 3.2) can be seen as a point object

sufficiently far away from both transmitter and receiver antennas, and it is

possible to represent them with a single scalar field, radar cross-section. The

radar cross-sections of simple point object geometries are given in [62, ch. 3],

and can be used for developing simplified models for re-scattering by complex

objects.

Interaction with Large Smooth Objects

The most general solutions of the EM wave equations are very complex. Consider,

for example, an idealized propagation scenario shown in Figure 3.3a, where a

3Such objects are also referred to as a point target or point scatterer [60, p. 171]
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Figure 3.4. Interaction of an electromagnetic wave with large smooth objects

dipole antenna radiates an EM wave, which interacts with a cylindrical IO. One

of the widely used approximations is to represent the three-dimensional problem

in two dimensions by considering the wave incidence in terms of the direction of

propagation and the interacting object’s surface. The plane that contains both

the direction of the propagation vector and the surface normal, is referred to as

the plane of incidence, and shown in Figure 3.3b. The re-scattered wave can be

calculated in two dimensions by considering only the components with respect

to the plane. A further simplification can be achieved for large objects with

surface that subtends significant solid angles with respect to the position of both

the transmitter and receiver. The geometry of such smooth (curved) surfaces

is approximated with a plane if their radius of curvature is greater than the

wavelength [62, ch. 4]. This last approximation is shown in Figure 3.3c.

If the interacting object is in the far-field of the antenna, the EM wave is a

planar wave, which has transverse electric field intensity and magnetic field

vectors. In other words, the components of these vectors can be defined with

respect to their alignment to the incidence plane. It is common to define compo-

nents parallel to the normal of the incidence plane as perpendicularly polarized

(perpendicular to the plane) or horizontally polarized. The components that

are perpendicular to the normal of the incidence plane are defined as parallel

polarized (parallel to the plane) or vertically polarized. Now, for the alignment

visualized in Figure 3.3, the electric field intensity only has perpendicularly

polarized component since the incidence plane has a normal along the +z direc-

tion.

For perfectly smooth surfaces, the EM wave interaction with an object is

governed by the laws of geometrical optics. In particular, the reflection (trans-

mission), and refraction effects can be determined using the constitutional

parameters of the free-space and the object’s interior, and the direction of arrival

of the incident wave as visualized in Figure 3.4. Suppose that a plane wave is in-

cident on the object’s surface in the direction of ρ̂ i. Some of its energy is reflected

in the direction ρ̂r, and some of it is transmitted to the second medium and re-
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fracted so that it continues to propagate in a new direction ρ̂t. The transmission

direction depends on the constitutional parameters of the mediums, which are

electric permittivity ε, magnetic permeability μ, and conductivity. Depending

on these parameters and the incidence angle θ, Snell’s law of reflection (θi = θr),

Snell’s law of refraction, the polarization of the incident wave, along with the

boundary conditions of the electric and magnetic fields yields that the ratio

between the reflected power intensity and incident power intensity is a square

of the Fresnel Reflection coefficient. For the considered scenario composed of

a dipole aligned on the +z direction, the wave has perpendicular polarization,

and when the first medium is the free space (with parameters: permittivity

ε0, permeability μ0), and the second one is a non-magnetic dielectric with zero

conductivity, the Fresnel reflection coefficient is given by

Γ= cos(θ)−
√

εr −sin2(θ)

cos(θ)+
√

εr −sin2(θ)
, (3.7)

where θ = θi = θr, and ε1 = ε0, ε2 = εrε0 and μ1 = μ2 = μ0. For more complex

dielectric mediums, the conductivity is non-zero, making the relative permittivity

εr a complex quantity; so that Γ is also a complex quantity. Consequently, the

reflected power intensity magnitude can be written as

Πr = |Γ|2Πi. (3.8)

For smooth surfaces, the reflected EM wave does not change the medium, but

the EM field encounters some losses due to differences in the parameters of the

surfaces. Furthermore, the boundary conditions of the electric and magnetic

fields imply that some of the components are continuous, and they travel only

longer distances. In other words, Friis transmission formula in Eq. (3.4) for

wave reflected from a smooth surface can be written as

Pr = gt grPt

(
λ|Γ|

4π(dr +dt)

)2

Ft(θ,φ)Fr(θ,φ), (3.9)

where dr is the distance between the reflection point and the receiver antenna,

and dt is the distance between the reflection point and transmitter antenna.

Interaction with Large General Objects

If the considered IO has a large surface that subtends significant solid angles

with respect to the position of both transmitter and receiver, the relation between

the incident wave and the re-radiated wave depends on the wavelength of the

radiated wave, the object’s geometry and the fine structures on its surface, and

its electrical parameters. Any fine structures above the mean surface is modeled

with a height function above the approximating plane, and the EM interaction
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with smooth surfaces is drastically different than the interaction with surfaces

that have significant (uncorrelated) height variation. A surface of an interacting

object is classified with respect to its degree of roughness, which is defined as

R = 2π
λ

s, (3.10)

for surfaces with a root-mean-square (RMS) height of s. The degree of roughness

is a measure of how smooth a surface is, and there are different criteria to

evaluate the roughness [63]. In radiometric remote sensing literature, Rayleigh

criteria and Fraunhofer roughness criteria are checked to assign a surface as

being smooth [60, ch. 10]:

R <

⎧⎪⎨
⎪⎩

0.8 Rayleigh Criterion

0.2 Fraunhofer Criterion

For a large cylinder, the RMS surface height is almost zero, which implies that

such a surface is smooth according to both of the criteria.

In case the object has a non-zero RMS height, the reflected EM energy has

two components: coherent and incoherent. The coherent component is the

reflected wave due to reflection from the mean surface, and the non-coherent

component is due to scattering of EM energy in different directions (since the

surface has height variations). Correspondingly, the energy of the reflected

(coherent) component is reduced by an amount given by

Γcoh =Γexp
(
−4
(2π

λ
scos(θi)

)2)
, (3.11)

where θi is visualized in Figure 3.4. The incoherent component has a power

intensity magnitude given by

Γinc =Γ

√
1−exp

(
−4
(2π

λ
scos(θi)

)2)
. (3.12)

Consequently, for large objects having a non-zero roughness, the intensity of the

reflected power decreases as the roughness increases. For slightly rough surfaces,

however, the coherent component of the reflected EM wave is dominating, and

can be observed in the RSS measurements.

Interaction with Edgy Objects

The Fresnel reflection coefficient based calculation of the EM wave interaction

with a general IO is based on the following assumptions [64, ch. 3]:

i.) The EM wave must be a locally plane wave at the point of interaction. As

we have discussed above, this condition implies that the object is in the

far-field of the transmitting antenna.
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Figure 3.5. Interaction of an electromagnetic wave with edgy objects. The receiver antenna is
on a point shadowed by the object (the gray region). The received signal cannot be
determined using geometrical optics terms, and is a result of diffraction.

ii.) The IO’s surface is reasonably large with known constitutional parameters.

These assumptions imply that the wavelength must be short compared to all the

involved distances, including the dimensions of the object, the distance between

the object and the antenna, and the distances between individual interactions.

Once these assumptions are satisfied, geometrical optics can be used (as we have

used in the preceding subsections) to solve a large number of propagation and

antenna problems with reasonable accuracy.

Consider a propagation scenario depicted in Figure 3.5. Geometrical optics

predict that the receiver in the region shadowed by the object cannot receive

waves emitted by the transmitter. However, this prediction is only valid when

there is no energy transition to the shadowed region, which is not correct in

practice. The propagation of EM energy to the shadowed region is diffraction.

One approach to model the diffraction of the EM wave is through the Huygens-

Fresnel principle4. This principle is used for calculating diffracted waves over

an absorbing plane, or knife-edge. A sounder mathematical basis of this idea is

known as the Kirchhoff Diffraction Theory or Physical Optics based diffraction.

The mathematical derivations are straightforward and can be found, for example,

in [65, Sec. 8.3], and is based on two boundary conditions, known as Kirchhoff ’s

Boundary Conditions:

1. The object is a perfect absorber at the operating wavelength.

2. The EM fields are continuous outside of the object.

The solution of the wave Helmholtz equations using these boundary conditions

can be expressed in terms of the Fresnel integral functions [65, Sec. 8.7].

4This principle is a combination of Huygens’ construction and Fresnel’s postulate on
interference [65, ch. 8]. According to Huygens’ construction, every wavefront may be
considered as a secondary source of spherical wavelets. And, this construction can
be used in finding diffracted waves using Fresnel’s postulate that these new wavelets
mutually interfere.
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Figure 3.6. The diffraction zones for a convex smooth surface

The knife-edge diffraction can be used for predicting the effect of obstructions

when the specific structure of the IOs are not important. One approach is to

extend geometrical optics to include diffraction using Fermat’s principle5 as

has been done by Keller [66]. This result is known as the Geometrical Theory

of Diffraction, which extends the Fermat’s principle to find the existence of

diffracted rays. Once the diffraction point is determined, the diffracted field is

found by using either the measured or calculated diffraction coefficients. The

geometric theory of diffraction is improved by the Uniform Theory of Diffraction

[67] by finding accurate diffraction coefficients that are valid in the transition

regions between the reflection and shadowing zones shown in Figure 3.6. The

benefit of the uniform theory of diffraction over knife-edge diffraction in pre-

dicting propagation path losses is on its ability to include the object’s properties

(including its constitutional parameters and geometry) in the formulation [68]

at the cost of a significant increase in complexity.

Interaction with Human Body

The interaction of the human body with the EM wave is with respect to the

interaction mechanisms discussed above. For the EM wave with wavelengths

around 10 cm, the human body is almost smooth so that the coherent reflected

energy is dominating. Thus, the electrical properties of the human body define

the amount reflected (coherent) power. Considering humans, clothing is the di-

electric boundary, and (dry) human skin is the second reflection layer. Therefore,

an accurate model for reflection can be developed by taking into account the

antenna polarization and gain pattern, the electrical properties of the multiples

of dielectric boundaries, human body geometry and the position with respect to

the link-line.

The relative permittivity of common textile materials are εr = 1.5− 2 in

2.4 – 2.5 GHz [69], and for human skin εr = 38 in the same frequency band

[70]. Such values of εr implies high reflected RF power for all incidence angles.

Furthermore, when the transmitting antenna is standing in the direction per-

5Fermat’s principle states that the EM wave travels from source to destination along
the path that requires the least time.
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Figure 3.7. An idealistic deployment scenario for model development

pendicular to the plane of incidence (+z axis in Figure 3.3), the electric field

intensity of the emitted wave is oriented along the same axis so that the reflected

waves only have perpendicular polarization, which yields a negative Fresnel

reflection coefficient for all incidence angles. Consequently, for such configura-

tions, the ratio between the reflected signal amplitude and the incident signal

amplitude Γ is a non-negative real scalar whose sign contributes additional π

radians to the phase of the reflected wave.

When a person obstructs the link-line, the reflected path does not impinge on

the RX antenna, i.e. RX is in the shadow region of the person (cf. Figure 3.6). In

this case, the uniform theory of diffraction can be used for finding the continuous

diffraction coefficient, whose validity is independent of whether the person is in

the reflection region or in the diffraction region. However, this continuity comes

at the cost of complexity. We will later give a knife-edge diffraction based model

which can be used for approximating the observed field in the shadowing region,

and a reflection based model is valid for the reflection region. These two simpler

models can be switched using the excess path length traversed by the reflected

wave.

3.2 Modeling Deployment Scenario and Basic Assumptions

For modeling purposes, consider an idealistic deployment of a single transmitter

and a receiver pair in a completely empty environment except for a single

interacting object (IO) as visualized in Figure 3.7. For such a scenario, accurate

RSS models can be developed if the measurement system fulfills the following

conditions.

3.2.1 Conditions on Antennas

The antennas directly alter the transmitted and received signal as can be seen

from Eq. (3.4). Therefore, one can achieve a general model only if the following

conditions are fulfilled by the antennas so that the RSS is not altered by either
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the polarization or orientation of the antennas.

I. The antennas of both transmitter and receiver have an ideal frequency

response and gain patterns so that they do not alter the received signal.

II. The antenna polarization is such that the floor and ceiling do not create

multipath components. This conditions implies, for example, that the

antennas are aligned in the +z-direction and vertically polarized for the

reference frame and deployment in Figure 3.7.

3.2.2 Communication System Conditions

The modeling effort is greatly affected by the communication system, which

defines both the properties of the emitted EM waves and the deployment ge-

ometry. Above all, the environmental sensing applications can be built using

sophisticated wideband systems. However, commercially available off-the-shelf

narrowband radios have their own practical advantages, including but not

restricted to availability and cost.

Communication Band

The most important parameter imposed by the communication system is the

wavelength, which affects all the underlying physics as we discussed in the

previous section. Considering both coherent and incoherent scattering, an RF

sensor network should operate in a band with wavelength that is significantly

smaller than the average geometrical extend of the human body.

The centimeter wavelengths are much smaller than the average geometrical

extent of the human body so that it can be treated as a large surface. For link

distances of several meters, an average human body subtends significant solid

angles with respect to the position of both TX and RX antennas. For example,

for a communication link operating in the 2.4 GHz ISM band, the person can be

treated as a large object for links around (or less than) 10 m.

The wavelength around 10 cm also allows one to approximate the human body

as a smooth surface. Although the small body parts (e.g. fingers, ears etc.) yield

a small RMS height, which in turn makes the roughness in Eq. (3.10) small,

their impact is negligible compared to the area of large parts such as the torso

and legs. Therefore, a suitable network for environmental sensing purposes can

be built using communication systems operating in the 2.4 GHz ISM band.

Deployment Conditions

As we have discussed in the previous section of this chapter, the geometry of

the link dictates whether an IO acts as a point object. A related impact is on

36



Received Signal Strength Models

the amplitude of the coherent and incoherent parts of the reflection coefficient

given in Eq. (3.11) and Eq. (3.12) respectively. As the object gets close to the

link-line, i.e., θi ≈ 90◦, the impact of surface roughness diminishes. On the other

hand, as the incidence angle approaches to normal incidence, the impact of

incoherent scattering increases. Considering these observations along with the

simplification conditions, the deployment must fulfill the following requirements.

I.) The distance between TX and RX antennas is selected so that the geomet-

rical extent of the IO subtends significant solid angles from the positions

of both RX and TX so that it is not a point scatterer for either of the nodes.

II.) The separation and height of the antennas are adjusted such that the three-

dimensional problem can be accurately approximated in two dimensions.

Considering the scenario in Figure 3.7, the IO can be approximated in

two dimensions if its height (in the +z direction) is such that no new EM

waves are created from the boundary, or the created waves do not have a

significant amplitude when they reach the RX antenna.

Other Simplifying Assumptions

The RSS measurements can be better modeled with respect to the IO’s position

and actions if the RX radio has a phase coherent receiver. For such radios,

the arrival instance of the first multipath component with significant power is

explicitly defined [47, pp. 290–326], and assigned as a reference (with phase

0◦). In other words, for these radios, it is easier to draw the relation between

temporal variations in the propagation channel and the changes in the RSS,

since the reference time ambiguity of the received signals of different multipath

components is resolved by the receiver. In sequel, we assume that the shortest

path component6 has the reference phase (usually by setting its phase to zero

radians), and the phases of the other components are assigned by referencing to

the phase of this component.

3.3 Deterministic Characterization

Consider a propagation scenario with a single IO in a completely empty envi-

ronment, as shown in Figure 3.7. In addition to the unaltered LoS multipath

component, some new components will be created due to the reflection and

scattering from its surface. A signal reflected from a point, which is dt m to

TX and dr m to RX, traverses an excess path length Δ m compared to the path

6The shortest path multipath component is also referred to as LoS component.
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length traversed by the LoS signal, that is

Δ� dt +dr −d. (3.13)

Since the propagation speed c0 is constant, the shortest path component reaches

the RX antenna first, and the coherent receiver synchronizes to it. Then, the

reflected signal reaches the RX antenna after a time delay of τ=Δ/c0 s.

A typical radio is only sensitive to the signals with strength above the sensitiv-

ity threshold of the receiver. Considering the propagation losses only, the radio’s

sensitivity dictates the maximum excess path length a component can travel

before it falls below the threshold, defining a sensitivity region of a TX-RX pair

[71]. If an IO is moving outside the sensitivity region, the multipath components

affected by the object have very small strength. The effective propagation chan-

nel remains stationary and a single realization of the fading process is observed.

Thus, the noise process ν[k] dictates r[k] in Eq. (3.1), i.e, ξ[k]≡ 0.

If the IO starts to move toward the link-line, at some point it enters the

sensitivity region of the link. After this, the receiver starts to observe the impact

of the IO due to mechanisms discussed in the previous section. For large IOs

such as the human body, both diffuse scattering and coherent scattering7 [60,

Sec. 5.10] affect the received signal. For the human body, it is expected that the

reflection (coherent scattering) is dominating as earlier reported by Ghaddar

et al. [73]. The reflected waves can cause constructive and destructive fading

depending on their excess path length Δ. Moreover, as Δ decreases the amplitude

of the reflected signal increases so that the RSS is altered more and more [50,

pp. 114-125].

The considered propagation process changes significantly as the IO gets closer

to the link-line. In particular, as the excess path length Δ of the reflected wave

gets smaller than a quarter of a wavelength, the RF signals traverse through

and around the object’s surface as they diffract and refract. When the object

is in the just mentioned region but not obstructing the LoS (referencing to

Figure 3.6, the receiver is in the transition region between the shadowing zone

and reflection zone), and if the object is a perfect absorber, then the refracted

wave does not effect the received signal. In this case, the LoS signal experiences

significant diffraction due to the edges of the object’s geometry. In this region,

neither knife-edge nor geometrical optics (i.e., reflection) are able to predict

the observed signal accurately. Yet, it can be argued that the diffraction model

7In the remaining part of the thesis, we refer to the coherent component scattered
from the smooth human body surface as the reflected component, and the diffuse (or
non-coherent) component as the scattered component following the convention used in
the environmental sensing literature, e.g. [72].
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Figure 3.8. Transitions between dominating electromagnetic wave propagation mechanisms

better represents the observed physical phenomenon, and has been used in the

literature [46, 74].

As the IO finally reaches the link-line and obstructs the LoS, a significant RSS

decrease is observed. When the object is in this state, its body effects the EM

waves with various mechanisms – possibly simultaneously. They may transmit

through and may bend around the object at the same time, if one ignores the

complicated mechanisms taking place while the wave traverses through the

object’s interior. When the object is a human body, this state is widely referred

to as human-induced shadowing [75, 76, 77] due to the observed large decrease

in signal strength.

For the described movements of the IO, the RSS measurements experience

transitions among four different states as depicted in Figure 3.8. Although

the transition from non-fading state to fading state (where reflection is the

dominating propagation mechanism) is defined by the radio hardware, the

transition from the reflection-dominated state to the diffraction-dominating

state, or to the shadowing state, are not well defined since more than one

mechanism is effective simultaneously. This problem is usually ignored since for

a UHF wave, these transitions are within a half of a wavelength distance (e.g.

for carrier frequencies around 2.4 GHz this distance is approximately 6 cm).

The state dependence of the RSS measurements in Eq. (3.1) is solely due

to the propagation channel variation, which alters the channel gain α[k] and

correspondingly the SNR ζ[k]. The RSS measurement model in the state S

dependent form is defined as follows:

ξ[k]=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

N [k] S =Non-fading state

R[k] S =Reflection state

D[k] S =Diffraction state

S [k] S =Shadowing state

(3.14)

In the remaining part of this chapter, both statistical and deterministic models

for all states are revised.
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3.3.1 Non-fading State

If the considered IO in Figure 3.7 is outside of the sensitivity region of the link,

and under the conditions stated in Section 3.2, the Friis transmission formula

in Eq. (3.4) implies that the received signal power can be written as

P r =P0 −10η log10(d/d0)+ν, (3.15)

where P0 is the RSS at a reference distance d0, and η is the path-loss exponent

generalizing the Friis formula for more complex environments compared to free

space. Therefore, the reference measurements in a static environment can be

parameterized using the link length d and path loss exponent η. This model

is also known as the large-scale propagation model and log-distance path loss

model [50, ch. 4]. In the light of Eq. (2.11) and for gt gr  2, the channel gain

can be written as

αr =α0(d/d0)−η/2, (3.16)

where α0 is the channel gain at the reference distance d0.

In non-fading state there are no other changes in the propagation medium

as compared to the medium when the reference measurements are acquired.

Therefore, the propagation channel has the same realization; so that we have

ζ[k]= ζr, N [k]= 0, r[k]= ν[k]. (3.17)

3.3.2 Reflection State

Suppose that the communication system satisfies the assumptions and condi-

tions given in Section 3.2. In case the object is within the sensitivity region

40



Received Signal Strength Models

of the link, some of the electromagnetic energy emitted by the TX is reflected

from the surface of the dielectric IO and, there are two multipath components

reaching the receiver antenna: the LoS signal and the single-bounce reflected

signal. Although a narrowband receiver cannot discriminate between these two

components, the LoS signal arrives first at the receiver antenna. Then, the

received signal for the transmitted narrowband signal s(t) is given by

x(t)=α1s(t)+α2e− jφs(t−τ2)+ n̂(t), (3.18)

where φ = 2π fcτ2 = 2πΔ fc/c0, c0 is the free-space propagation speed, and the

parameters shown in Figure 3.9.

When the IO has a smooth surface, the reflected component dominates the

scattered component. For this case, the Friis equation in Eq. (3.9) is also valid as

we have discussed in Section 3.1. Suppose that both LoS signal and the reflected

signal experience the same realization of the fading process. The amplitudes of

the components decrease with the (−η/2)th exponent of the traversed path-length

as in Eq. (3.16). Also, the Fresnel reflection coefficient Γ for the deployment

shown in Figure 3.7 always adds π radians of additional phase to the reflected

signal. Consequently, the channel gains of the components can be written as

α1 ≈ d−η/2, α2 ≈−Γ (d+Δ)−η/2 . (3.19)

Since the reference channel measurements in the non-fading state also have the

same channel gain α1, the RSS model in the reflection state can be written as

[Publication III and Publication V]

R[k]=10log10

(
1+ Γ2

(1+Δ[k]/d)η

)
+

10log10

(
1−2Γ

(1+Δ[k]/d)
η

2

Γ2 + (1+Δ[k]/d)η
cos(2πΔ[k]/λ)

)
.

(3.20)

3.3.3 Diffraction State

As we have discussed in Section 3.1, the diffraction phenomenon is very complex

and an approximate solution is usually sought. In the environmental sensing

literature, the diffraction-based models that have appeared so far are based

on knife-edge diffraction, which is developed based on Kirchhoff ’s diffraction

theory under the assumption that Kirchhoff ’s boundary conditions are valid [65,

Sec. 8.3.2]. In this section, we summarize the knife-edge diffraction model using

excess path length parameterization, as earlier given by Durgin [78].

For the parameter definitions shown in Fig. 3.10, the effect of diffraction on
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the RSS can be written from the knife-edge diffraction formulation as

D[k]= 10log10

(∣∣∣∣1+ j
2

F
(

2

√
Δ

λ

)∣∣∣∣
2)

,

where j =�−1 and F (·) is the Fresnel integral

F (a)=
∞∫

a

exp
(

j
π

2
τ2
)

dτ= 1+ j
2

− (C (a)+ jS (a)) ,

with

C (a)=
a∫

0

cos
(π

2
τ2
)

dτ, S (a)=
a∫

0

sin
(π

2
τ2
)

dτ.

Using these definitions, the diffraction model can be written as

D[k]= 10log10

(
1
2

[(
1
2
−C

(
2

√
Δ

λ

))2

+
(

1
2
−S

(
2

√
Δ

λ

))2])
.

(3.21)

The model in Eq. (3.21) assumes that the diffraction edge extends from −∞ to a

point defining the argument of the Fresnel integral 2
�
Δ/λ. For an upside down

configuration, the Fresnel integral must be calculated using (1+ j)/2+ (C (a)+
jS (a)), and accordingly the model reads as

D[k]= 10log10

(
1
2

[(
1
2
+C

(
2

√
Δ

λ

))2

+
(

1
2
+S

(
2

√
Δ

λ

))2])
.

(3.22)

The model in Eq. (3.21) and Eq. (3.22) assumes a single diffraction point and

the other edge at the infinity. If the diffracting object is small so that both edges
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are at comparable distances from the link-line, the model above is not valid. The

result for this case can be derived as has been done by Born and Wolf in their

seminal book [65, Sec. 8.7]. However, one crude model can be easily obtained by

summing the field intensities due to different edges as follows:

D[k]= 10log10

(
1
2

[(
1
2
±C

(
2

√
Δ1

λ

))2

+
(

1
2
±S

(
2

√
Δ1

λ

))2]
+

1
2

[(
1
2
±C

(
2

√
Δ2

λ

))2

+
(

1
2
±S

(
2

√
Δ2

λ

))2])
,

where Δ1 is the excess path length of the first edge and Δ2 is the excess path

length of the second edge; the ± value is defined by the edge configuration with

respect to the reference frame as discussed above.

It is to be noted the model above assumes that the extent of the interacting

object along the lateral direction (the z-axis for the reference frame shown in

Fig. 3.10) is infinite. For finite height objects, the accuracy of the model can

be improved by considering both the vertical and lateral diffraction profile of

the human body [74, 79]. For typical deployments of environmental sensing

applications, the antennas are placed around the chest or abdominal area of the

person, which yields a lateral length of several wavelengths. Hence, this effect

can be ignored.

3.3.4 Shadowing State

RF signals can diffract, scatter, reflect and attenuate upon contact with an

interacting object; making it a demanding task to accurately model the RSS

changes in the shadowing state. One option is to ignore the transmission of the

EM energy through the interior of the interacting object, and consider only the

diffraction around the body. In this case one can either use the rigorous theory

of diffraction to find the correct model, or use approximate models. Another al-

ternative is to model transmission through the body by using the linearity of the

losses in a logarithmic scale as earlier has been assumed in radio tomographic

imaging works, e.g. [80]. In this subsection, we review the latter approach and

give the empirical models introduced earlier in the literature, and review the

absorption-based model, introduced in Publication III.

Empirical Models

In literature, there are two well-known empirical models: the exponential model

proposed by Li et al. [76] and the exponential-Rayleigh model by Guo et al. [77].

In the exponential model, the variation RSS due to point IO is modeled to decay
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Figure 3.11. Absorption model geometry

exponentially with respect to excess path length Δ as

Sem[k]=Υe−Δ/Ξ, (3.23)

where β and ζ are model parameters determined using empirical data. The

exponential-Rayleigh model consist of two exponential decays given by

Serm[k]=Υ0e−Δ/Ξ0 +Υ1Δe−Δ
2/Ξ1 , (3.24)

where the first exponential decay captures the large losses caused by shadowing

whereas the second captures the constructive fading effects caused by reflection

when a person is in close proximity of the LoS.

Absorption Model

The absorption-based model can be derived using the basic principle of the

Radon transform [81, ch. 3], which is a line integral of the attenuation field

ς(x, y) along the link-line as visualized in Fig. 3.11. The total attenuation along

the line

y′ = xcosϑ+ ysinϑ− x′ (3.25)

can be written as

Pϑ(x′)=
∞∫

−∞

∞∫
−∞

ς(x, y)δ(xcosϑ+ ysinϑ− x′)dxd y, (3.26)

where δ(·) is the Dirac delta function. If the interacting object has an elliptic

cross-section with uniform electrical properties, i.e., ς(x, y)= ς, the line integral

in Eq. (3.26) yields

Pϑ(x′)=

⎧⎪⎨
⎪⎩
ς 2AB

a2(ϑ)

√
a2(ϑ)− (x′)2 if |x′| ≤ a(ϑ),

0 otherwise,
(3.27)
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where A and B are the semi-minor and semi-major axis of the ellipse and

a2(ϑ)= A2 cos2(ϑ)+B2 sin2(ϑ).

The total absorption model in Eq. (3.27) does not predict the empirical ob-

servation that the signals are attenuated more when the person is close to the

transceivers. This finding can be explained through Fresnel zones which are

concentric ellipsoids with a radius [50, pp. 126-135]

Fn =
√

nλdtdr

dt +dr
, (3.28)

where n is the Fresnel zone number. RF signals traversing through space have a

greater flux density in W /m2 the smaller the Fresnel radius is. Thus, the overall

attenuation is relative to the area that the person obstructs. Since shadowing

occurs only inside the first Fresnel zone (n = 1), this can be approximated by the

width of the person obstructing the first Fresnel zone divided by the radius of

the first Fresnel zone, i.e., A/F1.

For the considered deployment scenario, the frame of reference is defined with

respect to the link-line resulting that ϑ=−π/2 and x′ = −y. Now, the measured

decrease in the RSS is equivalent to summing up the losses along the link-line.

As a result, the deterministic absorption model [Publication III] can be expressed

as

Sabs[k]=−Pϑ(y)A

√
dt +dr

λdtdr
. (3.29)

3.4 Statistical Characterization

The variation of the RSS as a function of the IO’s position can be used for

statistical characterization. In this section, we give the statistical models for the

non-fading state from Publication II, and the reflection and shadowing states

from Publication III.

3.4.1 Non-fading State

In the non-fading state, the RSS has the same statistics as the noise process

ν[k], which are dictated by the statistics of XK defined in Eq. (2.5). By defini-

tion, XK is a Gaussian quadratic form, whose properties have been studied by

Turin [82]. This quadratic form yields a non-central chi-square random variable

with 2K degrees of freedom and non-centrality parameter Kζ [83]. However,

the logarithm of a non-central chi-square random variable has a very compli-

cated density function, as given in Publication II, leading to investigate the

approximate distributions yielding tractable density functions. One option is to
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approximate XK with a (central) chi-squared (or equivalently Gamma) random

variable as proposed by Patnaik [83], and used by Urkowitz [84]. The central

chi-square approximation contains a scale parameter and determines the de-

grees of freedom. The approximation can be improved by including a shift term

as has been done by Pearson [85] and Hall [86]. The shift term, however, may

yield negative values for small arguments, making the distribution undefined.

Once Patnaik’s central chi-square approximation is accepted, the analysis of

Bartlett and Kendall on logarithmic transformation [87] is valid, and the RSS

P approximately has Gaussian distribution.

As a consequence of the log-normal RSS, both P and P r are normal. Then,

the RSS in Eq. (3.17) is a normal random variable, with the mean and variance

given as Publication II

E{P }�μP = 10log10

(
σ2 2

K
1+ζ

2+ζ

)
+ 10

ln(10)
ψ(0)

(
K
4

(2+ζ)2

1+ζ

)
,

V{P }�σ2
P = 100

(ln(10))2
ψ(1)

(
K
4

(2+ζ)2

1+ζ

)
,

(3.30)

where ψ(1)(·) is the polygamma function of order 1 and ψ(0)(·) is the digamma

function [88, ch. 6].
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Figure 3.12. The variation of Kullback–Leibler divergence of different approximations of the
non-central chi-square random variable K X̄K , where X̄K is defined in Eq. (2.7)

In order to evaluate the quality of different approximations in the non-fading

state, one can compare the Kullback–Leibler divergence8 (KL-divergence) of dif-

ferent approximations of the non-central chi-square distributed random variable

XK � K X̄K . The variable X̄K is defined in Eq. (2.7), and XK has 2K degrees

8KL-divergence indicates how much information is lost when a distribution is approxi-
mated by another distribution [89, Section 1.6]. Although it is not straightforward to
interpret it quantitatively, KL-divergence indicates whether one approximation is better
than another. When an approximation perfectly fits to the original distribution its value
is zero, and increases as the approximation gets worse.
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of freedom and the non-centrality parameter Kζ, as shown in Publication II.

In Figure 3.12, the KL-divergence of different distribution approximations of

the XK variation with the number of samples K for ζ= 3 dB are shown. The

central limit theorem based normal approximation is poor when K is low. On

the other end, the (central) chi-square approximation provided by Patnaik [83]

has the highest accuracy. However, the logarithmic transformation of a chi-

square random variable has a complicated density function, whereas the derived

log-normal approximation is more appealing for analytical tractability. There-

fore, the log-normal approximation can be safely used as long as the number of

samples are above 32.

The impact of the quantizer with a quantization level Q can be included by

correcting the two moments in Eq. (3.30) using the results of Kollár [59], which

yield

μQ =μP + Q
π
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3.4.2 Reflection State

The amplitude of the reflected signal depends on the position, geometry, and

electrical properties of the person, whereas the time-delay τ2 solely depends

on the excess path length traversed by the reflected signal Δ. Thus, in the con-

sidered scenario there are two clusters of multipath components with different

amplitudes and arrival times. If the region is free of additional scatterers, the

amplitude decay of the clusters is the same and therefore, the received signal

power is obtained as the modulus sum of the multipath components raised to a

certain exponent. The described multipath propagation effect is known to yield

Weibull distributed fading [90, 91] for which the density function with the shape

parameter b and scale parameter a is given by

p (r;a,b)= b
a

( r
a

)b−1
exp

(
−
( r

a

)b
)

. (3.32)

In case the envelope follows a Weibull distribution, the signal power also follows

the Weibull distribution with the shape parameter b/2 [92, p. 26].

It is to be noted that the RSS in logarithmic scale P has a distribution of

the logarithm of the Weibull random variable. Due to the domain of Weibull
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distribution, it is possible to find a closed form of the probability density function,

but that effort does not bring any further practical gain.

When the interacting object is not shadowing the link-line but close to it, the

diffraction has a similar effect as the reflection. In this case, the receiver is in the

reflection region of the transmitter [93, Sec. 3.3], and the statistical arguments

above are all valid. However, when the person starts to block the link-line, the

process alters and the arguments of the next subsection are valid.

3.4.3 Shadowing State

As electromagnetic waves propagate through a person, they are reflected, diffracted

and scattered multiple times due to differences in the electrical properties of the

human tissue. However, the sizes of most kinds of the tissue are comparable

to the wavelength resulting that the path length traveled by different waves is

approximately equal. Consequently, the phase variation in the received signal

is negligible and it is possible to argue that the phase is deterministic. Thus,

the observed effect is solely on the amplitude so that the power of the received

signal is significantly reduced.

One approach to model amplitude fading in the shadowing state is to consider

the power transmitted through a person to be mostly scattered by the human

tissue. In this case, the electromagnetic waves are scattered by a large number

of irregular surfaces of different kinds of human tissue. As a consequence,

the received power intensity profile is expected to follow a gamma variate [94].

Similar arguments hold for slow-fading in mobile propagation channels where

the gamma distribution has been proposed to characterize shadow fading [95].

Therefore, the RSS in the linear scale can be assumed to follow the gamma

distribution with the shape parameter b and scale parameter a

p (r;a,b)= rb−1

abγ(b,0)
exp

(
− r

a

)
, (3.33)

where γ(·, ·) is the (upper) incomplete gamma function [88, Sec. 6.5].

It is to be noted that the arguments presented in the non-fading state are based

on the gamma approximation of the signal power in the linear scale X̄k defined

in Eq. (2.5). Since the SNR is significantly reduced in the shadowing state, the

gamma variate approximation improves, making the RSS in the logarithmic

scale approximately normal. Therefore, it is also possible to use more convenient

log-normal distribution in the shadowing state.
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3.5 Discussion

In this section, different aspects of the introduced models are discussed. For

the sake of completeness, the discussion starts with the most important models

from the literature. Thereafter, several factors affecting the model accuracy are

covered while the contributions of Publication II, Publication III and Publication

V are highlighted.

Chronologically, a large RSS decrease when a person was located along the

link-line is modeled first [75]. Later, Wilson and Patwari have shown that

the variation in RSS variance is linear with movements of a person [31], and

they have pointed out that reflection and scattering are two mechanisms that

can describe this variation [72]. The empirical exponential model accounts

for the decay in logarithmic RSS measurements when the person is within

the first Fresnel zone [76]. The Exponential Rayleigh model includes the first

constructive peak of the RSS variation [77], which is a slight generalization of

the exponential model. The knife-edge diffraction models [74, 46] require one to

take a (cylindrical) human model into consideration and assume that the human

body is an absorber (with a null reflection coefficient) in the first Fresnel zone.

The work by Savazzi et al. [46] assumes that the person’s centroid is on the

link-line, and this restriction is relaxed in the work by Rampa et al. [74] to the

interior of the first Fresnel zone.

The models alluded to thus far are valid in close proximity to the link-line,

and they assume a propagation channel with two temporal states [44]. In the

model presented in Publication III, a three-state temporal propagation channel

is assumed by considering that the RSS significantly varies in a region further

away from the link-line. In this region, it is already known that single-bounce

reflection [96] is the dominating effect for the human body [73]. In Publication

III and Publication V, it is shown that the variation in the RSS can be described

by this effect, and as we have summarized above, a simple parametric model

can be derived. The model depends on a single (reflection) point on the IO’s

boundary so that it does not require a precise geometrical model as long as the

Fresnel reflection coefficient Γ, and the transmitter and receiver positions are

known.

In the temporal characterization of the RSS, summarized in Section 3.3, four

states are shown. It is also discussed that the transition from the reflection-

dominating state to diffraction-dominating state, and from the diffraction dom-

inating state to the LoS-blocking state are not well defined. A better charac-

terization is in terms of a (multipath) fading state and a shadowing state as
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also shown in Figure 3.8. When the IO creates a new multipath component

that can be observed at the RX antenna, the channel is in the fading state.

Whereas, when the link-line is blocked so that the LoS signal is attenuated by

the body, the state is in the shadowing state. However, we refer to the fading

state as reflection state not to create a confusion with the fading process in a

traditional sense. Therefore, these three states are enough to characterize the

complete temporal variation of a link when an IO moves within the proximity of

its link-line.

The models presented in this chapter can be switched by estimating the excess

path length Δ. It is possible to use a single model based on the uniform theory of

diffraction which combines all the models, but requires a very precise geometrical

model and accurate knowledge of the distribution of constitutional parameters

of the IOs. An alternative is to use simpler models, such as the ones given in

Section 3.3, and switch to an appropriate model based on the Δ value. Although

one is free to choose the models in each state, it is shown with applications in

Chapter 5 that the reflection and absorption models performs better than the

other available models.

The presented models assume that the receiver synchronizes to the LoS signal.

This assumption holds when the LoS signal arrives first at the receiver antenna

and satisfies the conditions to start the synchronization sequence (of a coherent

receiver). If the LoS signal experiences large losses compared to other received

multipath components, the synchronization can fail. This can happen if the

antenna gain pattern is irregular and the link-line is not within the main lobe,

or because of the surrounding environment. Failure of the assumption implies

that the synchronized multipath component is likely to alter with small changes

in the environment and with small variations in the carrier frequency since

there are multitudes of non-LoS signals with similar strengths. However, in a

typical office and home environment most of the obstructing objects are highly

dielectric so that a communication system equipped with high-quality antennas

is very likely to synchronize to the LoS signal. Therefore, this assumption is not

very restrictive, but requires some attention when selecting the antenna and

deploying the system.

The validity of the reflection state model also requires that the human-induced

newly created multipath component has a significant strength, and it experi-

ences similar fading as the unaltered LoS signal. This assumption holds when

both signals experience similar losses such as penetrating through the same

wall. This assumption fails if the reflected signal experiences large losses, such

as traversing through a concrete wall, whereas the LoS signal only experiences
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path losses. In this case, the signal strengths are modulated by different realiza-

tions of the fading so that the associated pathloss exponents cannot be assumed

to be time-invariant and similar.

In the literature, the RSS under static channel conditions is assumed log-

normal [80, 33] based on the log-normal shadow fading model, following the

pioneering work by Agrawal and Patwari [45]. The log-normal shadow fading

model has been validated in the indoor channel modeling works [8, Sec. IV.B.6],

and it has been justified theoretically [97]. Among the other findings, the men-

tioned works conclude that the log-normal model is valid if the environment is

significantly inhomogeneous (so that the multiplicative central limit theorem

can be invoked) or the signals experience large shadowing (a low SNR ζ). In

either case, the relative contribution of multipath components experiencing

multiples of bounces to the RSS is higher than their contribution in homoge-

neous or obstruction free deployments. Conversely, if neither of the conditions

hold, the log-normal shadow fading argument is not valid, and alternative ar-

guments must be used. In Publication II, it is shown that the accuracy of the

log-normal approximation originates from the normalization transformation

[87], complementing widely used log-normal shadow fading arguments.

It is to be noted that the presence of a person in the propagation channel only

alters the SNR ζ by affecting the signal amplitude α. If one considers the first

two moments in Eq. (3.30) and their dependence on ζ, it should be evident that

either mean μP or variance σ2
P can be used for assessing the variation of ζ

due to a person’s presence or actions. Both approaches: i) RSS variation-based

methods [80], and ii) RSS variance-based methods [31], have been extensively

used in the literature.

To sum up, the models summarized in this chapter provide accurate charac-

terization of the observed RSS variations. These models are both qualitatively

and quantitatively validated in Chapter 4. They are used for building novel

localization applications and systems in Chapter 5. Furthermore, in Chapter 6

they are used for deriving a model to characterize the impact of respiration

on the RSS. Therefore, these models are general and accurate enough to to be

used in wide range of RF-sensing applications using the RSS measurements of

narrowband receivers.
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4. Experimental Model Validation

In this chapter, the models presented in the previous chapter are validated with

empirical data. The experimental setup components are first summarized from

Publication I, Publication IV and a related publication [54], and later the model

validation results are summarized from Publication III and Publication V.

4.1 Measurement Setup and Methodology

As discussed in Section 2.3, an RF sensor network is composed of short-range

wireless devices. In this section, we first introduce the wireless nodes used

in the experimentation, and then, we present a special test subject, a mobile

robot, which allows accurate model validation by enabling acquisition of high

quality data. Finally, we give the experimental methodology followed in all the

experiments.

4.1.1 Wireless Node

Figure 4.1. The receiver side data streams

The measurement setup-related requirements outlined in Sections 2.3 and

3.2 are fulfilled by the pRoot nodes introduced in [54], and summarized in

Section 2.3.3. For the conducted experiments, the main processor is used as

a data management center whereas the communication processor acts as a

data source or sink depending on the state of its embedded application. The

wireless communication-related measurements of the radio are acquired at the
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beginning of frame reception. The data generated by the receiver hardware is

conveyed to different data sinks as shown in Figure 4.1. This approach allows

us to reuse the same software for many purposes, for example an arbitrary

node can be selected as a sniffer to monitor the ongoing transmissions. The

transmission data streams are different for different experiments since for DFL

a management software tool controls the network operation, whereas for the

model validation experiments only a single transmitter is used.

During the experiments, the nodes are fixed on top of tripod stands approx-

imately 85 cm above the ground. They are equipped with different antennas,

and may operate with different frame transmission rates. All the experiments

are conducted with 0 dBm of transmission power, and follow the transmission

schedule described in Section 2.3.1.

4.1.2 Test Subjects

In the experiments, two test subjects are used. The first test subject is a human,

which allow rough validation of the hypothesis under test. The second test

subject is a mobile robot which provide a repeatable set of parameters, unlike

the human subjects.

Human Test Subject

In general, a male researcher of height 1.85 m, having normal posture and

wearing clothes made of normal textile material, makes the required movements

of the test. During the test, clothing is the dielectric boundary that the EM wave

interacts. When needed, the human body is represented as an ellipse in the

plane of incidence.

Mobile Robot

The mobile robot is Mobile Robots Pioneer 3DX [98]. It is equipped with an

inertial measurement unit, front and back sonar proximity sensors, and laser

range scanner [99] which are all attached to an on-board computer. The com-

puter estimates the robot’s position using all of the aforementioned sensors and

the environment map. The on-board computer has a dual-band wireless LAN

adapter, which allows remote control over a 5 GHz link, and it is also attached to

a sniffer node to synchronize the robot’s position logs to the RF sensor network’s

operation.

The robot has a total height of 1110 mm above the ground when a cylindrical

container is placed on top of it as shown in Fig. 4.2. The lateral dimensions of

the container are given in Fig. 4.3. Essentially, the container is composed of two
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Figure 4.2. Robot and human imitating container. All dimensions are in mm

cylindrical pipes, which are shown as grid-pattern regions in the figure. The

outer pipe has a 315 mm diameter, 10 mm thickness and is made of polyethylene.

The inner pipe has a 250 mm diameter, 5 mm thickness and it is made of PVC.

The volume between the pipes is filled with a liquid manufactured by Speag

[100] that has the same electromagnetic properties as human tissue in the 2.4

GHz ISM band. The container dimensions are selected based on the maximum

payload weight of the robot.

The robot geometry is a circular cylinder, which has a polyethylene boundary

that alters the incident EM wave. At 2.45 GHz, the relative permittivity of the

boundary is εr = 2.26.

Figure 4.3. Container top view. All dimensions are in mm
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Figure 4.4. The experimental setup and robot trajectory

4.1.3 Methodology

The experiments are composed of two phases:

i.) preparation, and

ii.) experimentation.

In the preparation phase, the network is not operational, and the experiment

environment is not known to the system. This phase starts with deploying the

node tripods in the region of interest. If the test subject is the robot, it is navi-

gated in the environment by an operator to acquire the distance measurements

of the laser range scanner. The acquired range scans are then used for creating

a detailed map of the region including the locations of the node tripods with

respect to an origin. This way the node positions can be determined with high

accuracy. Similarly, the relative positions of the obstructing static objects in the

region are determined with high accuracy. When the test subject is a person,

the location of the nodes are manually measured referencing to a predetermined

origin.

After preparation, the actual experiments are conducted. For the robot test

subject, it is either remotely operated or autonomously navigated. In either case,

its position estimates corresponding to the current network transmission are

stored on its on-board computer (thanks to the software of the nodes that enables

the multi-stream operation shown in Figure 4.1). This allows highly reliable RSS

acquisition synchronized to very accurate robot position estimates. When the

test subject is a human, the orientation and posture of the human is assumed to

be the same throughout the experiment. Furthermore, the other unintentional

movements are ignored, and considered as random disturbance to the normal

operating conditions. The movement path and pace are predetermined, and the

person tries to follow these.
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4.2 Empirical Validation of Spatio-Temporal Characterization

In Section 3.3, it is discussed that an IO can be in any one of the states depicted

in Figure 3.8. To validate that the presented characterization is coherent with

the measurements, the RSS shown in Figures 4.5a and 4.5b are acquired when

a robot, described in Section 4.1.2, is moving along a trajectory depicted in Fig-

ure 4.4. This deployment shows two realizations of the ideal scenario illustrated

in Figure 3.7.

During the experiments, the TX emits frames every 1.92 milliseconds, and

switches to the next channel in a Round-Robin fashion. The RSS values acquired

by both of the nodes are filtered with a maximally flat finite-impulse-response

filter with a 3 dB cutoff frequency of 8 Hz. The reflection point on the container

is calculated by solving the non-linear kinematic equations in two dimensions

using the inertial measurements and pose estimates of the robot. Then, the

reflection points are used for calculating the excess path length. The above

mentioned filter is also used on the model output. This filter improves the

visual quality of the results by decreasing the effect of the quantization while

preserving the spectral properties of the measurements since the robot speed is

low (< 0.3 m/s).

For the presented results, the model output for the excess path length values

are calculated for each frequency channel c and are then averaged over all the

channels. Although the RSS in general depends on communication frequency

(wavelength), averaging over all the channels is used in order to simplify the

plots. This approach yields better visual inspection possibility.

In case IOs are outside the sensitivity region of the links (gray shaded ellipses

in Figure 4.4), the RX node is not sensitive to their movements since their

associated multipath components have very low amplitude. The robot is outside

the sensitivity region of RX 1 at samples k = [0, 50] in Figure 4.5a, and at these

time instances the measured RSS is not distinguishable from the noise.

After this region, it is expected that the robot enters to the reflection-dominated

state. This state is observed when the robot is within the sensitivity region of

the links, which corresponds to the samples at k = [50, 350] in Fig. 4.5a and the

samples at k = [50, 460] in Fig. 4.5b. The results imply that the RSS variations

also depend on the link distance, as the model in Eq. (3.20) explicitly shows.

When the robot finally obstructs the link-lines, by entering the shadowing

regions of the links drawn as dashed ellipses in Fig.4.4, the RSS significantly

decreases. This state can be observed in Fig. 4.5a at the samples k = [350, 450]

and in Fig. 4.5b at the samples k = [460, 500]. These findings are coherent with
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(a) d = 2.8 m (b) d = 8.2 m

Figure 4.5. The RSS variation of links in Figure 4.4 when the robot is moving on the trajec-
tory. In (a), RX 1 and in (b) RX 2 measurements, mean measurement and model
output. The measured r(k) in frequency channel c is rc(k), average measurement
is r̄(k)= 1

C
∑C

c=1 rc(k), and mean of the modeled RSS is f̄ (k)= 1
C
∑C

c=1 fc(k), where
the subscript c is the frequency channel. The deterministic models introduced in
Section 3.3 are evaluated using A = B = 0.1575 m, εr = 2.26, η= 2.0, ς= 100 dB/m,
d = 2.8 m for RX 1 and d = 8.2 m for RX 2.

the presentation in Section 3.3.

4.3 Qualitative Evaluation using Robot

In this section, we qualitatively evaluate the models using high quality mea-

surements acquired with the robot described above. For each temporal state,

we present the acquired data for visual inspection. We also draw important

conclusions about the models, and highlight the identified limitations arising

from the underlying assumptions.

4.3.1 Non-fading State

The setup used for acquiring the data presented in Figure 4.5 is also used for

acquiring base-line RSS measurements when the robot is parked outside the

sensitivity areas of the links. The normalized histograms of the receiver 1 and

receiver 2 (see Figure 4.4) measurements are shown in Figure 4.6. Visually, the

acquired data over all the channels resembles a discrete normal variate. How-

ever, Pearson’s chi-square goodness-of-fit tests [101, ch. 9] of different channel

measurements result in very small p-values1 for 5 out of 16 data sets acquired

1Small p-values indicates that the tested null hypothesis (the measurements are drawn
from normal distribution) is likely to be false [101, ch. 10].
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Figure 4.6. Histograms plots of RSS measurements of two links in non-fading state and Gaussian
density function

by receiver 1. For receiver 2, 8 out of 16 channels are non-normal. These re-

sults indicate that not all frequency channels behave according to the modeled

scenario.

In general, the RSS measurements are affected by the hardware components

at both transmitter and receiver ends, and the propagation channel variations.

Chen and Terzis have shown that an accurate RSS assessment requires a

calibration procedure [102]. Furthermore, it has been shown that RSS has a

first order relation with both transmitter and receiver temperatures [103]. In

other words, practical factors changing the SNR ζ also change the RSS, which

violates the static channel condition assumption of the derivations. Consequently,

movements in the environment, which may be outside the sensitivity region

of the link, may cause temporal variations in the RSS, and yield non-normally

distributed measurements.

4.3.2 Reflection State

The robot is also used for conducting an experiment, shown in Figure 4.7, in

order to visually validate only the reflection model in Eq. (3.20). The experiment

is conducted using a TX-RX pair separated by 4.282 m, and the data is acquired

when the robot is moving along the linear trajectory shown in Figure 4.7a. The

time series of the processed RSS at all channels are shown in Figure 4.7b. The

same result is also shown in Figure 4.7c as a function of excess path length Δ

and when the processed RSS values are also averaged over all the channels.

The model output is calculated for the constant reflection coefficient value Γ
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(a) (b) (c)

Figure 4.7. The RSS variation of a link (shown as black dots) in (a) when the robot is moving on
the shown trajectory. In (b), the variation of RSS with time, and in (c) the same data,
but drawn as a function of excess path length Δ.

(a) d = 2.8 m (b) d = 8.2 m

Figure 4.8. Reflection state model comparison using empirical data in Figure 4.5

which corresponds to the 0th order approximation of it. The impact of this

approximation is more important when Δ is small, and alters the amplitude of

the model output. However, the results are still conclusive, and can be used for

showing that the model is valid.

The robot scatters the incident EM energy due to different propagation mecha-

nisms depending on its distance to the link-line. Although, in reflection state

it is distant to the link-line, the Fresnel-Hyugens principle is valid, and un-

der the assumption that the human-body is a perfect absorber, the knife-edge

diffraction-based model can be used for modeling the RSS variation. Therefore,

in this state, two models for the RSS can be compared: the reflection model R[k],

given in Section 3.3.2 and the diffraction model D[k], presented in Section 3.3.3.

An empirical evaluation of these two models for the data visualized in Fig. 4.5

is shown in Fig. 4.8. Although the reflection model performs better in amplitude

for both distances, the diffraction model is continuous within the entire domain
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(a) d = 2.8 m (b) d = 8.2 m

Figure 4.9. Shadowing state model comparison using empirical data in Fig. 4.5 for exponen-
tial(em) [76], the exponential-Rayleigh (erm) [77] and absorption (abs) models

whereas the reflection model is not valid when the robot obstructs the link-line.

If it is difficult or impossible to switch model depending on the excess path length

Δ, knife-edge diffraction-based model can be used. Otherwise, the reflection

model is more accurate and it should be preferred.

4.3.3 Shadowing State

The shadowing state is observed when the IO of interest is either very close to or

blocking the link-line. In other words, in this state the shadowing state models

introduced in Section 3.3.4 and the diffraction state model given in Section 3.3.3

can be used for representing the RSS variation. The output of these models,

along with the empirical data presented in Figure 4.5, are shown in Fig. 4.9.

The empirical models are trained with the data of d = 2.8 m experiment, and

the same parameters are used for evaluating d = 8.2 m experiment. Although

these models do not adapt to configuration changes, the absorption model does

not have these disadvantages. The diffraction model is attractive since it is

continuous, and yields acceptable results in a large region.

It should be noted that none of the compared models capture the high vari-

ability in the measurements when the robot is obstructing the LoS. As we will

show later in this chapter, these models perform poorly also for the experiments

with the human subject. However, all the measurements exhibit a large drop

when the IO blocks the LoS. This property is very important to localize a person

within a region observed by an RF sensor network, and it is the foundation of

RTI [80].

61



Experimental Model Validation

4.4 Quantitative Evaluation using Human Subject

In this section, we present quantitative evaluation of the models using em-

pirical data acquired when a human alters the propagation channel. We first

describe the conducted experiment and then present the results created using

the parameter values shown in Table 4.1.

The models introduced in this section are validated using the RSS measure-

ments of a single TX-RX pair deployed in an open indoor environment on podiums

at a height of 1.0 m, and set 3.0 m apart from each other. The TX is programmed

to transmit packets over each of the 16 frequency channels defined by the

IEEE 802.15.4 standard [55], and after each transmission, the TX changes the

frequency channel of communication in sequential order.

In the experiments, a person walks in a direction perpendicular to the link-line.

The path is marked on the floor and a metronome is used to set a pre-defined

walking pace. The person walks at a speed of 0.5 m/s, and crosses the link-line

multiple times. The experiment is repeated five times and in between each test,

the RX is moved a quarter of a wavelength (λ/4≈ 3 cm) further away from the

TX to include a small spatial variance in the measurements. In total, 872000

measurements are collected and each measurement is associated with the true

location of the person. A finite impulse response (FIR) filter is used to increase

the SNR of r(k). The filter is designed to have a passband frequency of 0.1 Hz

and a stopband frequency of 15 Hz. The passband ripple of the filter is 0.05 dB

and it has attenuation of 40 dB at frequencies higher than 15 Hz.

4.4.1 Qualitative Result

In Figure 4.10, the output of different models and r[k] as function of Δ are shown.

In the figure, the measured RSS values are shown for all frequency channels,

whereas the model outputs are averaged over all the channels in order to simplify

the plot. The exponential model presented in Section 3.3.4 was developed to

model human-induced shadowing and, as shown, when Δ< 0.06 m, the model

corresponds to the measurements closely. However, when Δ≥ 0.06 m the model

and measurements differ from one another. The exponential-Rayleigh model was

developed to also account for human-induced temporal fading when the person is

in close proximity of the link-line. As shown in Fig. 4.10, the model is capable of

capturing the first local maxima of the measurements. However, it is incapable

of capturing the subsequent local maximas and minimas when Δ> 0.15 m. The

absorption model captures the large losses when the person is obstructing the

LoS whereas the reflection model accounts for the RSS variations when the
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Table 4.1. Experimental parameters

Symbol Appearance Value Explanation

A – 0.11
Semi-minor axis of the elliptic human

model [m]

B – 0.20
Semi-major axis of the elliptic human

model [m]

εr Eq. (3.7) 1.5 Relative permittivity of the boundary

η Eq. (3.20) 2.0 Path loss coefficient

ς Eq. (3.29) 53.0 Attenuation factor [dB/m]

Υ Eq. (3.23) −16.77
Exponential model attenuation factor

[dB]

Ξ Eq. (3.23) 0.026 Exponential model decay rate [m]

Υ0 Eq. (3.24) −15.77
Exponential-Rayleigh model first

attenuation factor [dB]

Ξ0 Eq. (3.24) 0.065
Exponential-Rayleigh model first decay

rate [m]

Υ1 Eq. (3.24) 142.71
Exponential-Rayleigh model second

attenuation factor [dB]

Ξ1 Eq. (3.24) 0.010
Exponential-Rayleigh model second

decay rate [m]

Figure 4.10. Comparison of RSS measurements with the combination of reflection model R(Δ)
and absorption based model Sabs(Δ), exponential-Rayleigh model Serm(Δ), and
exponential model Sem(Δ) as a function of excess path length Δ. The measurements
(gray dots) are shown for all 16 frequency channels whereas the models outputs at
different channels are averaged
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Table 4.2. Model residuals

State Model H0 p-value σm [dB]

Non-fading N [k] true 0.4750 0.363

Reflection R[k] true 0.2502 1.242

Reflection Serm[k] false 0.0281 1.533

Shadowing Sabs[k] false 0 4.514

Shadowing Serm[k] false 0 5.115

Shadowing Sem[k] false 0 5.223

person is moving in close proximity to the LoS. As illustrated, a combination of

these two models and measurements correspond closely to each other.

4.4.2 Modeling Error

In the following, the model error is evaluated using the Kolmogorov-Smirnov

(K-S) test and the standard deviation of the residual

σm =
( 1

K

∑K

k=1
(r[k]−ξ[k])2

) 1
2

, (4.1)

where ξ[k] is the model as defined in Eq. (3.1). The residual follows the joint

statistics of the modeling error and the measurement noise. The models are

accurate if the residual is zero-mean Gaussian since the measurement noise is

assumed to be zero-mean Gaussian in Eq. (3.1). For evaluation, the K-S test

with a significance level of 5% is used to test the null hypothesis H0 that the

residual is normally distributed. The results are summarized in Table 4.2 where

the model error is evaluated separately in the three different states.

In the non-fading state, the residual is Gaussian and the null hypothesis is

accepted as shown in the third column of Table 4.2. In this state, the standard

deviation of the residual is low, and the p-value indicates that there is not

enough evidence to reject the null hypothesis. In the reflection state, the single-

bounce reflection-based model is accurate and the residual also has a normal

distribution. However, the variability in the residual is high, which indicates

that there is some uncertainty originating from independent sources, or they

have normal distribution so that the normality is not altered. The empirical

exponential-Rayleigh model error is non-normal, indicating a need for more

accurate modeling effort.

As the human approaches to the link-line, different propagation mechanisms

begin to have an affect as discussed in Section 3.3. As shown in Fig. 3.8, the

state is a combination of at least diffraction and LoS blocking, which have
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Table 4.3. Kolmogorov-Smirnov goodness-of-fit test result

Non-fading Reflection Shadowing

H0 p-value H0 p-value H0 p-value

Gaussian true 0.3342 false 0 false 0

Log-normal true 0.4670 false 8.78 ·10−6 false 4.71 ·10−6

Exponential false 0 false 0 false 0

Weibull false 0 true 0.5475 true 0.1348

Ricean true 0.3357 true 0.0475 false 0

Gamma true 0.6815 false 0 true 0.2201

significantly different properties. Correspondingly, in this state, the residual

modeling errors are non-Gaussian with a significantly higher standard deviation

σm as given in Table 4.2. Similarly, the empirical models’ residual errors are also

non-normal, and they have higher variability. Since the proposed absorption

model is parametric, and does not require online estimation of some of the

parameters, it can be preferred over empirical models in scenarios where the

system cannot be trained.

4.4.3 Statistical Models

In the following, the conditional densities of r[k] in the non-fading, reflection

and shadowing states are investigated. The stochastic models for r[k] follow the

joint statistics of ξ[k] and ν[k]. However, if fading occurs it is expected that the

density of r[k] conditioned on the state is dominantly defined by the statistics

of ξ[k]. In each considered state, the statistics of ξ[k] originate from unknown

factors such as position, human body geometry, or electrical properties. Yet,

the resultant random variable (at a given state) has a specific distribution, and

the RSS measurements (acquired when the channel is in the same state) are

samples from the same distribution.

In this section, the results are presented in the linear scale, that is, r[k] are

converted to the linear scale using rmW [k]= 10r[k]/10 for convenience. The data

are tested against various well known probability densities and the results

are evaluated with the K-S test using a significance level of 5%. The tested

distributions and the results are shown in Table 4.3. In the table, H0 denotes

the null hypothesis that the data is from the tested distribution and the p-value

is the probability of the K-S statistic. As shown, in the non-fading state various

densities can be used, but log-normal is more attractive since the measure-

ments in logarithmic scale readily have the normal distribution, which is more

65



Experimental Model Validation

0.8 0.9 1 1.1 1.2
0

1

2

3

4

5

6

7

RSS [mW]

 

 

D
en

si
ty

Empirical
Theoretical

(a) Non-fading ∼Log-normal

0 0.5 1 1.5 2 2.5 3
0

0.2

0.4

0.6

0.8

RSS [mW]

 

 

D
en

si
ty

Empirical
Theoretical

(b) Reflection ∼ Weibull

0 0.2 0.4 0.6 0.8
0

2

4

6

8

10

12

14

RSS [mW]

D
en

si
ty

 

 

Empirical
Theoretical

(c) Shadowing ∼ Gamma

Figure 4.11. Empirical and theoretical densities for non-fading, reflection and shadowing states

convenient for analytical tractability, as discussed in Publication II. However,

this convenient distribution cannot be used in the reflection and shadowing

states, as implied by very low p-values in the corresponding table cells. In the

reflection state, the RSS has a Weibull distribution due to the reasons discussed

in Section 3.4.2. Although Ricean distribution is also accepted, its p-value is so

low that the validity of the hypothesis is doubtful. In the shadowing state, two

distribution are accepted by the test: Weibull and Gamma. As discussed in Sec-

tion 3.4.3, Gamma distribution can be observed when an EM wave is scattered
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Table 4.4. Statistical models and their parameters

Distribution PDF Parameters

Non-fading Log-normal 1
r·σ�2π

exp
(
− (ln(r)−μ)2

2σ2

) μ= 0

σ= 0.088

Reflection Weibull b
a

( r
a

)b−1 exp
(
−( r

a

)b
) a = 1.242

b = 2.630

Shadowing Gamma rb−1

abγ(b,0) exp
(− r

a

) a = 0.919

b = 0.127

from an irregular surface, [94]. On the other hand, the underlying scattering

process also can yield Weibull distributions when scattering and diffraction from

large body parts are considered.

The parameters of the accepted distributions in different states are tabulated

in Table 4.4. The histograms of the measurements in different states along with

their fitted distributions are shown in Figure 4.11. As may be deduced from the

figures, the accepted distributions resemble closely the data histograms. This

result shows the validity of the arguments presented in Section 3.4.

4.5 Discussion

In this chapter, both idealistic, robot, and practical, human, test subjects are used

for validating the models introduced in Chapter 3. The quantitative results show

that both statistical and deterministic models for the non-fading and reflection

states are very accurate. However, the characterization in the shadowing state

is not as accurate, and it is evident that better models can be proposed. One

option is to use the knife-edge diffraction-based model in Section 3.3.3, which

requires one to calculate the Fresnel integrals. However, the shadowing region

is narrow around the link-line, and its heuristic characterization is also implied

by the absorption model in Section 3.3.4 and the transmission model2, or even

by the constant loss model. In this regard, the modeling error in the shadowing

state is not as important, and a model can be used for practical reasons only.

The results presented in Table 4.2 and Publication II also show a quantitative

comparison between two state exponential and exponential-Rayleigh models and

the three-state model. As can be observed, the three-state model performance is

better than the other two empirical models. The evaluation provided in Table 4.3

2The EM energy not reflected from the surface can be assumed to be transmitted
through the body of the IO.
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imply that the three-state temporal characterization allows one to reach a better

statistical characterization as one can switch between three RSS distributions.

To sum up, the provided evaluation is conclusive in the sense that the temporal

variation of the measured RSS has three states, two of which can be modeled

accurately, and the third state is observed as a sharp decay in the measurements.
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5. RSS-based Device-free Localization

In this chapter, the developed models are applied for device-free localization

(DFL) purposes. We first introduce DFL systems, and then present a line-

crossing monitoring system from Publication III. Then, we summarize our

comparative assessment of different radio tomographic imaging approaches

available in the literature from Publication IV. Finally, we summarize a low-

complexity imaging method from Publication V.

Here, we give a summary of results related to the RSS models, and skip various

problems elaborated upon in depth in the publications. The interested readers

are referred to the original publications for the details.

5.1 Introduction

Figure 5.1. Components of a DFL system

The received signal strength models presented thus far aim at representing

the RSS measurements of a single link at a single communication channel. As

discussed in Chapter 1, the measurements of several links forming a dense

RF sensor network can be used for Device-free Localization (DFL) purposes.

For such a localization system, there are four main components as shown in
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Figure 5.1: models, detector, classifier and location inference1. The complete

system is built around the location inference method, which usually dictates the

operation of the other components. The measurement pre-processing includes

any signal conditioning and transformations required to form observations for

the localization method. The models relate the observations to the person’s

location, and they are altered by the classifier to improve the performance. A

binary detector, whose operation also depends on the models, may be used to turn

on and off the localization method. Therefore, a DFL task can be accomplished

by a complex system, which requires development of different components.

The person’s location can be inferred using a radio-map [11, 104], radio tomo-

graphic imaging (RTI) [80], or sequential Monte Carlo (SMC) methods [76]. In a

radio-map approach, a database is formed by collecting the RSS values while a

person is standing at each location of the area, and in run-time the acquired RSS

values are compared with the ones in that database. This approach requires

significant effort in the preparation phase. The SMC methods allow one to

postulate the localization as a statistical inverse problem. They do not require

discretization of the area of interest into pixels, and enable the inclusion of

movement dynamics into the formulation [76, 31, 43]. The performance of the

SMC method is mainly dictated by the number of samples drawn from posterior

distribution in the Monte Carlo evaluations and the system modeling accuracy,

including models of link-line geometry and the person’s electrical properties and

geometry. In RTI, the RSS changes are used for estimating a map of the envi-

ronment compared to static conditions [80]. RTI can operate even if the number

of people in the environment is not known, or it is not possible or desirable

to assume a detailed model for the person’s electrical properties and geometry.

In RTI methods that have appeared so far, the map is reconstructed using an

algebraic method [81, ch. 7], which requires significant computational resources

in creating a system model, and a matrix-vector product in run-time. In this

regard, RTI has significantly lower computational requirements compared to

SMC.

The DFL system can be incorporated with a classifier to improve localization

performance. Wilson and Patwari developed a classifier based on the fade-

levels of the network links for an SMC-based localization [43]. The fade-level

based classifier was later enhanced by Kaltiokallio et al. [32] to improve the

1It is to be noted that not all DFL works explicitly state the system components shown
in Figure 5.1. If a work does not utilize a classifier, the model is constant for the system
under investigation. Similarly, if the system does not contain a detector, it implies either
the method itself does not require explicit detection of the person (e.g. radio tomographic
imaging) or the person is always assumed to be in the region of interest.
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performance of RTI. The proposed method uses the fade-level classifier in order

to identify and ignore the links that are in the so-called deep-fade state; i.e. to

blacklist the links that cannot be used by the reconstruction algorithm.

Different DFL system components require calibration data in order to deter-

mine the operating parameters for an environment. This data can be acquired

once and kept constant, or can be modified in the run-time of the system. For

example, the fade-levels of the network links can be calculated using offline

calibration data, whereas online methods, such as [22] and [105], may alter

them. In either case, they must be acquired when the system is in a specific

state (e.g. when the monitored region is vacant).

Detecting the presence of a person in the link’s effective area is one of the

outputs of DFL systems that can be utilized for occupancy assessment [14]

and localization purposes. In the pioneering work on tracking transceiver free

objects by Zhang et al., constant thresholds are used for identifying links that are

affected by a person [10]. A different approach is taken by Kaltiokallio and Bocca

in [24], where person’s presence is detected based on the thresholds calculated in

the run-time. A Gaussian-mixture-model-based foreground detection algorithm

is studied by Zheng and Men [33]. The systems proposed by Kosba et al. [12] and

Mrazovac et al. [13] use a sequence of the RSS measurements to make a decision.

The work by Hillyard et al. detects line crossings using different classification

techniques [106]. In a work by Wu et.al., a Kullback-Leibler divergence-based

link metric is tested against an empirical threshold value for identifying the

links affected by the presence of a person [107].

The performance of both SMC or RTI based localization methods depends on

i.) measurement system, i.e., placement of the nodes, the radio and antenna

specifications; and

ii.) person’s electrical properties and geometry.

The maximum achievable performance depend on both the measurement system

and the person [74], and the actual performance depends on the validity of the

modeling assumptions. In this respect, the localization performance can be

improved by using frequency diversity [108] or spatial (rotation) diversity [109],

since the modeling assumptions are fulfilled by one of the supported system

configurations. Similarly, the resolution specification and accuracy limits of RTI

systems are mainly dictated by the network placement [110]. Therefore, as the

accuracy of the models improve, the expected performance of DFL systems is

expected to increase.

In the remaining part of this chapter, the models summarized in Chapter 3

are used for developing efficient DFL systems. First, both deterministic and
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Figure 5.2. Link-line monitoring deployment

statistical models are used for developing a link-line crossing monitoring system

using as few receiver nodes as possible. Later, the reflection model given in

Section 3.3.2 is used for developing a low-complexity imaging based localization

method. This method aims at achieving a localization accuracy comparable to

the state-of-the-art methods, while significantly decreasing the computational

and memory requirements of the other methods.

5.2 Link-line Monitoring

Several use-case scenarios of DFL technology do not require sophisticated RF

sensor network deployments. One such application is a low-cost unobtrusive

monitoring for border crossing [106]. These systems are designed to:

i.) estimate the presence of an interacting object (IO) while it is crossing or

approaching the border defined by the link-line; and

ii.) if possible track the object while it is crossing through a region around the

link-line.

In typical deployments, a network would be required for the purpose. However,

the models developed in Chapter 3 allow one to achieve the first goal using a

single receiver, and the second goal requires at least two receivers2. In this

section, we demonstrate the importance of the modeling effort through the

performance evaluation of the link-line monitoring application.

The link-line monitoring system consists of one transmitter and a varying

2Increasing number of receivers improves localization accuracy as evaluation results
presented in the following sections imply.
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Algorithm 1 Link-line monitoring application pseudo-code
1: Inputs: r[k];

2: Persistent Variables: localize;

3: Global Variables: Ŝ ;

4: Initialize: localize← false; Ŝ [0]← non-fading;

5: while true do

6: estimate Ŝ [k] using forward procedure in Algorithm 2;

7: if localize is true then

8: if Ŝ [k] is non-fading for all links then

9: do stop particle filter;

10: localize← false;
11: else

12: do run particle filter in Algorithm 3;

13: end if

14: else if Ŝ [k] is shadowing for any link then

15: do initialize particle filter;

16: localize← true;
17: end if

18: end while

number of receivers that are deployed in an LoS indoor environment as shown

in Fig. 5.2. The system aims at estimating the temporal state of all the links

between the transmitter and receivers, and the kinematic state of a single IO,

a person, of which only the two-dimensional coordinates are of in particular

interest. These two problems are not decoupled, and must be solved together

to reach an optimal estimate. The detector of the system, shown in Figure 5.1,

can be used to detect the presence of the target, and then to initialize the SMC

based tracking algorithm. The classifier is intrinsic due to the multiple mode

nature of the measurement models. Therefore, although simple in terms of the

number of components it is composed of, this application has all the components

of DFL systems (see Figure 5.1).

The links of the system are assumed to be in one of the non-fading, reflection

(fading) and shadowing states by not considering diffraction and LoS blocking

states (cf. Figure 3.8) due to the reasons discussed earlier. The models presented

in Section 3.3, are non-linear functions of the position of the person. Further-

more, the system is a switching model or a jump Markov model due to its discrete

switching nature. This type of system is one of the well known non-linear sys-

tems [111, ch. 1], which cannot be solved using the optimal Bayesian filters such
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as the Kalman filter, however a suboptimal solution provided by a particle filter

can be used. On the other hand, the detector3 estimates the unobservable link

state hidden in the RSS measurements.

The overall algorithm of the system is given in Algorithm 1, where S [k]

denotes the temporal propagation channel state (link state) and ˆS [k] is its

estimate at the time instant k. In the algorithm, the particle filter is only

initialized when one of the links is identified as being in the shadowing state. In

this case, the particles are distributed uniformly on the link-line of the TX-RX

pair identified to be in the shadowing state. The tracking is stopped when all

links are estimated to be in the non-fading state.

In the following subsections, we first summarize the hidden Markov model

(HMM) based link state estimator. Then, we give the system dynamics in a state

space formulation. We summarize the sequential important re-sampling (SIR)

particle filter-based kinematic state estimator before giving the results of the

empirical evaluation.

5.2.1 Link State Estimation

For the application scenario visualized in Figure 5.2, the link state S only

depends on the previous state, not its older history. Such a stochastic process is

known as a discrete Markov Process. The unobservable link state of a discrete

Markov processes can be estimated using the forward procedure of an HMM

based on the statistical models for each state given in Section 3.4.

The forward procedure calculates the probability of being in the link state si

at the time instant k, Pr{S [k] = si|rmW [k]} using rmW [k], the state transition

matrix T , the conditional densities of the observations pr|si (rmW [k]) and the

initial state probability p0,i. Then, the forward procedure [112, pp. 109-114] can

be used to estimate the probability of each state si for i = 1,2,3 at the instant k.

Let us define

ai[k]=Pr{rmW [0], rmW [1], · · · , rmW [k],S [k]= si}, (5.1)

so that the value of this variable at the time instant k+1 is given by

ai[k+1]=
[

3∑
j=1

a j[k]Ti| j

]
pr|si (rmW [k+1]), (5.2)

where Ti| j is the transition probability from the state s j to si, and are the

component of T . The recursion starts from ai[1]= p0,i · fr|si (rmW [1]). Finally, the

3Although we use the term detector to refer to the link state estimator, it is not a detector
in a traditional sense. It is composed of an estimator and a detection strategy as given
in the lines 6 to 8 of Algorithm 1.
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Algorithm 2 HMM forward algorithm
1: Inputs: rmW ;

2: Persistent Variables: a1, a2, a3, initialized;

3: Initial state probabilities: p0,1, p0,2, p0,3;

4: State transition matrix: S ;

5: Conditional PDFs: pr|s1 (rmW [k]), pr|s2 (rmW [k]), pr|s3 (rmW [k]);

6: Output: Ŝ ;

7: Initialize: initialized← false;
8: a ′

i ← ai for i = 1,2,3;

9: for i in {1,2,3} do

10: if initialized is false: then

11: ai ← p0,i ·pr|si (rmW );

12: initialized← true;
13: else

14: ai ←
[∑3

j=1 a ′
jS i| j

]
pr|si (rmW );

15: end if

16: end for

17: Ŝ ← argmaxi
ai∑3
j=1 a j

;

18: return Ŝ

current state estimate is the maximum a posteriori state probability, which can

be marginalized from ai[k] using

Ŝ [k]= argmax
i

ai[k]∑3
j=1 a j[k]

. (5.3)

The overall procedure is given in Algorithm 2.

5.2.2 State Space Formulation

The kinematic state of a rigid body is defined in terms of position, velocity and

acceleration as a function of time. When possible, it is desirable to decrease the

number of dimensions and variables defining the state. In the scenario depicted

in Figure 5.2, the person is not expected to change its acceleration while passing

through the region monitored by the system. Also, the person’s position must be

estimated in two dimensions4. Consequently, the kinematic state of the person

is defined by x[k]=
[

p�[k] v�[k]
]�

, where p[k] is position and v[k] is velocity

in an inertial frame of reference.

The defined state evolves in time and yields the RSS measurements according

4To be precise, we are interested in the movement in the plane of incidence defined by
the antennas.
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to the models given in Section 3.3. In other words, for the link line monitoring

application, a discrete-time state space can be defined as

x[k+1]= Fx[k]+Gw[k], (5.4a)

r[k]= ξk(x[k])+ν[k], (5.4b)

where w[k] is zero-mean Gaussian process noise N (0,Qw), and r[k] is a mea-

surement vector composed of the RSS models in Eq. (3.1) for different channels

and receivers so that ν[k]∼N (0,Qν).

The state transition matrix F is the linearized two-dimensional kinematic

model in discrete time. The model assumes that the state is perturbed by a

random acceleration of the person, so that the white noise w[k] appropriately

changes the state. This model is one of the widely utilized kinematic system

models in tracking applications [113, ch. 6], known as the white noise acceleration

model. For the sampling interval Ts, the state transition matrices are given by

F =

⎡
⎢⎢⎢⎢⎢⎣

1 0 Ts 0

0 1 0 Ts

0 0 1 0

0 0 0 1

⎤
⎥⎥⎥⎥⎥⎦, G =

⎡
⎢⎢⎢⎢⎢⎣

1
2 T2

s 0

0 1
2 T2

s

Ts 0

0 Ts

⎤
⎥⎥⎥⎥⎥⎦. (5.5)

It is to be noted the measurement model is discontinuous, and depends on the

link state. This implies that the observation models are

fk(x[k])= f (x[k],S [k])=

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

0 S [k] is non-fading,

R(x[k]) S [k] is reflection,

Sabs(x[k]) S [k] is shadowing,

where the models are given in Section 3.3. For an object with a known kinematic

state and geometry, the link state at a given time can be found by calculating

the excess path length Δ defined in Eq. (3.13). The link state for Δ[k] is selected

according to

S [k]=

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

non-fading Δ[k]>Δr,

reflection Δs <Δ[k]≤Δr,

shadowing Δ[k]≤Δs,

where the time dependence of Δ is explicitly written, Δr is the excess path

length threshold after which the links start to measure the RSS altered by

the IO, and Δs is the Δ value after which a sharp decrease in the RSS is

observed5. Consequently, the measurement model in Eq. (5.4) is composed of

5It is to be noted that Δs is independent of the measurement setup, and depends on the
continuity requirement of the model. On the other hand, Δr is defined by the directivity
and gain patterns of the antennas and RSS resolution of the nodes.
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the components

f (x[k])=

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

0 Δ[k]>Δr,

R(x[k]) Δs <Δ[k]≤Δr,

Sabs(x[k]) Δ[k]≤Δs,

(5.6)

where now the model does not depend on the link state, but on only the kinematic

state xk.

5.2.3 Kinematic State Estimation

Algorithm 3 Particle Filter
1: Inputs: r[k];

2: Persistent Variables: initialized,

{wi : i = 1,2, . . . , N},

{x(i)[k] : i = 1,2, . . . , N};

3: Constants: Qw,Qν;

4: Initial state distribution: N (0,Q0);

5: Output: x̂[k];

6: Initialize: initialized← false;
7: if initialized is false: then

8: initialize N particles: {x(i)[k]∼N (0,Q0) : i = 1,2, . . . , N};

9: set their weights:{wi ← 1
N : i = 1,2, . . . , N};

10: initialized← true;
11: else

12: sample: {x(i)[k]∼N (Fx(i)[k−1],GQwG�) : i = 1,2, . . . , N};

13: calculate weights:

{wi ∝N (r[k]− f k(x(i)[k]),Qν) : i = 1,2, . . . , N};

14: normalize weights: {wi ← wi∑N
j=1 w j

: i = 1,2, . . . , N};

15: resample:

Draw N samples from {x(i)[k] : i = 1,2, . . . , N} by

interpreting wi as probability

and replace the old samples;

{wi ← 1
N : i = 1,2, . . . , N};

16: end if

17: x̂[k]← 1
N
∑N

j=1 x(i)[k];

18: return x̂[k]

Let us denote the set of all observations till the time instant k with Rk =
{r[m] : m = 1,2, . . . ,k}. Then, any Bayesian estimator depends on the posterior
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PDF p(xk|Rk), the state space model, and the initial state PDF p(x0). Then,

for a Markovian process (of order one), the density at time instant k can be

predicted using the Kolmogorov-Chapman equation

p(x[k]|Rk−1)=
∫

p(x[k]|x[k−1])p(x[k]|Rk−1)dx[k−1],

where p(x[k]|x[k−1]) is the transitional density, and is defined by the system

dynamics in Eq. (5.4a) and the known distribution of w[k]. When the measure-

ment r[k] becomes available, the posterior PDF can be found by applying the

Bayes rule as

p(xk|Rk)= p(r[k]|x[k])p(x[k]|Rk−1)∫
p(r[k]|x[k])p(x[k]|Rk−1)dx[k]

,

where p(r[k]|x[k]) is the likelihood function, and is defined by the measurement

model in Eq. (5.4b) and the known density of ν[k]. Now, the posterior density

can be used for finding an estimate x̂[k] based on some criterion. In this work,

we use the minimum mean-square error criterion, which can be written as

x̂[k]=E{xk|Rk}=
∫

xkp(r[k]|x[k])dx[k], (5.7)

where E{·} is the expectation operator.

The general Bayesian framework summarized above yields an optimal solution

when the system in Eq. (5.6) is linear, and the noise processes and the initial

state estimate are all Gaussian, which is known as the Kalman filter [111,

ch. 1]. Since these two conditions are not satisfied by the current system model,

a suboptimal solution is better suited. Among the other possibilities (see for

example [111, ch. 2]), particle filters allow one to numerically calculate the

integrals in Eq. (5.7) by drawing samples from the posterior distribution and

finding the sample averages [114, ch. 7]. The convergence of particle filters (as

it is for all Mote Carlo methods) is guaranteed by the central limit theorem.

For non-linear systems and arbitrary noise process ν[k], it is not possible to

find closed form posterior PDF. Particle filters6 make use of concept importance

sampling (its sequential version is known as the sequential importance sampling

[115]), where the samples are drawn from an importance distribution, and each

particle (sample) x(i)[k] is assigned with a weight wi. This method is prone

to the degeneracy problem, and it is usually preferable to use a resampling

procedure to overcome this problem. In the resampling procedure, each weight

wi is interpreted as the probability of obtaining the sample x(i)[k], and new

samples are redrawn from this discrete distribution, possibly using the percentile

transformation method [116, pp. 226-227].

6We give a high level overview of the particle filter. The interested readers are referred
to elementary level books on the subject for details, for example [114, 111].
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The performance of particle filters depends on the selected importance dis-

tribution and the number of particles drawn from the distribution. For the

system model given in Eq. (5.6), a suitable importance distribution selection is

transitional density p(x[k]|x[k−1]) ∼N (Fx[k−1],GQwG�), where Qw is the

covariance of the system noise w[k]. This selection of importance distribution

is known as the Bootstrap sequential-importance resampling filter [117]. For

this method, the weights of each particle can be calculated from the likelihood

density p(r[k]|x[k])∼N (r[k]− f k(x[k]),Qν).

The kinematic state of the person, given in state space form in Eq. (5.6), can

be estimated using the Bootstrap filter given in Algorithm 3. This solution is

similar to other particle filters used for RSS-based localization applications that

are tracking the movements of a person e.g. in [43, 33, 76, 77].

Table 5.1. Experimental parameters

Symbol Appearance Value Explanation

Ts Eq. (5.5) 0.032
Sampling interval per channel

[s]

A – 0.11
Semi-minor axis of the elliptic

human model [m]

B – 0.20
Semi-major axis of the elliptic

human model [m]

εr Eq. (3.7) 1.5
Relative permittivity of the

boundary

η Eq. (3.20) 2.0 Path loss coefficient

ς Eq. (3.29) 53.0 Attenuation factor [dB/m]

N Alg. 3 1000 Number of particles

Qν Eq. (5.4) 25I
Covariance of the

measurement noise

Qw Eq. (5.4) 0.04I
Covariance of the process

noise

T Eq. (5.2)

⎡
⎢⎢⎣

0.95 0.05 0

0.025 0.95 0.025

0 0.05 0.95

⎤
⎥⎥⎦ State transition matrix

p0 Eq. (5.2)
[
0.7 0.2 0.1

]
Initial state probabilities
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5.2.4 Empirical Evaluation

In the experiments, a single transmitter and three receivers are deployed at the

opposite walls of a corridor as shown in Figure 5.2. Overall, the system is tested

in three different corridors each having different width, i.e., 2.0, 3.0 and 3.5 m

and they are labeled as Ex. 1−3 in respective order. The receivers are placed

half a meter away from each other. Controlled experiments are conducted in

each corridor with a person moving at a known velocity (v= [±0.5 0]� m/s) along

a predefined path. The path intersects the LoS of the links multiple times. The

used hardware and communication protocol are the same as the ones described

in Chapter 4.

The link-line monitoring application is evaluated using the parameters given

in Table 5.1, which also contains the model parameters used in Chapter 4 for

convenience. To guarantee continuity of the measurement models in Eq.(5.6),

we enlarge the person’s dimensions to A =�
λd/8 for the shadowing model when

the Δ=λ/4. At this excess path length value, the reflection model R[k] given in

Section 3.3.2 is zero, and when the person gets closer to the LoS the signal starts

to experience significant losses. In other words, we assume that the shadowing

state starts to dominate at this excess path length value.

Evaluation Metrics

Estimating the state of the propagation channel is evaluated using the probabil-

ities defined as

Pd = # of true estimates of a given state
total # of estimates of a given state

, (5.8a)

Pf =
# of false estimates when state is not the given state

total # of estimates when the state is not the given state
. (5.8b)

It is to be noted that Pd is also known as probability of detection or sensitivity.

The tracking accuracy of the system is evaluated using the mean absolute

error (MAE) of the position estimates defined as

ε̄� 1
K

K∑
k=1

‖p[k]− p̂[k]‖1, (5.9)

where p[k] is the true position and p̂[k] is its estimate at the time instant k, ‖·‖1

is L1 norm, and K is the total number of estimates. The MAE of each coordinate

are denoted by ε̄= [ε̄x, ε̄y]�. In addition, the performance of a tracking system

based on a particle filter requires a metric to indicate whether the distribution

of the particles converged to the true posterior density or not. If the particles

converge to the correct density, it is expected that a majority of the particles

are located inside the human ellipse. Therefore, we also use the percentage of
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particles within the modeled human ellipse as an evaluation criteria. The ratio

is defined as

ε̄% =
∑K

k=1 Ni∈A (k)
K ·N ·100%, (5.10)

where Ni∈A (k) is the number of particles within the area A spanned by the

human ellipse model.

Link State Estimation Performance

Pr
ob

ab
ili

ty
 [

%
]

Figure 5.3. Sensitivity Pd of the HMM in different states as a function of excess path length Δ

Table 5.2. Link state estimation performance results

non-fading reflection shadowing

Ex. 1
Pd = 97.77% Pd = 81.48% Pd = 93.54%

Pf = 11.50% Pf = 2.59% Pf = 0.69%

Ex. 2
Pd = 92.51% Pd = 89.66% Pd = 94.71%

Pf = 5.23% Pf = 7.29% Pf = 0.90%

Ex. 3
Pd = 88.57% Pd = 91.72% Pd = 92.05%

Pf = 3.94% Pf = 11.11% Pf = 0.86%

The performance of the link state estimator is evaluated using the measure-

ments of a single receiver, RX2, of the deployment in Figure 5.2. In Figure 5.3,

the sensitivity of the estimator Pd is illustrated as a function of Δ for the dif-

ferent states. As shown, shadowing can be detected with high probability when

the person is obstructing the link-line or when they are in close proximity to it.

When the excess path length Δ increases, the person moves further away from

the link-line and the reflections can be detected with the highest probability.

Eventually, the person’s effect on the channel diminishes and the non-fading

state is the most probable. For the considered link, shadowing is dominating

when the excess path length is Δ < 0.005 m (Δs = 0.005 m). The directivity
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of the antennas allows us to observe human induced fading when Δ< 0.38 m

(Δr = 0.38 m). Using the above values for the sensitivity regions, Pd and Pf for

the different experiments are given in Table 5.2. As shown, Pd of the HMM is

high and Pf is low, especially in the shadowing state. Distinguishing between

the other two states is more difficult when the person is moving in the boundary

region between the reflection and non-fading state. The results show that the

reflection state increases the sensitivity region considerably with respect to a

system that would only rely on shadowing.

Figure 5.4. Estimated trajectories in Ex. 2 using exponential model (EM), exponential-Rayleigh
model (ERM) and three state piecewise model (3SM). The blue triangles indicate the
initial position of the person when tracking is initialized.

Table 5.3. Kinematic state estimation performance results

Ex. 1 Ex. 2 Ex. 3

Two

Nodes

ε̄x ±σx [cm] 3.24±4.66 2.93±4.60 4.47±6.42

ε̄y ±σy [cm] 7.11±13.70 12.93±22.93 16.58±30.97

ε̄% [%] 80.93 77.64 70.97

Three

Nodes

ε̄x ±σx [cm] 2.77±3.65 2.36±3.47 3.38±4.62

ε̄y ±σy [cm] 7.01±11.04 11.39±18.53 13.18±23.61

ε̄% [%] 85.10 80.90 75.66

Sensitivity Region [m2] 2.95 4.96 6.08

Localization and Tracking

Localization and tracking is not possible using only a single link as at least two

links are needed. In order to evaluate the localization and tracking performance,

we use two (RX1 and RX3) and three (RX1, RX2 and RX3) receivers. The

localization performance of the system is evaluated using 100 Monte-Carlo
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simulations of each experiment and the results are summarized in Table 5.3. The

estimator is capable of tracking the x−coordinate of the person with considerably

higher accuracy compared to the y−coordinate. The reason for this is that the

model is generally more informative with respect to the coordinate that is

perpendicular to the link-line of a TX-RX pair. Since the nodes are deployed in a

corridor, the LoS of the links are almost parallel and therefore, the x−coordinate

errors are only a fraction of the y−coordinate errors as shown in Table 5.3. The

trend of ε̄% indicates that as the sensitivity region increases, the convergence

rate of the particles slows down. On the other hand, as the number of nodes

increases from two three, the localization performance improves considerably.

Therefore, a monitoring application must be deployed according to the desired

localization accuracy and the size of the monitored area.

Table 5.4. Kinematic state estimation performance comparison for Ex. 2

EM ERM 3SM

Two

Nodes

ε̄x ±σx [cm] 8.97±10.20 6.62±7.93 2.93±4.60

ε̄y ±σy [cm] 26.17±30.01 21.35±27.38 12.93±22.93

ε̄% [%] 28.85 41.43 77.64

Three

Nodes

ε̄x ±σx [cm] 5.68±6.67 4.80±5.94 2.36±3.47

ε̄y ±σy [cm] 20.77±22.06 17.40±20.47 11.39±18.53

ε̄% [%] 39.81 50.85 80.90

Sensitivity Region [m2] 1.45 2.38 4.96

The performance improvement due to the piece-wise and link-state-based

model is evaluated by comparing the performance of the particle filter using

the exponential and exponential-Rayleigh models given in Section 3.3.4. In

Figure 5.4, two example estimated trajectories in Ex. 2 using the different

models are shown. On average, the position estimates are more accurate using

the piecewise model (3SM) than with the other two models while the monitored

area is larger by more than two times. This result indicates that the modeling

effort allows one to achieve high localization accuracy with a lower number of

nodes.

Discussion

The presented link-line monitoring application is designed for evaluating the

possibilities enabled by the models introduced in Chapter 3. For this purpose, the

experiments are conducted in a corridor, which is a simplistic environment where

the modeling assumptions are satisfied. In a typical indoor environment such
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as an office or a room, the adverse effects of the radio propagation are expected

to alter the performance. The performance degradation can be prohibitive if

the modeling assumptions are violated. However, the modeling assumptions

of the three-state model are not restrictive and are valid under quite general

conditions as discussed in Section 3.5. Therefore, the proposed three-state model

is valid also in typical cluttered indoor environments, and the localization system

performance is not effected by the validity of the modeling assumptions. It will

be shown in the evaluation of the detector-based RTI system, presented later

in this chapter, that the reflection state can still be identified in cluttered and

through-wall scenarios.

5.3 Radio Tomographic Imaging

Tomography refers to imaging of an object using the information acquired by

the propagating energy illuminating the object7 from many different directions

[81, ch. 1]. Semantically, it refers to the process of forming an image from

slices, which carry information from a definite region of the object7. In this

regard, the propagating electromagnetic (EM) energy is altered by the medium

while traversing a path from the receiver to the transmitter8, and its received

form carries information about the medium itself. For example, short-range

wireless communication nodes emit EM energy and are significantly altered by

the objects residing in a region near to their link-line. This observation lead

Wilson and Patwari to introduce Radio Tomographic Imaging (RTI) [80], which

aims at forming an image of the environment using the RSSI measurements of

RF sensor networks.

The RTI is based on the observation that as the area occupied by the object

within the first Fresnel zone increases, the observed decrease in the RSSI

measurements increases. If the dimension perpendicular to the link-line is

considered fixed by assuming that the interacting object (IO) completely shadows

the LoS, the observed RSS decrease can be modeled as a weighted sum of the

losses at each point on the link-line [80]. Similar linearity holds for variation

of variance of the RSS [31], due to the SNR dependence of both the mean and

variance of the RSS as Eq. (3.30) in Section 3.3.1 shows. Therefore, RTI assumes

that the RSS measurements can be modeled as a weighted sum of the losses of

7Here, object refers to the object being imaged not an interacting object (IO).
8According to Fermat’s principle, EM waves travel from source to destination along the
paths that require the least time. Correspondingly, by path traversed by the wave refers
to the path in Fermat’s sense.
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(a)
(b)

Figure 5.5. In (a), a typical Radio Tomographic Imaging grid and deployment scene. In (b),
geometric definitions for the nth pixel.

each point, which in turn can be represented as a matrix vector product if the

region is discretized using a two dimensional grid.

In the remaining part of this section, we first give the geometrical definitions

used in RTI formulation. We summarize a performance comparison result for

different RTI methods after giving its mathematical formulation.

5.3.1 Geometrical Definitions

Let us assume that an area, monitored by a network of M nodes, is discretized

using a two-dimensional grid of N pixels as shown in Figure 5.5a. The nodes are

programmed to communicate over C communication channels, and the network

is composed of L links. We represent a link with a 3-tuple (ı, j, c) where ı the

source identifier, j is the destination identifier and c is the channel identifier,

but do not discriminate between links formed by the same nodes at different

channels.

The region with the largest linear dimension d0 m is discretized with a grid of

N pixels with equal lengths of δp m in both dimensions as shown in Figure 5.5b.

Let us denote the position of ıth node by pı in an inertial reference frame in a

two-dimensional Euclidean space. The center position of nth pixel is denoted

by p(n). The distance between the nth and mth pixels is defined as d(n,m) �
‖p(n)−p(m)‖, where ‖·‖ denotes Euclidean norm. The length of the line segment

joining the ıth and jth nodes is denoted by dı j . The distances between the

center of the nth pixel and the ıth and the jth nodes are denoted by dn,ı and

dn, j in respective order as visualized in Figure 5.5b. The excess path length

traversed by a ray if it would be reflected from the center of the nth pixel

is given by Δn,ı j � dn,ı + dn, j − dı j . The notation is simplified when only one

transmit-receiver pair is considered. In particular, subscript ı j is dropped from
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dı j ≡ d = ‖pr − pt‖, where pt denotes the position of the transmitter and pr

denotes the position of the receiver.

In RTI formulation, ellipses play an important role. Suppose that an ellipse

has its foci at pr and pt, which are separated by d. In this case, any point p on

the ellipse can be parametrized using a single parameter Δ defined in Eq. (3.13).

In terms of Δ and d, the area of an ellipse is given by

A(d,Δ)� π

4
(d+Δ)

√
2dΔ+Δ2. (5.11)

5.3.2 Radio Tomographic Imaging Formulation

Let � ∈ RN ×1 denote attenuation induced by each pixel in a N pixel grid visu-

alized in Figure 5.5a, which is referred to as an attenuation map. For a link,

say between the ı and j nodes at the channel c, the RSS measurements of the

receivers can be written in the form of Eq. (3.1) as

r[k]=w��[k]+ν[k],

ξ[k]=w��[k],
(5.12)

where w ∈ RN ×1 appropriately weights each pixel according to their expected

contribution to the observed RSS decay. Now, suppose that r[k] denote all

the RSS measurements of all the receivers at all the channels9, ν[k] is the

noise vector, and the rows of the matrix W ∈ RL×N are the corresponding

weights. Then, RTI methods aim at estimating the loss field �[k] using the

linear observation model

r[k]=W �[k]+ν[k]. (5.13)

The estimation of unknown �[k] using a linear observation model is one of the

most studied problems in the estimation literature, and several methods exist.

However, one that achieves a minimum variance (also known as the Bayesian

cost function) estimate using the prior knowledge about the loss field can be

obtained using the general Bayesian framework, which is known as the linear

minimum mean square error (MMSE) estimator [118, ch. 12].

The distribution of the attenuation map � depends on the number of, electrical

properties, geometries and distribution (in a placement sense) of the IOs in the

environment. A general statistical model of � can be derived by assuming the

IOs are located on pixels with equal probability. If the number of objects in the

9For a typical RF sensor network deployment, the transmission schedule is designed so
that all nodes can measure and share RSS from all other nodes in a finite time. Here,
the time index k indicates the measurement round index. See Chapter 2.
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space of interest is also random, the attenuation field is a Poisson point process

[119]. For the reasons stated by Agrawal and Patwari [45], the loss field can

be taken as a zero-mean Gaussian process (�∼N (0,Σ�)) with the covariance

matrix

[Σ�]mn =σ2
� exp

(
−d(m,n)

�c

)
, (5.14)

where σ2
� is the variance at each pixel, �c is the space constant, and [·]mn is the

matrix element at the mth row and nth column.

The linear MMSE estimator for Gaussian prior and Gaussian noise is well

known [118, ch. 11] and equal to

�̂[k]=
(

W �
Σ−1

ν W +Σ−1
�

)−1
W �

Σ−1
ν r[k], (5.15)

where Σν = σ2
νI is the covariance of the Gaussian measurement noise. If all

links have identically distributed noise processes with variance σ2
ν, the estimate

is given by

�̂[k]=
(

W �W +σ2
νΣ

−1
�

)−1
W �r[k]. (5.16)

The estimate �̂[k] has a value for all pixels on the two-dimensional grid. Using

the fixed index to position mapping (associated with the grid), one can create

a loss field image of the environment. Such a tomographic imaging method is

known as Algebraic Image Reconstruction [81, ch. 7], and it is widely used in

several application areas.

5.3.3 Weight Matrices

The measurement model and MMSE estimate of the loss field � given in the

previous section assumes a known and constant weight matrix W . In literature,

W has taken many forms, but in all cases it can be decomposed as

W =���, (5.17)

where � ∈BL×N is the binary valued indicator (selection) matrix, � ∈RL×N is

the real valued scaling matrix, and � is the Hadamard (element-wise) matrix

multiplication. The most common indicator matrices are

[�ellipse]ln =

⎧⎪⎨
⎪⎩

1 dn,ı +dn, j ≤ dı j +Δt

0 otherwise
(5.18a)

[�line]ln =

⎧⎪⎨
⎪⎩

1 Ln,ı j �= 0

0 Ln,ı j = 0
(5.18b)

[�all]ln =1 (5.18c)
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and the scaling matrices are

[�NeSh]ln =δp

√
d0

dı j
(5.19a)

[�line]ln =Ln,ı j (5.19b)

[�NeSh-line]ln =Ln,ı j

√
d0

dı j
(5.19c)

[�exp]ln =δp exp
(
−Δn,ı j

2σw

)
(5.19d)

[�area]ln =

⎧⎪⎨
⎪⎩
δp

A(d0,Δmin)
A(dı j ,Δmin) Δn,ı j <Δmin

δp
A(d0,Δmin)
A(dı j ,Δn,ı j )

Δn,ı j ≥Δmin

(5.19e)

where l is the index of the link (ı, j, c), σw , Δt, and Δmin are adjustable parame-

ters, and δp is the pixel size. The area is calculated using Eq. (5.11), and Δn,i j is

the excess path length of the center of the nth pixel compared to the link-line

between the nodes ı and j.

Table 5.5. Radio Tomographic Imaging weight matrices

Symbol Indicator Matrix Scale Matrix Reference

W NeSh
�

ellipse Eq. (5.18a) �
NeSh Eq. (5.19a) [80]

W NeSh-line
�

line Eq. (5.18b) �
NeSh-line Eq. (5.19c) [120]

W line
�

line Eq. (5.18b) �
line Eq. (5.19b) [121]

W exp
�

all Eq. (5.18c) �
exp Eq. (5.19d) [76]

W area
�

ellipse Eq. (5.18a) �
area Eq. (5.19e) [122]

The first weighting matrix that has appeared in the RTI literature is known

as the Network Shadowing model [80], and is based on the statistical loss

field model in [45]. The other variations have different advantages in certain

scenarios. The weight matrices used in the literature are tabulated in Table 5.5.

The reader is referred to the original publications for detailed discussion.

5.3.4 Comparative Evaluation

In this section, different weight matrices, given in Table 5.5, are compared with

respect to their localization accuracy. A fully connected mesh network of 16 nodes

described in Chapter 4 is deployed in a region of 7×6 m2 as shown in Figure 5.6.

The nodes have standard 2 dBi gain omni-directional dipole antennas from Pulse

Electronics. The operation of the network is managed by the DFL management

software tool, described in Chapter 2, running on a general purpose computer,

which accesses the network through the sink node. The network is configured
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to transmit frames approximately every 5 ms over channels 11, 18 and 26 in

the 2.4 GHz ISM band of the IEEE 802.15.4 MAC/PHY standard with 0 dBm

transmission power.

During the experiment, the robot is commanded to navigate in a random

fashion. It moves in a direction until it reaches an obstacle, and it rotates

until it can move forward without hitting. This way the robot traverses the

region numerous times while recording its position. The robot sniffs the wireless

communication in order to align the position logs to the network operation. This

allows for highly reliable RSS acquisition synchronized to very accurate robot

position estimates. The robot’s trajectory is shown in Fig. 5.6a. The results are

created for the model parameters given in Table 5.6. The measurement vector

r[k] in Eq. (5.13) is obtained after subtracting baseline RSS measurements as

in Eq. (2.10).

(a)
(b)

Figure 5.6. In (a), the deployment scene and robot trajectory of the experiment. In (b), an image
of the experiment scene.

The localization accuracy for the specified model parameters is evaluated with

respect to the distance errors of the position estimates10. Let us denote the true

position of the robot at an arbitrary time instant by p ∈ R2, and the position

estimate with p̂. Then, the distance error is defined as

ε[k]� ‖p[k]− p̂[k]‖. (5.20)

If the estimation error in both dimensions is zero-mean and normally distributed,

then {ε[k] : k = 0, · · · ,K −1} has Rayleigh distribution. If there is a bias in either

axis, it has a Gamma distribution.

10It is to be noted that the position error evaluation in Section 5.2.4 aims at finding
a single value summarizing the estimation quality. In this section, the comparison is
based on all the estimates, and the aim is to compare the localization errors of different
models using their resultant distributions.
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Table 5.6. Empirical evaluation parameters

Symbol Appearance Value Explanation

δp Sec. 5.3.1 62.5 Pixel size in mm.

d0 Sec. 5.3.1 8.439 Region geometrical extent in m.

σ� Eq. (5.14) 0.005 Loss field standard deviation in dBm/m.

σν Eq. (5.16) 1
Measurement noise standard deviation in

dBm.

�c Eq. (5.14) 0.25 Space constant in m.

Δt Eq. (5.18a) 0.25 Maximum excess path length in m.

σw Eq. (5.19d) 0.25 Exponential scale decay rate in m.

Δmin Eq. (5.19e) 0.001 Minimum excess path length in m.

(a) (b)

Figure 5.7. In (a), empirical cumulative distribution function of localization error for different
weight models given in Table 5.5. In (b), NeSh model estimation error density fit to
Rayleigh distribution.

In Figure 5.7a, the empirical cumulative distribution functions of different

weighting models are shown. The first two statistics of distance error ε are given

in Table 5.7 for each model. The exponential, area, and network shadowing

models perform better than the line selection and weighting methods (Nesh-

line and line). This result is expected since the experiment is performed in an

obstructed environment for a relatively small number of nodes. The difference

between the exponential, area, and network shadowing models is negligible. The

error mean is due to the offset between the location of the container and the

navigation center of the robot. Nevertheless, the mean error is smaller than the

geometrical extent of the robot, and its variation is in the order of two pixel sizes.

Therefore, considering the complexity and number of parameters of the models,

the NeSh model is a better candidate compared to the others. The distance error
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Table 5.7. Localization error statistics

Model Mean Standard Deviation

WNeSh 0.2909 0.1465

WNeSh-line 0.3504 0.1961

W line 0.3405 0.1810

Wexp 0.2958 0.1469

Warea 0.2924 0.1443

of the NeSh model has a Rayleigh distribution as shown in Fig. 5.7b.

5.4 Detector-based Radio Tomographic Imaging

Models

back-projection 
reconstruction - 

localizer

Detector 
Bank 

(each link)
Measurement 
Preprocessing 

Calibration 
Data

measurements

Link 
black-
listing

Model 
parameters

Figure 5.8. Components of a detector-based RTI system

In this section, we demonstrate that a lower-complexity localization system

shown in Figure 5.8 can be used to realize a DFL system, which has a localization

performance similar to the performance obtained by the traditional system in

Figure 5.1 using state-of-the-art methods. The studied system compares the

observations against link-wise threshold values, which are determined using

the models. These threshold values also define the effective regions of each link,

where they can identify the presence of an interacting object (IO). The classifier

blacklists the links that cannot contribute to the localization effort. The binary

output of the detector-bank is used by a back-projection based reconstruction

algorithm that sums the effective regions of the links indicating the presence of

an interacting object.

The performance of the system shown in Figure 5.8 is dictated by the perfor-

mance of the detectors, which in turn depend on the quality of the models used

for relating the thresholds to a region in the monitored area. The widely utilized

models in the RTI literature, summarized in Section 5.3, are limited to a narrow

region around the link-lines, and they cannot be used to relate the RSS threshold
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level to a region in the monitored area. Since the reflection model introduced

in Section 3.3.2 does not have this disadvantage, the detection thresholds are

determined using it. Then, the other system components shown in Figure 5.8

are built around the reflection model.

The RTI methods widely use an algebraic reconstruction method [81, ch. 7]

along with a linear observation model to form the attenuation map [80], as we

have discussed in the previous section. Unlike these works, in this section, we

utilize the reflection model in order to be able to use a back-projection based

reconstruction [81, ch. 2], whose computational requirements are much smaller

compared to the algebraic methods since it essentially sums the effective regions

of the links indicating presence of an IO. The performance of such a method

depends on the deployment and validity of the selected thresholds. In this

regard, the single bounce reflection model can be used for selecting the detection

thresholds by defining the effective link regions.

The reflection-based RSS model not only enables the back-projection based

reconstruction of the spatial occupancy field, but also allows the possibility of

energy efficient operation. An energy efficient RSS based DFL system can be

developed only with distributed processing [24] and measurement compression

[107]. The solutions enabling distributed processing in [24] and [107] require

significant computations on the receivers of the links. Contrary to these works,

the system in Figure 5.8 makes a binary decision by comparing the observa-

tions with the constant thresholds. Therefore, the proposed method enables

low-complexity RSS processing and measurement compression for distributed

operation possibility without introducing new computationally intensive opera-

tions.

In the remaining part of this section, we first give details of our detector-based

radio tomographic imaging method. Before giving the empirical evaluation of

the method, we introduce the other system components.

5.4.1 Detector-based Imaging

A detector-based imaging method can be developed if one can determine an RSS

threshold that can be mapped to a positional threshold. In this regard, the

reflection model in Eq. (3.20), given in Section 3.3.2, can be solved for a excess

path length value, say Δt, once an RSS value is given. Thus, the threshold can

be defined either as an RSS value or as an excess path length value Δt. Once

the presence of the IO is determined, the regions defined by Δt can be combined

together to form an occupancy field of the monitored area.
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Link-wise Binary Detectors

For the observation model given in Eq. (3.1) and the state-wise models given in

Eq. (3.14), when the IO of interest is not in the environment the propagation

channel is in the non-fading state. If the IO alters the channel, and it is not

blocking the link-line, the measurements can be modeled by the reflection signal

R[k]. Furthermore, even when the object blocks the link-line, the observed

decrease can still be approximated with a constant value of R[k] for a very small

Δ value. Therefore, a moving IO can be detected by identifying whether the RSS

has a reflected signal in it or not.

Formally, the null hypothesis H0 indicating the absence of the reflected signal,

can be tested against the alternative hypothesis H1 indicating the presence of

the reflected signal:

H0 : r[k]= ν[k], H1 : r[k]=R[k]+ν[k],

in order to identify presence of an interacting object. Such a detector is referred

to as the binary hypothesis test [123, ch. 2], and it makes a decision based on

a threshold associated with the decision criteria. Its performance for a given

threshold can be evaluated using the statistical model of r[k], which is dictated

by the noise term ν[k] in Eq. (3.1).

The properties of the noise term ν[k] are discussed in depth in Section 3.3.1,

and it is concluded that the variability in it is mostly due to the quantization

process, which cannot be ignored. In this regard, the detection threshold value

must be selected higher than the quantization level. However, one still must

consider the variation of R[k] with Δ as visualized in Figure 4.7. One option is

to consider the envelopes of it.

The function R[k] in Eq. (3.20) has different upper (Ru[k]) and lower (R l[k])

envelopes,

Ru(Δ)= 20log10

(
1+ Γ

(1+Δ/d)
η

2

)
(5.21a)

R l(Δ)= 20log10

(
1− Γ

(1+Δ/d)
η

2

)
(5.21b)

which are obtained by substituting cos(φ)=−1 and cos(φ)= 1 in the definition of

R[k]. For these envelope values, since the R l(Δ) is magnitude-wise larger than

Ru(Δ) for a fixed Δ, |R l(Δt)| can be used as a threshold value. Consequently,

one can detect the presence of an IO using

|r[k]|
H1
≷
H0

|R l(Δt)|, (5.22)

where Δt confines the effective regions of all links in the network.
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Back-projection Image Reconstruction Algorithm

The tomographic imaging of non-diffracting sources using back-projection recon-

struction is a weighted sum of the measurements assigned to the lines traversed

by the rays [81, ch. 2]. Similar to the binary detector’s output, these systems may

use binary valued measurements (possibly indicating the sum of the attenuation

values above a threshold), which can indicate the presence of, e.g., bones on the

line traversed by a ray. Any similar reconstruction algorithm, therefore, requires

two parameters:

i.) the effective region for a measurement (e.g. the line of the ray), and

ii.) the weight associated with each pixel.

The back-projection image reconstruction algorithm can be applied also when

the effective regions for the measurements are ellipses instead of lines. Since

ellipses are two dimensional, the effective regions must be restrained by defining

a maximum excess path length value Δt. For this case, an indicator matrix,

which has non-zero entries for pixels affecting the RSS measurements of a link,

can be defined as

[�region]ln =

⎧⎪⎨
⎪⎩

1 Δn,ı j ≤Δt

0 otherwise
(5.23)

where the subscript n,ı j indicates a value at the nth pixel for the lth link following

the notation introduced in Section 5.3.1. The excess path length Δ parametriza-

tion of the ellipses allows us to use the same Δt value for different links while

having different observation thresholds in Eq. (5.22).

The binary output of the detectors indicate whether there is a reflection point

on the IO’s exterior which yields observations greater than |R l(Δt)|. In other

words, if a link indicates presence, the object can be at any pixel with equal

probability in the link’s effective region (defined by Δt), yielding a weight model

1/A(dı j ,Δt), where the area of the ellipse A(·, ·) is defined in Eq. (5.11). Different

links, on the other hand, may measure occupancy at the same positions making

some pixels indicate occupancy multiple times. Each pixel may have an equal

contribution to indicate presence of an interacting object using the following

scale

[�occupancy]ln =

⎧⎪⎨
⎪⎩

1/A(dı j ,Δt)∑
ı j {1/A(dı j ,Δt)}

Δn,ı j ≤Δt,

0 otherwise.
(5.24)

These scale values sum to one when all the links containing the nth pixel in their

effective regions indicate the presence of the object. We refer to the sum of these

scales as the occupancy of a pixel. The reconstruction algorithm makes use of a
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weight matrix W occupancy ∈�L×N defined as

W occupancy =�region ��occupancy, (5.25)

where � is the element-wise (Hadamard) matrix multiplication. Although we

have W occupancy =�occupancy, it is shown in Publication V that in fact �occupancy

can be calculated from the binary values of �region.

Let b ∈�L denote the binary output vector of the detectors for each TX-RX

pair (we later discuss the links on different channels). Then, a spatial occupancy

field is given by

O = (W occupancy)�b . (5.26)

Hence, the location of the interacting object can be determined by just summing

the weights of the links that are not in deep-fade and detecting the object’s

presence. Suppose there are L ′ ≤ L such links at a time. Then, the algorithm

requires L ′ floating point additions for each pixel, so that the occupancy field of

the monitored area is formed by L ′N additions.

Link Classifier

Wireless links may exhibit non-ideal behavior depending on different factors

such as the radiation patterns of the antennas, the frequency response of the

analog amplifiers, and the filters. These factors significantly lower the received

signal power compared to the losses predicated by the log-distance path loss

propagation model (see e.g. [50, ch. 4]). In the literature, the amount of

deviation in the RSS measurements from the model predicted value is defined

as the fade-level of a link [43, 32] and significantly low fade-levels are referred

as the deep-fading [43].

The log-distance propagation model in Eq. (3.15) can be written as

P r =P s −P1 −10η log10 (d/d1)+n, (5.27)

where P1 is the average signal power measurement at a reference distance d1,

and P s is the transmitted signal power. By comparing the received signal power

in Eq. (3.1), when the interacting object is not in the environment (r[k]= ν[k]),

with the log-distance model in Eq. (5.27), one can deduce that

P0 =P s −P1 −10η log10 (d/d1) . (5.28)

The average power measurement at the reference distance P1 and the trans-

mission power P s are constant, and the path-loss exponent η is fixed for a site.

Therefore, a link may be in deep-fade only if there is an uncertainty in any of

the other parameters affecting the received signal strength.
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The distance traversed by the reference signal (signal with zero phase in

Eq. (2.1)) and the associated excess path lengths of the deeply-faded links are not

deterministic quantities. Since the methods introduced in this section require a

precise knowledge of both, the measurements of the deeply-faded links cannot

be used by the detector to identify the presence of the interacting object. This

problem can be avoided by black-listing the deeply faded links. For this purpose,

the link-level classifier compares the RSS measurement when the interacting

object is not in the environment (i.e. P r =P0+ν( fc)) with the log-distance model

predicted value and outputs a decision. Thus, a link is black-listed as follows

ι=

⎧⎪⎨
⎪⎩

0 P r −
(
P s −P1 −10η log10 (d/d1)

)≤Pd

1 otherwise
(5.29)

where Pd is a negative threshold value which must be specified according to the

minimum dip of the RSS.

The classifier can be used for modifying the binary valued output vector b of

the detectors. Let us denote the vector of the classifier outputs by ι ∈BL×1, and

let the diagonal matrix I = diag{ι} ∈BL×L have the vector on its diagonal. Then,

the occupancy field O can be written as

O = (W occupancy)�I b . (5.30)

Location Estimation

The spatial field of the interacting object presence given in Eq. (5.30) estimates

the occupancy of each pixel. If one knows that there is only one interacting

object in the environment, it must be surrounded by the pixels with the highest

occupancy, i.e., the regions around the mode of the field O. Therefore, the location

estimation can be postulated as finding the regions containing the modes of the

spatial field.

Let o∗ denote the maximum component of O. Then, the mode is in the set

of pixels indexes {n : On ≥ ao∗}, which is the region composed of pixels with

occupancy higher than ao∗ for 0 < a < 1, possibly covering the exterior of the

interacting object. Thus, a good location estimate is at the weighted sum of these

pixels. For notational convenience let us define

Ōn =

⎧⎪⎨
⎪⎩

On On ≥ ao∗

0 otherwise
(5.31)

and Õ = Ō/
(∑

n Ōn
)
. Then, a position estimate is given by

p̂ �
N∑

n=1

p(n)Õn. (5.32)
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5.4.2 Performance Evaluation

In this section, the empirical evaluation results of the system in Figure 5.8 are

given. The experiment campaigns used for the evaluations are described first.

We finally give the comparative results.

Experiment Campaigns

The first experiment is performed using a mobile robot, which is equipped with

a container filled with a liquid that imitates the electromagnetic properties of

the human tissue at 2.4 GHz described in Chapter 4. The other experiments are

conducted with human test subjects, but in different environments as described

in the following.

Experiment I

The first experiment is the one described in Section 5.3.4. The collected RSS

data set is used with the detector-based RTI method. See Figure 5.6.

Experiments II–IV

In these experiments, fully connected mesh networks of different number of

IEEE 802.15.4 MAC/PHY standard compliant nodes are deployed in different

environments. The nodes are Texas Instruments CC2531 USB dongles [124],

and they are placed on top of podiums at 100 cm above the ground. The sensors

communicate in a Round-Robin fashion on multiple frequency channels. The

software of different system components is as described in [21].

During the experiments, the network transmits frames approximately every

2.9 ms over different channels in the 2.4 GHz ISM band of the IEEE 802.15.4

MAC/PHY standard with +4.5 dBm transmission power. The person is asked

to either stand at a specific position or to move with a constant speed on a

predefined path. The person follows the markers placed inside the monitored

areas and adjusts his walking pace with a metronome. In this way, each RSS

measurement can be approximately associated to the location of the person.

These experiments are described in further detail in [32].

Experiment II: 30 nodes are deployed on the perimeter of 70 m2 area as shown

in Figure 5.9. The sensors are programmed to communicate over channels 11,

17, 22, and 26. During the test, the person enters the monitored area after

the initial calibration period and walks along a predefined rectangular path as

shown in Figure 5.9a, covering 14 laps before leaving. It is to be noted that

although there are some nodes in the interior of the region in the picture shown

in Figure 5.9b, they are not operated for the reported experiment.

Experiment III: 33 nodes are deployed in a single-floor, single-bedroom apart-

ment of 58 m2 as shown in Figure 5.10. Most of the sensors are attached on the
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Figure 5.9. Experiment II: The person moves on the trajectory shown as the red line while the
nodes (shown as black dots) are communicating. In (a), the scene and the person’s
trajectory. In (b), an image of the deployment.

walls of the apartment and the remaining ones are placed elsewhere, e.g., on

the edge of a marble counter in the kitchen or on the side of the refrigerator.

The nodes are programmed to communicate over channels 15, 20, 25, and 26.

During the test, a person is moving at constant speed along a path, shown in

Figure 5.10a, several times. The path is chosen so as to cover the apartment.

Experiment IV: In this experiment, the aim is to localize the person in a

through-wall scenario with 30 nodes that are deployed outside of the walls

surrounding a lounge room of 70 m2 as shown in Figure 5.11. The nodes are

programmed to communicate over channels 11, 15, 18, 21, and 26. During the

experiment, the person is standing still at one of eight predefined positions as

shown in Figure 5.11a.

Results

The method parameters are given in Table 5.8. In the Experiments I–III, the test

subject moves to different locations so that a rich set of RSS measurements are

acquired. In Experiment IV, on the contrary, the test subject stays still at eight

predefined positions. For this experiment, the acquired data are only conclusive

for assessing whether the method can be applied in through-wall scenarios. In

Table 5.9, the first three moments for Experiments I–IV are given. The results

suggest that the proposed system can localize the person with high accuracy in

terms of the test subject’s centroid position.

For comparative purposes, the mean distance errors for different RTI meth-

ods are given in Table 5.10 and compared with the ones given in Table 5.9.

Different RTI methods based on different models are compared previously in
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Figure 5.10. Experiment III: The person moves on the trajectory shown as the red line while the
nodes (shown as black dots) are communicating. In (a), the scene and the person’s
trajectory. In (b), an image of the deployment.

Publication IV (and summarized in Section 5.3.4), and it has already been

identified that when the method parameters are adjusted appropriately, the

Network-Shadowing based RTI yields the same localization accuracy as more

complex methods. Since the Fade-level RTI and the Channel diversity RTI both

improve the accuracy of the Network-Shadowing based RTI, the results in the

table provide enough evidence to conclude that the proposed method performs

comparable to the state-of-the-art RTI methods.

The results presented for four different experiments with different test subjects

and in different environments allows us to conclude that the studied system

shown in Fig. 5.8 has a localization performance comparable to the accuracy

of state-of-the-art RTI methods. The system achieves this performance while

possessing the following advantages:

i.) a simple image reconstruction method that is straight forward to imple-

ment;

ii.) significantly lower computational complexity such that no floating point

multiplication is required;

iii.) each link’s measurements are compressed to a single bit, providing im-

proved scalability;

iv.) physically significant and repeatable parameters.

Therefore, the detector-based RTI system is expected to improve the feasibility

of RTI-based DFL systems.
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Figure 5.11. Experiment IV: The person stands on the positions shown as the red crosses while
the nodes (shown as black dots) are communicating. In (a), the scene and the
person’s locations. In (b), an image of the deployment.

5.5 Discussion

In this chapter, the research presented in Chapters 3 and 4 is used for developing

different DFL systems. First, a line-crossing monitoring system is presented

from Publication III. The system can detect the temporal state of a link with very

high confidence. Once the number of receiver nodes is increased to two or more,

it can localize a person with high accuracy as the presented empirical evaluation

implies. Second, the mobile robot, presented in Chapter 4 from Publication IV, is

used for performing experiments where it moves over complex trajectories. The

acquired data are used for comparing the results of different RTI models, which

concludes that the Network Shadowing model performs as well as more complex

models. Third, the reflection model is used for developing very low complexity,

which requires no floating point multiplication, an imaging-based localization

method from Publication V. These applications show that the modeling effort

can be used for developing low complexity localization systems that is close to

the the performance of state-of-the-art methods.
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Table 5.8. Experimental Evaluation Parameters

Symbol Appearance Value Explanation

δp Sec. 5.3.1 62.5 Pixel size in mm.

Γ Eq. (5.21b) 0.50 Reflection coefficient for the robot

Γ Eq. (5.21b) 0.35 Reflection coefficient for the human

η Eq. (5.21b) 2.0
Path-loss exponent for the open environ-

ments (Experiments I–III)

η Eq. (5.21b) 3.0
Path-loss exponent for the through-wall sce-

nario (Experiment IV)

Pd Eq. (5.29) −20 Fade level threshold

Δt Eq. (5.23) 156.25 Maximum excess path length in mm

a Eq. (5.31) 0.75 Occupancy threshold scale

Table 5.9. Distance Error Statistics

Exper. I Exper. II Exper. III Exper. IV

Mean (m) 0.3085 0.2368 0.3096 0.4146

Variance (m2) 0.0388 0.0291 0.0980 0.0874

Skewness 2.6967 2.1630 2.5707 3.1743

Table 5.10. Mean Localization error comparison

Experiment Mean (m) Reported Method Ref.

Exper. I 0.3085 0.2909 Network-Shadowing RTI Sec. 5.3.4

Exper. II 0.2368
0.1700 Fade-level RTI

[32]
0.2500 Channel-diversity RTI

Exper. III 0.3096
0.2300 Fade-level RTI

[32]
0.2400 Channel-diversity RTI

Exper. IV 0.4146
0.3000 Fade-level RTI

[32]
0.7200 Channel-diversity RTI
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6. Respiration Rate Monitoring

In this chapter, the RSS models presented in Chapter 3 are used for respiration

rate monitoring purposes. We first introduce the respiration rate monitoring

problem, and explain the motivation behind the RSS-based monitoring system

from Publication VI. The effect of low amplitude periodic perturbations on the

RSS measurements is summarized from Publication VII. Finally, the derived

models are validated using empirical data.

In this chapter, we keep the focus on models, and skip various practical

problems identified and discussed more fully in the publications. The interested

reader is referred to the original publications for the implementation details,

and the empirical evaluation of several parameters affecting the performance.

6.1 Introduction

Respiratory rate is an important vital sign and it can be used to monitor the

progression of an illness [125] but also to predict events that need immediate

clinical attention such as a cardiac arrest [126]. The importance of this vital sign

is well acknowledged, and both contact and non-contact measurement systems

are commercially available [127]. Traditionally, respiratory rate monitoring

relies on technologies built upon a sensor that must be in physical contact with

the person’s body. However, such systems usually are not suitable for long-term

monitoring since the mobility and comfort of the patient are restricted. To

address this problem, non-contact systems have been developed while improving

the accuracy for medical applications [127]. Although these devices fail to

provide a measure to indicate actual respiratory gas-exchange [128], status

of a patient can be attributed as being stable or at high-risk by continuously

monitoring the respiration rate.

The RF-based respiration rate monitoring systems also enable new application

scenarios such as determining the presence of a living entity in a region of
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interest for security purposes, and vital sign data collection as part of a larger

system such as ambient-assisted living and elderly care. However, augmenting

these systems with respiratory rate monitoring capability depends on the cost

and complexity of the setup. For this purpose, an attractive solution is to

utilize inexpensive and COTS transceivers. The main aim of these systems is to

estimate the respiration rate using the low-amplitude signal variations due to

inhale and exhale motion.

The impact of respiration on the received signal has a complex relationship

with the geometry and electrical properties of the objects in the environment,

as elaborated in depth in Chapter 3. As the granularity of the channel mea-

surements increases, the information about the respiration can be better seen

in the measurements. For example, the high granularity measurements of

different radar systems can be used for developing high quality monitoring

systems [129, 130, 131]. However, higher quality channel measurements re-

quire complicated and expensive measurement systems. In contrast, monitoring

systems based on commercially available narrowband communication systems

are readily available, cheap, and easy to deploy. For example, several studies

have evaluated the performance and different aspects of orthogonal-frequency-

division-multiplexing (OFDM)-based WiFi (IEEE 802.11 a, g, n, ac) [132], and

low-power IEEE 802.15.4-compliant [16, 15] systems. Especially with low-power

and narrowband devices, it is possible to build very low-cost systems using off-

the-shelf components or by using the already available radios of mobile devices

or smart appliances.

510 515 520 525 530 535 540 545
−50

−45

−40

−35

−30

Time [s]

R
SS

 [d
B

m
]

RSS at 2.415 GHz
filtered RSS at 2.415 GHz
RSS at 2.46 GHz
filtered RSS at 2.46 GHz

Figure 6.1. Measured and filtered RSS of a low-cost TX-RX pair when a person is breathing a
constant rate and changes his/her posture

The low-power and narrowband COTS transceivers provide RSS measure-

ments to assess the state of the propagation channel. These measurements
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are the most challenging for the monitoring of breathing rate since their mea-

surements provide only coarse information about the channel. In this regard,

exhaling and inhaling cause very small changes in the propagation channel. The

corresponding change in the RSS is small and it is possible that the breathing

signal is not observable in the measurements, due to a very low SNR. For ex-

ample in Figure 6.1, breathing is observable at 2.46 GHz whereas at 2.415 GHz

it is not. The SNR of the measurements is also degraded drastically when the

person moves. For example, the person changes his/her posture at t ≈ 517 s in

Fig. 6.1, which dominates the respiratory movements. These movements can

be referred to as motion interference. Therefore, a respiration rate monitoring

system must provide solutions for the following two problems:

i.) The SNR of the measurements must be high enough to enable successful

respiration rate estimation,

ii.) The impact of other movements (motion interference) must be investigated

and mitigated.

Breathing monitoring using narrowband systems can be efficiently realized

using a single pair of COTS transceivers once the problems above are addressed.

Then, the respiration rate can be estimated using a suitable signal model. For

example, Patwari et al. [15, 16] assumed a single tone sinusoid contaminated

with noise model. This type of signal estimation is well known in the literature

[133, ch. 13], and its maximum likelihood estimator using discrete time obser-

vations is known to be equivalent to the peak of the power spectral density of

the measurements [134]. The estimation quality of such estimators, however,

exhibits a thresholding behavior depending on the SNR of the measurements.

When the SNR is low, the mean-square-error increases very rapidly and the

estimation performance quickly degrades. Therefore, it is of utmost importance

to identify the expected SNR for a deployment, and develop estimators that may

take advantage of different features of the respiration motion induced signal.

In the remaining part of this chapter, we first give a literature overview of

radio-based respiration rate monitoring systems. Then, we derive an RSS in

a logarithmic scale model to investigate the effect of respiration. Then, the

impact of other motion is added. After discussing the implications of the models,

we summarize a practical respiration rate monitoring system, and go over its

components.

105



Respiration Rate Monitoring

6.2 RF-based Respiration Rate Monitoring Systems

The respiration rate monitoring using radio frequency devices is a non-contact

respiration rate monitoring solution that has attracted significant attention.

There are three different radar technologies that have been used for the purpose

as has been reviewed by Li et al. [135]. The first works appeared in the literature

uses continuous wave Doppler radar systems. Although the first works date back

to 1975 [136], the first practical implementation was, in fact, only presented by

Greneker in 1996 [129]. Several studies have been published to analyze different

aspect of similar systems, which can estimate heart rate along with respiration

rate. For example Whitney and Solomon investigated different spectral analysis

techniques [137], and Lohman et al. [138] introduced a digital signal processor

for separating the heart signal from the respiration signal and estimating their

rates. For these systems, a reference model and three different processing

techniques for extracting vital-sign (respiration and heart rate) signals from

the measurements have been introduced by Salmi et al. [139]. It has also been

shown that the same system can be used for breathing volume estimation [140].

The practical limitations of these systems prohibited their de facto acceptance

as RF-based non-contact respiration rate monitoring technology.

The problems of the continuous wave Doppler radar technology led researchers

to investigate impulse radio ultra wideband systems as an alternative [130],

which radiates and consumes little power, may coexist well with other instru-

ments, and performs better in environments with interference and severe mul-

tipath [141]. The characteristics of the received signal of these systems were

investigated by Venkatesh et al. [142], and the impact of respiration on the heart

rate signals has been studied by Lazaro et al. [141], and the theoretical limits

for estimation of the parameters of periodic movements have been derived by

Gezici [143]. Although ultra wideband systems solves several practical problems

associated with the measurements setup itself, these systems cannot cope with

the impact of motion interference or presence of more than one person in the

environment [131]. Linear-frequency-modulated continuous-wave systems can

distinguish different reflector positions using their linearly varying frequency,

which may be used for forming buckets of measurements from different reflec-

tors. This property has been used by Adib et al. for first estimating the position

of more than one person in an environment [144], and then estimating the vital

signs of each individual [131].

The radar-based solutions require sophisticated hardware development for

monitoring the vital signs. However, the recent advancements in the environmen-
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tal sensing technology have motivated RSS-based respiration rate monitoring

using commodity wireless communication devices. The first work studying the

feasibility of such systems makes use of multiples of links formed by a mesh

network of IEEE 802.15.4 nodes to estimate the breathing rate of a single person

in the environment [16]. Later, the work is extended to estimate the location of a

breathing person [15]. Several practical problems associated with the system are

addressed in Publication VI by using only a single pair of transceivers, detecting

the moments breathing estimation is not possible, and using various signal

processing techniques to improve the SNR of the measurements. Due to the

widespread availability of WiFi, the communication channel measurements of

these systems have also been used for this purpose [132, 145]. The work by

Abdelnasser et al. is based on the RSS measurements of WiFi systems [145]. On

the other hand, the channel state information (CSI) output of OFDM-based WiFi

radios provide higher granularity measurements of the communication channel,

and have been used for vital sign monitoring purposes [146, 147, 148]. The

CSI contains a complex channel gain estimate at each sub-carrier. In case the

transmitted power is constant, the amplitude variation of these gains define the

RSS variation at each sub-carrier in the linear scale. Therefore, it can be argued

that the RSS-based models and algorithms can be applied directly to CSI-based

systems that use the amplitudes of the complex CSI vector components.

The RF-based respiration rate monitoring systems operate in the way that

when the SNR is high enough, the respiration rate is estimated by assuming a

(single tone) periodic signal. For these systems, the SNR is usually evaluated

implicitly, and no explicit evaluation of the system is provided. In Publication VII,

the RSS of narrowband communication systems for small periodic perturbations

with unknown frequency, direction and amplitude is modeled. It is shown that,

similar to signals in radar systems, the RF signal frequency modulates the

periodic vital signals. The resultant model shows an explicit relation between

the respiration signal on the initial position of the subject, his orientation with

respect to the link-line, the amplitude of the breathing and the wavelength of the

communication system. In other words, the SNR depends on the just mentioned

parameters as well as on the noise power, which dictates the performance of

single-tone parameter estimation techniques [134]. This result is coherent with

the empirical results of Luong et al. [149], the real-time spectrum analyzer

measurements in Publication VI, and the findings of Wang et al. [147]. The

model also shows various interesting situations arising in practical deployments

including the measurements showing only odd or only even harmonics. It is

further shown that the logarithmic transformation taking place in typical RSS
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measurement systems (cf. Figure 2.7) does not change the signal type. Therefore,

the developed model can be used for evaluating various deployment conditions

that enable successful breathing rate monitoring.

6.3 RSS Model for Respiration Rate Monitoring

d/2
TX RX

d/2

y

x

p

i
i

Figure 6.2. Propagation scenario for RSS modeling and considered reference frame

Let us suppose that a rigid body is making movement in the form

p(t)= p0 +vt+ g(t)δ, (6.1)

where p0 is a reference point at t = 0, v is the constant velocity with amplitude

v = ‖v‖ for the Euclidean norm ‖ ·‖, t is the time elapsed since the epoch, g(t) is

the low-amplitude movement displacement from the initial position and ‖δ‖ = 1

is the constant movement direction. In the following, we start with a small

perturbation case, where v = 0 and the small amplitude g(t) is periodic with a

frequency f . Then, we include the quasi-linear constant velocity movements

characterized by v > 0.

6.3.1 Series Expansion of Reflection Model

Consider a propagation scenario depicted in Figure 6.2. If the object abruptly

appears in a position that yields Δ meters of excess path length when p0 is

the reflection point, in Section 3.3.2 it is shown that the measured RSS in a

logarithmic scale can be written as

R[k]= 10log10
(
1+G2[k]−2G[k]cos(2πΔ[k]/λ)

)
, (6.2)

where we have defined

G[k]� Γ[k]
(1+Δ[k]/d)η/2 . (6.3)

In the remaining part of this subsection, we drop the sample index k from the

notation.
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Let us rewrite R in Eq. (6.2) as

R = 10
ln(10)

ln
(
1+G2)+ 10

ln(10)
ln
(
1−κcos

(
2πβΔ

))
, (6.4)

where we have defined

β� 1
λ

, κ� 2
G

1+G2 . (6.5)

It can be easily verified that G < 1 for Γ< 1 so that 0 < κ< 1 and the power

series expansion of the second term in Eq. (6.5) is given by

ln
(

1−κcos(2πβΔ)
)
=−

∞∑
l=1

1
l
(
κcos(2πβΔ)

)l = b0 +
∞∑

i=1

bi cos(2πiΔβ),

where the coefficients are given by

bi =−Δ
1

2Δ∫
− 1

2Δ

∞∑
l=1

κl

l
cosl(2πΔβ)cos(2πiΔβ)dβ,

for all i ∈ {0,1,2, . . . }. In addition, the cosine powers can be expanded as harmon-

ics,

cosl(φ)=

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

2
2l

l−1
2∑

i=0

(l
i

)
cos

(
(l−2i)φ

)
, l odd,

1
2l

( l
l
2

)+ 2
2l

l−2
2∑

i=0

(l
i

)
cos

(
(l−2i)φ

)
, l even,

where φ is an arbitrary argument of cos(·). Due to the orthogonality of the

sinusoidal functions, bi are the polynomials of κ which can be written as

bi =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

−
∞∑

l=1

κ2l

2l22l

(2l
l

)
, i = 0,

−
∞∑

l= i+1
2

2κ2l−1

(2l−1)22l−1

( 2l−1
2l−i−1

2

)
, i odd,

−
∞∑

l= i
2

2κ2l

(2l)22l

( 2l
2l−i

2

)
, i even.

Note that bi < 0 for all i = 0,1,2, · · · , and for κ< 1 and i > 0 we have |bi| > |bi+1|.
The partial sums of the coefficients are convergent, and after simplification and

substituting the definition of κ in Eq. (6.5) into this result yields

bi =

⎧⎪⎨
⎪⎩
− ln

(
1+G2

)
, i = 0,

−2Gi

i , i > 0.

One important consequence is that b0 is equal to the additive inverse of the first

term in Eq. (6.4), and they cancel out. Therefore, the RSS model in the reflection

state can be written as

R =− 20
ln(10)

∞∑
i=1

Gi

i
cos

(
2π

i
λ
Δ

)
. (6.6)
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6.3.2 Low-amplitude Periodic Perturbations

Now, suppose the object makes a time-varying movement in a constant direction

δ, that is, the reflection point p0 moves to p(t) = p0 + g(t)δ at time1 instant t.

At this new position, the excess path length can be found using its Taylor series

expansion around p = p0 as

Δ(p)=Δ(p0)+ g(t)(∇pΔ)�δ+O (g2(t)),

where ∇p is the gradient with respect to the position p, and we have used the

fact that Δ is a smooth function of both coordinates except at p = pr or p = pt.

If the movement has a small amplitude |g(t)|� 1, the second and higher order

terms in the Taylor series expansion can be ignored, and one can write

Δ(p)≈Δ0 + g(t)
[

p0 − pr
‖p0 − pr‖

+ p0 − pt
‖p0 − pt‖

[
]�δ, (6.7)

where Δ0 =Δ(p0) and we have explicitly written the gradient of Δ with respect

to p at p = p0. Let us denote the inner product in Eq. (6.7) as

δΔ �
[

p0 − pr
‖p0 − pr‖

+ p0 − pt
‖p0 − pt‖

]�
δ. (6.8)

Then, Eq. (6.6) can be written as

R1 =− 20
ln(10)

∞∑
i=1

Gi

i
cos

(
2πi

δΔ

λ
g(t)+2πi

Δ0

λ

)
. (6.9)

It is to be noted that, for small amplitude perturbations satisfying |g(t)δΔ|� d,

we have G(p)≈G(p0) by definition of G in Eq. (6.3). Consequently, the frequency

of the cosine terms in Eq. (6.9) are defined by the perturbation amplitude g(t)δΔ.

Equation (6.9) can be further simplified when g(t) is a periodic function2.

Suppose that g(t)=Λsin(2π f t), so that the affective amplitude of the periodic

movement Λ̃, and constant phase ψ can be defined as

Λ̃� 2πΛ
δΔ

λ
, ψ� 2π

Δ0

λ
. (6.10)

Then, the Fourier series expansion of the cosine terms in Eq. (6.9) are given by

cos
(
iΛ̃sin(2π f t)+ iψ

)= ∞∑
m=−∞

Jm(iΛ̃)cos(2πmf t+ iψ),

where Jm(·) is the Bessel function of the first kind [88, ch. 9]. Therefore, the

series in Eq. (6.9) reads as

R1 ≈− 20
ln(10)

∞∑
m=−∞

∞∑
i=1

{
Jm(iΛ̃)

Gi

i
cos(2πmf t+ iψ)

}
. (6.11)

1In this section, we keep the continuous time notation for readability. In fact, the
perturbation function is also discretized when the RSS samples are acquired.
2The form of g(t) is selected for simplicity. The analysis can be easily extended to any
periodic function using their Fourier series expansion as it is shown in [150, ch. 5].

110



Respiration Rate Monitoring

Using the properties of the Bessel function, the expression in Eq. (6.11) can be

written in the form

R1 ≈ c0 +
∞∑

m=1

(
c2m−1 sin(2π(2m−1) f t)+ c2m cos(2π2mf t)

)
, (6.12)

where the series coefficients are given by

cm =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

− 20
ln(10)

∞∑
i=1

J0(iΛ̃)Gi

i cos(iψ), m = 0,

40
ln(10)

∞∑
i=1

Jm(iΛ̃)Gi

i sin(iψ), m odd,

− 40
ln(10)

∞∑
i=1

Jm(iΛ̃)Gi

i cos(iψ), m even.

(6.13)

Therefore, the harmonics are localized at the integer multiples of the perturba-

tion frequency f , which can be estimated using spectral estimation techniques

as summarized below.

6.3.3 Effect of Quasi-linear Movements

Let us suppose that the object shown in Fig. 3.7 makes small periodic movements

(g(t)) in addition to a constant velocity movement in another direction so that

at the time instant t, the initial point p0 moves to p(t)= p0 + g(t)δ+vt. If g(t)

has a small amplitude and t is close enough to the time epoch, the Taylor series

expansion of the excess path length Δ is valid, and for this case Eq. (6.7) can be

written as

Δ(p)−Δ0 ≈
[

p0 − pr
‖p0 − pr‖

+ p0 − pt
‖p0 − pt‖

]�
[g(t)δ+vt] .

Similar to the definition in Eq. (6.8), let us denote the second inner product as

δv =
[

p0 − pr
‖p0 − pr‖

+ p0 − pt
‖p0 − pt‖

]�
v,

so that Δ(p)−Δ(p0)≈ g(t)δΔ+δvt. Then, Eq. (6.6) becomes

R2 =− 20
ln(10)

∞∑
i=1

Gi

i
cos

(
2πi

δΔg(t)+δvt
λ

+2πi
Δ0

λ

)
. (6.14)

In case g(t) is a sinusoidal in the form g(t) = Λsin(2π f t), as in the previous

subsection, then Eq. (6.14) can be written as

R2 ≈− 20
ln(10)

∞∑
m=−∞

∞∑
i=1

Jm(iΛ̃)
Gi

i
cos

(
2π
(

mf + i
δv

λ

)
t+ iψ

)
. (6.15)

Therefore, linear movements shift the frequency tones of the periodic movement.

It is to be noted that the expression in Eq. (6.15) has the same form as in

Eq. (6.12). However, now the effective reflection coefficient G, defined in Eq. (6.3),

is a time varying quantity since it is given by

G ≈ Γ

(1+ (Δ0 +δvt)/d)η/2 ,
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and the Fresnel reflection coefficient Γ is also a time-varying quantity due to

variation in the incidence angle θi (cf. Figure 6.2). Furthermore, the coefficients

of the series expansion now are given by

cm =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

− 20
ln(10)

∞∑
i=1

J0(iΛ̃)Gi

i cos
(
2πi δv

λ
t+ iψ

)
, m = 0,

40
ln(10)

∞∑
i=1

Jm(iΛ̃)Gi

i sin
(
2πi δv

λ
t+ iψ

)
, m odd,

− 40
ln(10)

∞∑
i=1

Jm(iΛ̃)Gi

i cos
(
2πi δv

λ
t+ iψ

)
, m even.

(6.16)

Therefore, all coefficients are time varying, and directly shifts the frequencies of

the tones. The spread of the tones around the center frequencies depends on the

Fourier transform of G ( and Γ).

The coefficients cm are time varying series, making it a difficult task to estimate

the perturbation frequency f . Since the movement speeds are usually higher

than the periodic movements such as respiration, the perturbations merely

shifts their harmonics by a small amount3. Therefore, it becomes a prohibitively

more difficult task to estimate the perturbation frequency.

6.4 Model Implications

In this section, the implications of the model derived in the previous section are

discussed in greater detail. First, the implications for measurement preprocess-

ing are discussed, and a respiration rate monitoring system is given. Second,

several other practical implications are discussed based on the numerical evalu-

ation.

6.4.1 Measurement Processing

For small periodic perturbations, the RSS is also periodic with the same period as

Eq. (6.12) implies. In other words, one can estimate the perturbation (respiration

rate) frequency f using spectral estimation techniques. These methods require

a significant SNR that can be improved by preprocessing the measurements.

When there is no other movement than the respiration, the RSS has discrete

tones at integer multiples of respiration frequency as the functional form in

Eq. (6.12) shows. However, the amplitude of the tones, which directly define the

SNR, depend on:

i.) The actual depth Λ and function of the respiration. For example, if the

3To be precise, small amplitude and low frequency perturbations smears the localized
frequency tones of the linear movement due to the time variation of the reflection
coefficient Γ.
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respiration has a rectangular shape, the amplitudes of the tones are

different than the ones given in Eq. (6.13).

ii.) The position of the person at rest. The initial excess path length values

Δ0 defines the cosine terms of all the coefficients, and modulates the

respiration-induced signal strength.

iii.) The direction of the respiration movement with respect to link line. The

parameter δΔ, which depends on the direction of the perturbation with

respect to the link-line, directly changes the effective amplitude Λ̃ defined

in Eq. (6.10).

iv.) The Fresnel reflection coefficient Γ. Although not directly visible, the

initial position also affects the Fresnel reflection coefficient Γ. We elaborate

on this below.

v.) The path-loss exponent η. Although this parameter changes the effective

reflection coefficient G, it has a secondary importance.

Figure 6.3. Processing of the RSS measurements

The SNR can be improved by filtering the out-of-band spectrum of the measure-

ments, which depend on the number of harmonics that are needed to estimate

the frequency. In this regard, as the DC term c0 is non-zero for a general Δ

and may be altered by also other static objects, it can be filtered out. If the

estimation technique can handle the DC term, only a low-pass filter is enough,

otherwise the measurements must be band-pass filtered as shown in Figure 6.3.

In case the object makes other linear movements, the SNR of the measure-

ments drastically degrades as all the coefficients in Eq. (6.16) are time varying.

If the velocity of the movement or the initial position p0 is not known, the

spectrum of the RSS measurements is defined by the time variation of the ef-

fective reflection coefficient G and the respiration (perturbation) frequency f .

If the velocity is not precisely known it is a better choice to stop respiration

rate monitoring as has been done in Publication VI. The overall algorithm for a

practical respiration rate monitoring application is given in Algorithm 4.

Suppose that the periodic movement represents the respiration of a person.

Although the respiration has a non-trivial relation between sex, age, and pos-

ture [151], on average, it is a small quantity, for example, Λ = 1 centimeter
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Algorithm 4 Respiration rate monitoring pseudo-code
1: Inputs: P [k];

2: Initialize: monitor← false; movement← false Ŝ [0]← non-fading;

3: while true do

4: estimate Ŝ [k] using Algorithm 2;

5: if monitor is true then

6: if Ŝ [k] is non-fading then

7: do stop f estimation;

8: monitor← false;
9: movement← false;

10: else

11: do estimate movement using Algorithm 2;

12: if movement is true then

13: do stop f estimation;

14: movement← false;
15: else

16: process P [k] for f estimator;

17: do estimate respiration rate f ;

18: end if

19: end if

20: else if Ŝ [k] is not non-fading then

21: monitor← true;
22: end if

23: end while

maximum displacement4. The breathing frequency f is near 0.23 Hz for adults

[152], whereas for newborns f is near 0.62 Hz [153]. Then, since Eq. (6.9) is a

series expansion of a frequency modulated signal, the number of terms in their

series expansion can found by Carson’s bandwidth rule [150, ch. 5]. This rule

states that it is enough to consider only 2(Λ̃/2π+ f ) harmonics of the Fourier

series in Eq. (6.9). Since the maximum displacement due to respiration can be

assumed to satisfy Λ= 0.01 m, and its frequency can be assumed to be less than

45 breaths per minute (0.75 Hz), Carson’s rule implies that only two harmonics

are needed to represent most of the signal5. Consequently, a conservative ap-

4This is an example value, and may not correspond to any specific combination of
sex, age, and posture for a chest or abdominal movement associated with the respira-
tion [151].
5Carson’s rule predicts that if breathing is a smooth function, more than 98% of the
signal energy will be contained in the first two harmonics.
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proximation of the signal in a logarithmic scale R is obtained by truncating the

series in Eq. (6.12) at the second term. For lower respiration rates, it is possible

to truncate the series after the first term and obtain a single tone approximation

which was used in previous works [16].

6.4.2 Practical Implications
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Figure 6.4. The variation of RSS with object’s position of a link of nodes shown as red dots

An example deployment of a respiration rate monitoring system is expected to

yield the RSS measurements shown in Figure 6.4. The TX node at pt = [−1,0]�

and RX node at pr = [1,0]� operating with the wavelength λ= 0.125 m forms a

link in an environment with a path-loss exponent η= 2 when a circular object

of radius 0.3 m and relative permittivity εr = 1.5 moves to different positions.

When the object is at a position that yields the specified excess path lengths

Δ0, and it makes a sinusoidal movement in the direction δ= [0,−1]� and the

amplitude Λ= 0.01, the RSS variation is shown in Figure 6.5a. The variation of

the root-mean-square (RMS) error between the model output in Eq. (6.2), and the

approximation using two harmonics and the Ith order series in the coefficients in

Eq. (6.13) with excess path length, is shown in Figure 6.5b.

A closer look at the coefficients in Eq. (6.13) reveals that when Δ≈ nλ/2 for any

integer n, all the odd order harmonics c2m−1 get closer to 0 due to the sin(nπ)

product. Similarly, when Δ≈ nλ/4 for odd n, all even order harmonics c2m get

closer to 0. Therefore, for some special values of the initial excess path value Δ0,

the breathing of a stationary person may exhibit only even or odd harmonics in

their measurement signal. This argument is independent of the actual periodic

breathing signal function. In Fig. 6.5a, Eq. (6.2) is used for calculating the RSS

values for different Δ0 values. It can be seen that when Δ0 = 3λ/2, the RSS has

a smaller amplitude but double perturbation frequency. At these distances, it
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Figure 6.5. In (a), the variation of the RSS when the object makes a sinusoidal movement. In (b),
the variation of the RMS error.

can be observed from Figure 6.6a that the signal energy is very small.

The effect of position displacement on the incidence angle θi can be seen by

inspecting its definition shown in Figure 6.2, which yields

θi = π

2
− 1

2
arccos(Θ),

Θ(p)�
(

p− pr
‖p− pr‖

)�( p− pt
‖p− pt‖

)
.

(6.17)

Then, it follows from the definition of the Fresnel reflection coefficient Γ in

Eq. (3.7) that its first order Taylor series expansion reads as

Γ≈Γ0

(
1− Θ(p)−Θ(p0)√

(Θ2(p0)−1)+2(Θ(p0)+1)εr

)
, (6.18)

where Γ0 is the coefficient at the initial position p0. When the object is between

the nodes, and as it gets closer to the link-line p gets closer to −1, the rate of

change of Γ increases so that small amplitude perturbations may significantly

alter Γ. Therefore, it is important that the small perturbations are not exactly

on the link-line.

The infinite series in Eq. (6.13) can be truncated at lower orders if the total

signal energy is concentrated greatly in lower order harmonics. For this purpose,

one can invoke Parseval’s Theorem to find the signal energy of R from the

periodic series expansion in Eq. (6.6) as

ER �
∞∑

i=1

G2i

i2 =Li2(G2),

where Li2(·) is the di-logarithm function [154]. Then, the total signal power is

monotonically increasing with G. Since G, defined in Eq. (6.3), is a decreasing
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Figure 6.6. In (a), the variation of signal energy E1 with the excess path length Δ. In (b), the
relative contribution of harmonics to the signal energy for the object in Fig. 6.4
moving on the mid-line between TX and RX (x = 0) and on the specified y-axis values.
In the plots, the coefficients are normalized with ĉ2

m = c2
m
/
E1. Dots are coefficient

square values for 16 frequency channels separated by 5 MHz, and solid lines are
their means.

function of Δ and an increasing function of Γ, it attains its maximum when Δ= 0

so that Li2(G2) ≤ Li2(Γ2). This implies that the signal energy is concentrated

at lower order harmonics if Γ is lower than 1, which is defined by the incidence

angle θi (cf. Figure 6.2) and the object’s relative permittivity. When the reflector

object is close to the link line, θi approaches to 0 radians making Γ very close to

1. In this case, a high number of terms are needed to reach a good approximation

of the series in Eq. (6.13). However, when the object is sufficiently far away

from the link-line, Γ assumes smaller values and Δ increases, making G a small

quantity. When G is smaller than 0.7, the first two harmonics in Eq. (6.6)

contain 96.76% of the total signal energy ER , making two-term approximation a

reasonable choice. The variation of the RMS error with the excess path length Δ

is depicted in Figure 6.5b for different truncation orders of the series in Eq. (6.13)

while using only the first two harmonics in Eq. (6.12). As shown, even for a

small Δ, the two-term series truncation yields a small error.

Consider the signal energy of the approximate (two harmonics and two terms

in the coefficient series) signal, which is given by

E1 � c2
1 + c2

2 . (6.19)

Its variation with Δ for the scenario used in generating the results in Figures 6.4

and 6.5 is depicted in Figure 6.6a. As shown, the energy may significantly

change with the object’s position only. One consequence of this result is there

are certain positions where small changes drastically degrades the SNR. For

117



Respiration Rate Monitoring

example, when the object in Figure 6.4 is moving on the mid-line between the

transceivers, at certain y-axis values, the relative importance of the second

harmonic exceeds the first harmonic as shown in Figure 6.6b. When the excess

path length is close to such a value, even small wavelength variations may

change the SNR of the measurements as can be observed from the dot plots in

the figure. Furthermore, any uncertainty in the electrical parameters of the

object or its geometry increases the uncertainty further. Therefore, the SNR is

statistical, and it is a very tedious task to accurately compare the model output

with the measurement data.

6.5 Respiration Rate Estimation

The characterization of the respiration-induced signal discussed above implies

that the signal can be low-pass filtered to include only one harmonic in the

remaining measurement. In this case, it is possible that the respiration signal

is totally suppressed since there are some excess path length Δ values that

have very small odd harmonics. However, most of the related works [15, 16]

and Publication VI use a single-tone parameter estimation method for the

purpose. Under this assumption, it is well known that the maximum likelihood

estimate, which has all the good properties of the estimators [155, ch. 5], is

known to be the peak of its periodogram [134]. The peak of the periodogram

can be calculated using the fast Fourier transform (FFT). However, this method

requires significant frequency resolution and a high SNR for good performance

since it is subject to thresholding effects. In the high SNR regime, one alternative

is to calculate a coarse discrete Fourier transform (DFT) of the measurements

and the estimate can be improved by using three Fourier coefficients [156] or

using three samples directly in the DFT domain [157].

The peak of the DFT estimator is prone to windowing effects, and can work

only when a set of measurements are available. The measurement set must

be formed by samples that have equal time separation from one another. In

order to increase the frequency resolution, it is often necessary to zero pad the

measurement sequence, which causes DC leakage to neighboring bins. Since

the respiration rate is low, the leakage of the DC term drastically degrades the

performance of the batch DFT-based estimator. The Bayesian recursive spectrum

estimation method proposed by Qi et al. [158] addresses these issues, and

allows one to estimate the spectrum recursively. Therefore, Bayesian recursive

estimator (Kalman filter) is preferable over the batch estimator.

The performance of both batch and recursive estimators, however, depends
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on the validity of the assumption that the first harmonic of the respiration is

the strongest. However, as it is shown in the previous section, under high SNR

conditions, more than one harmonic may be observed depending on the initial

position p0. Furthermore, it is also possible that even harmonics have larger

energy than odd harmonics, which means that for high SNR conditions frequency

estimators that take this into account perform better. In [159], a model-based

estimator is proposed. It is shown that this estimator performs as well as

estimators based on the peak of the DFT, and cope with even harmonic-only

conditions better.

Here, we do not go into the details of the estimators. The interested readers

are invited to investigate Publication VII, and the original references given

above.

6.6 Empirical Evaluation

In this section, the developments above are evaluated using experimental data.

In the following, we present the experimental setup and an overview of the

experiments before introducing the evaluation metrics. Then, the results are

given.

6.6.1 Experimental Setup and Experiments

The experiments are conducted using the nodes with the hardware and soft-

ware platform described in Chapter 4. The TX node is programmed to transmit

packets over 16 frequency channels of the IEEE 802.15.4-2006 MAC/PHY specifi-

cation in the 2.4 GHz ISM band. After each transmission, the frequency channel

of communication is changed sequentially to cover the 80 MHz spectrum. The

RX nodes are programmed to listen for ongoing transmissions. Upon reception,

the packets are timestamped at the start-of-frame delimiter with a resolution of

1/32 microseconds, and the received frames are stored in a non-volatile memory.

The first experiment aims at evaluating the accuracy of the estimators. The

RSS measurements are acquired by a single RX node, which is 2 m away form the

TX node. The transmission interval is set to 2 milliseconds. Thus, fs = 31.25 Hz

for each frequency channel, which is considerably higher than the breathing

frequencies of interest. During the experiments the person is lying on a bed,

where his chest is approximately 25 cm away from the link-line while breathing

at a constant rate set by a metronome. The person breaths at 5 different

rates: 12,14,16,18 and 20 breaths-per-minute (BPM). In total, 80 time series
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are recorded and used for evaluation purposes. We refer to this experiment as

the bed experiment.

The second experiment aims at evaluating how the SNR alters the estimation

performance. The TX node emits frames every 1.92 milliseconds, and 11 RX

nodes acquire the RSS when the person is standing in four different positions

as shown in Figure 6.10a. At each position, the person is standing still while

breathing at a constant rate of 12 BPM. The setup is also used for acquiring the

RSS measurements when the environment is empty. In total, 176 time series

are recorded for each position so that the evaluation is based on 704 data series.

We refer to this experiment as the room experiment.

The acquired RSS data is preprocessed as shown in Figure 6.3. The bandpass

filtered data y[k] is obtained as the output of two processing stages: first the

mean is calculated and removed from the measurement P [k], and then the

result is low-pass filtered. The low-pass filtered data z[k] is obtained by simply

low-pass filtering P [k]. The used low pass filter is a 5th order elliptic filter

that has a passband frequency of 2 Hz and a stop frequency of 3 Hz, a 0.05 dB

maximum ripple in the pass band, and the attenuation factor of 40 dB in the

stop band.

6.6.2 Evaluation Methodology

During the evaluation, we refer to the output of the batch estimator as the DFT

estimate, the recursive Bayesian estimator as the Kalman Filter (KF) estimate,

and finally, the model-based estimator output is referred to as the Gaussian

Process (GP) estimate.

The evaluation in this section is based on the mean absolute error (MAE)

calculations. For the breathing frequency estimation, the MAE in BPM is

defined as

ε f �
60
K

K∑
k=1

| f̂ [k]− f |, (6.20)

where f is the true rate, and f̂ [k] is the kth frequency estimate out of K total es-

timates. This metric fails to provide a measure of the dispersion in the estimates.

For this purpose, we use the ratio of estimates within 1 BPM neighborhood of

the true frequency f

ε% � # of f̂ in 1 BPM neighborhood of f
# of estimates

·100. (6.21)

In order to quantify the convergence and steady-state error, we calculate ε f for

the data in the first 30 seconds and for the data afterwards separately. We refer

to the former as ε f (t ≤ 30 s) and the latter as ε f (t > 30 s). When the estimates
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have some outliers, e.g. they converge to the second harmonic frequency, we

also calculate ε f by excluding those outliers, and refer to the result with ε f w/o

outliers.

The room experiment is used for evaluating the performance of the estimators

under varying SNR conditions. The SNR of the signal is estimated using the

power spectral density estimate Ŝ, using the knowledge of the actual breathing

frequency. Let the set L( f ) contain the indices of the bins that are in a neigh-

borhood of the harmonics of the true breathing frequency, excluding the DC

term, and B denote the bins within the interval 0.1 and 3 Hz, which define the

frequency range we are interested in. Then, an SNR estimate is given by

ζ̂� 10log10

⎧⎨
⎩

∑
n∈L( f )

Ŝ[n]
/ ∑

n∈B /L( f )

Ŝ[n]

⎫⎬
⎭ , (6.22)

where Ŝ[n] are the elements of Ŝ, and the sets are disjoint. In the following,

we use only the first two harmonics when forming the set L( f ), and all other

spectral bins contribute to the noise power.

6.6.3 Results

Bed experiment

(a) channel 3 (b) channel 10

Figure 6.7. The breathing effected RSS measurements of two different channels in the bed
experiment

In Figure 6.7, the RSS measurements are illustrated on two different frequency

channels when the person is breathing at a constant rate of 0.2 Hz, that is,

12 BPM. The signal shown in Figure 6.7a contains a strong first harmonic at

the breathing frequency and all methods are capable of estimating the true

frequency correctly as illustrated in Figure 6.9a. The recursive GP and KF

methods converge to the true frequency in approximately 15 s, whereas the

121



Respiration Rate Monitoring

batch DFT method requires 30 s because of the time window used to calculate

the DFT.

(a) channel 3 (b) channel 10

Figure 6.8. The spectrum of the measurements calculated using batch and recursive Bayesian
methods

The breathing induced changes are not as evident for the signal shown in

Figure 6.7b since it contains higher order harmonics as proposed by the model

and as illustrated in Figure 6.8b. The KF and DFT methods estimate the

breathing frequency using the peak of the spectrum, resulting in an incorrect

estimate of f ≈ 24 BPM which corresponds to the second harmonic. The higher

order harmonics are taken into account in the GP-based estimator when the

truncation order is higher than 1. As a result, the method can correctly estimate

the true breathing frequency as illustrated in Fig. 6.9b.

(a) channel 3 (b) channel 10

Figure 6.9. Breathing rate estimates of different methods.

The measurement setup of the bed experiment is a realization of the mea-

surement setup evaluated in Figure 6.6b. Thus, small displacements of the

person, as can be observed in Figure 6.6b, causes drastic changes in the SNR.

Furthermore, different frequency channel measurements may have different
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Table 6.1. Results of the bed experiment

GP KF DFT

ε% [%] 97.50 88.75 87.50

ε f (t ≤ 30 s) [bpm] 1.06 5.10 -

ε f (t > 30 s) [bpm] 0.25 1.44 1.41

ε f w/o outliers [bpm] 0.15 0.25 0.26

behavior as the spread of the dots in the figure imply. For the acquired 80 signals,

there are 8 signals having higher energy in the second harmonic. According to

the evaluation in Figure 6.6b, a particular y value (between 0.24 and 0.26 m)

can yield such measurements. Therefore, the model correctly resembles this

important scenario.

Performance of the estimators is summarized in Table 6.1 and, on average, the

spectral estimation techniques yield comparative accuracy while the GP-based

estimator outperforms them. The ratio of valid estimates is summarized by ε%

and the 10% difference in favor of the GP method originates from the fact that

the second harmonic has the highest amplitude in 8 out of 80 signals resulting

in incorrect estimates with the spectral techniques. The recursive GP and KF

methods typically converge in the first 30 s and 75% of the estimates converge to

within 1 BPM of the true rate in 15.8 s with the GP method and in 17.6 s with

the KF method. However, the GP method attains a significantly lower ε f (t ≤ 30 s)

compared to the KF method, since the KF errors are typically very large due

to the jumpy behavior as observed in Figure 6.9a. After the transient period

(0−30 s), the GP method achieves a lower MAE than the spectral estimation

techniques as given by ε f (t > 30 s). However, these results are severely affected

by the experiments that resulted in incorrect estimates resulting from the

measurements not showing the first harmonic, but the second one. Neglecting

these outliers, one can observe that all methods yield comparative accuracy as

given in the fifth row of Table 6.1. The steady-state accuracy of the spectral

methods is mainly affected by the frequency bin size, whereas the GP accuracy

could be improved by selecting a smaller power spectral density amplitude of

the frequency process. However, this would also decrease the responsiveness of

the filter to possible breathing rate changes.

The development in Section 6.3 concludes that the RSS is composed of more

than one harmonics. However, the relative importance of the higher order har-

monics depends on several factors, which include the actual breathing function

(in this regard it is evident that natural breathing is not a sinusoid) and the

123



Respiration Rate Monitoring

Table 6.2. ε% [%] with DFT method in room experiment

Receiver number

pos. 1 2 3 4 5 6 7 8 9 10 11

1 6 0 13 0 6 19 19 19 25 19 6

2 0 6 75 44 13 31 6 6 38 6 13

3 0 0 6 6 25 13 6 25 6 6 25

4 0 0 0 6 19 0 13 0 6 0 31

effect of the quantization in a typical RSS measurement systems discussed in

Chapter 2. In order to quantify the importance of higher order harmonics, one

may investigate the estimated energy in harmonics for all the 80 time series.

Since the GP method estimates the Fourier series coefficients, the relative

energy in the mth harmonic can be defined as

E(m) = u2
m

/ 4∑
n=1

u2
k,

where um denotes the coefficient estimate. Averaging E(m) across the 80 experi-

ments results in E(1) = 86.62%,E(2) = 11.00%,E(3) = 2.13% and E(4) = 0.25%, thus

the first two harmonics contain approximately 98% of the energy. This value

is very close to the value predicted by the Carson rule of thumb, and implies

that the actual breathing signal is a smooth function, not containing any jumps.

Typically E(1) ≈ 93%, but it can be as low as 36% validating the importance of

having an estimator that takes into account the higher harmonics.

Room experiment

The CDFs of the link SNRs for the room experiment are illustrated in Fig. 6.10b.

The maximum SNR value for the empty room measurements is −12.42 dB, and

7.4−25.0% of the link SNRs exceed this value when a breathing person is present.

Thus, all positions clearly contain information regarding the respiration rate of

the person. However, the SNR in the room experiments is typically much lower

than in the bed experiment as shown in Fig. 6.10b.

The SNR of a link is defined by the signal energy E1 given in Eq. (6.19) for

which the coefficients cm can be calculated using Eq. (6.13). The coefficients cm

are functions of the effective reflection coefficient G, defined in Eq. (6.3), and

the effective amplitude of the periodic movement Λ̃ given in Eq. (6.10). The

signal energy E1 increases as G increases, and G has its maximum when Γ is

at its maximum on the link line. In the room experiment, when the person

is at position 1, G is in the interval [0.02, 0.09] for the nodes 1 to 5, whereas
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(a)

(b) (c)

Figure 6.10. In (a), layout of the room experiment, where © is the position number of the person
while facing in the direction shown with an arrow, � is the receiver node identifier
between 1 and 11, and finally � is the transmitter node. The CDF of link SNRs in
different positions, including empty room (None) and the bed experiment (Bed), are
shown in (b). In (c), the variation of ε% with the SNR for the different estimators is
shown.

for the nodes 7−11, G ∈ [0.11, 0.23]. As a result, the calculated signal energy

E1 = [0.02, 0.16] for the nodes 1−5 and E1 ∈ [0.19, 0.23] for the nodes 7−11.

With the nodes 1−5, the average SNR is −18.22 dB and ε% = 5.0% whereas with

nodes 7−11, the average SNR is −16.24 dB and ε% = 17.5%. Thus, in position 1,

it is expected that successful breathing monitoring is more likely with the nodes

7−11. The estimation results given in Table 6.2 are in accordance with this

statement.

The effective reflection coefficient G is not the only parameter that affects the

signal energy. In the position 2, G is in [0.21, 0.33] for the nodes 3−4, whereas

for the nodes 7−8, G ∈ [0.70, 0.94]. Respectively, the effective perturbation

amplitude Λ̃ ∈ [0.30, 0.54] for the nodes 3−4, it is in [0.02, 0.12] for the nodes

7−8. The position 2 does not favor breathing monitoring using the nodes 7−8

despite that G is three times larger than it is for the nodes 3−4. The reason for
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this short coming is that the breathing causes very small changes in the RSS

of the nodes 7−8 and E1 ∈ [0.00, 0.11], whereas for the nodes 3−4 the signal

energy is E1 ∈ [0.30, 0.86] due to the orientation of the person. Correspondingly,

the average SNR of the nodes 3− 4 is −10.53 dB and ε% = 59.4%, whereas

for the nodes 7−8 the average SNR is −15.88 dB and ε% = 6.3%. Again, the

experimental results support the implications of the model.

It is important to keep in mind that a slight change in position or orientation

can have a significant impact on the signal energy of the links and therefore, the

spatial diversity, or the frequency channel diversity, must be used to increase

the likelihood of successful estimation of breathing rate. Results for the different

receivers and positions are summarized in Table 6.2 and it can be concluded

that it is possible to successfully monitor breathing across a large area as long

as the position and orientation of the person yields a SNR higher than −5 dB as

in the bed experiment.

In Fig. 6.10c, the variation of ε% as a function of the SNR using the different

estimators is depicted. As shown, the estimation accuracy improves with every

estimator when the SNR increases and ε% = 100% with all methods when

SNR≥−4 dB. Although for the bed experiment the GP method outperforms the

other estimators, its performance is lower when the SNR is low. In this region,

the second and higher order harmonics have lower power than the noise so they

are not as important as they are under high SNR conditions. Correspondingly,

the batch DFT-based and recursive spectral estimators outperform the GP

method. This result suggests that for a low SNR operating region the batch

DFT-based estimator is better whereas for high SNR conditions the GP method

is better in terms of accuracy. It is also to be noted that the GP method has other

advantages, the most notably, it relaxes the data acquisition requirements by not

requiring uniform sampling, being able to operate with occasional packet losses,

and offering a better fusing of the measurements from different communication

channels [159]. Therefore, it is of the utmost importance to investigate the

achievable performance, and to select an appropriate estimator.

6.7 Discussion

In this chapter, the single-bounce reflection-based RSS model is used for deriving

a model for respiration rate monitoring. It is shown that the respiration-induced

signal is a periodic signal with Fourier series expansion. It is also derived that

any motion other than breathing interferes with the breathing signal. The result

implies that interrupting the breathing rate monitoring when the person moves
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is a practical necessity. The model implications are validated with empirical

data.

The models summarized in this chapter enable the evaluation of different

system configurations for respiration rate monitoring. In this regard, several

estimators can be tested and evaluated for varying conditions, and suitable ones

can be selected. Furthermore, the models enable the evaluation of different

measurement systems in terms of price and expected performance. Such an

evaluation is very important for a real-world application of RF-based respiration

rate monitoring systems.
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7. Conclusion

Narrowband RF inference is an emerging field that aims at estimating the

location and actions of a person using the radio measurement of commercial

off-the-shelf narrowband wireless communication devices forming short-range

wireless networks known as RF sensor networks. This thesis is composed of

works on modeling the variation in the received signal strength (RSS) measure-

ments of the receivers with the location and actions of a person. The derived

models are used for processing the measurements to reach the goals set by

various applications. In particular, device-free localization and respiration rate

monitoring are considered, and the models are used in and extended for various

scenarios. The development efforts are validated using experimental measure-

ments. The results suggest that the models allow optimized deployments and

low-complexity systems whose performance reaches to the performance of state-

of-the-art works.

The research in the thesis shows that the impact of a person on the RSS

measurements of a link can be represented using mutually exclusive three

temporal states. A link is in the non-fading state when it is not affected by the

person; it is in the reflection (fading) state when its link-line is not blocked but

its RSS is affected by the human, and in the shadowing state when its link-line

is blocked. It is shown that, in the non-fading state, the RSS measurements

have a log-normal distribution, however, this distribution does not originate

from the widely used log-normal shadow fading argument but from logarithmic

transformation in the RSS measurement system of a typical receiver (Publication

II). In this thesis, it is shown that it is possible to model the reflection-dominated

state, which enables various possibilities. First,the measurement of the links can

be related to a large area around the link-line, which enables location inference

using as low as two receiver nodes (Publication III). Second, a single parameter,

excess path length, can be used for parameterizing the RSS measurements.

This allows one to define monitoring regions in terms of the excess path length
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(Publication V). Third, the excess path length parametrization also enables one

to investigate the impact of small amplitude movements, such as respiration

movement, on the RSS (Publication VII). Therefore, the modeling effort not only

better represents the RSS measurements but also contributes significantly to

the research field.

The derived models are validated using a novel measurement setup. The pre-

sented works are validated using an RF sensor network management software

tool (Publication I), and deployed using the nodes developed during the thesis

work [54]. The operation of the testing deployments obey the rules of a novel

transmission schedule (Publication I), which takes into account the limitations

imposed by the propagation channel and the network itself (Publication I). The

uncertainties induced by the test subject are minimized using an autonomously

navigating robot, equipped with a container filled with liquid that has the same

electromagnetic properties as the human tissue (Publication IV). The models

are validated using the measurements acquired when the robot is navigating in

the monitored area. The robot can accurately localize itself, while the position

information can be logged to an on-board computer. The computer also can

synchronize the logs to the network operation. The monitoring of respiration

rate using a single pair of transmitter and receiver nodes is validated using

the developed nodes, and compared with the high quality measurements of a

real-time spectrum analyzer (Publication VI). Therefore, the models and devel-

opments in the thesis are validated using high quality measurement setups that

allow one to make conclusive justifications, also under complicated situations

including a multiple person case [42].

The prior works have considered the effect of a person on the link’s measure-

ments in a narrow region around its link-line by taking the impact of reflection

as a random variation. The research in the thesis advances the state-of-the-art

of the RF inference by introducing a temporal state that discriminates when a

human body reflects electromagnetic energy and when it is shadowing a link.

Although various implications of this approach are investigated in great details

in the thesis, there are several more that can be exploited. Regarding the lo-

calization, it can be shown that the kinematic state of a person can be made

observable by taking the time variations of the measurements into account.

This implies that the measurements can be used for estimating movements of

a person with high accuracy using low-complexity estimators. On the other

hand, similar to the breathing rate estimation of a person, various gestures with

distinctive features can be identified with high confidence in a large area such

as an apartment or living room. Therefore, the introduced model is expected to
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improve the acceptance of RF inference technology in different areas by enabling

use-cases which were either impossible or unfeasible due to practical factors.

The proposed models are valid under specific assumptions, and there are

some situations these assumptions are not satisfied. In these cases, either more

general models with relaxed assumptions must be used, or these assumptions

must be validated. For example, the reflection model assumes that the (coherent)

receiver synchronizes to the signal propagating the shortest path, and both the

reflected and the synchronized signals experience similar fading. In future work,

detection of the instances when either of the conditions are not satisfied can be

elaborated. On the other hand, practical deployments of RF sensor networks

require always-on operation to monitor the region of interest. For this type of

operation, the nodes supplied with a finite energy battery quickly deplete their

energy source, in turn dictating a very short lifetime for some of the applications.

One possibility to overcome this difficulty is to make use of ambient RF signals

to localize targets.
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