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Abstract

Localization of objects and people in indoor environments is of critical importance in
applications ranging from delivering innovative positioning services, healthcare,
advertising, shopping, stocking and warehousing, emergency situations such as building
fires and many more. For example in hospitals, the timely access to all the necessary
equipment and personnel in an emergency situation may determine a patient’s survival.
Locating critical resources and equipment with accuracy and speed is especially needed in
cases where such assets are misplaced or not adequately organized in space. In another
example, in airports and other transportation facilities where typical outdoor positioning
systems do not function, indoor positioning systems based on 802.11 or similar
technologies can be used for tracking valuable items. Numerous and varied uses of indoor
localization range from improving the behavior of communication systems, e.g. timely
planning of proactive handovers between access points or base stations leading to the
improved end user’s experience, locating/tracking assets for security applications, or even
delivering targeted advertisements inside shopping centers. Depending on the underlying
technology, various methods may be used to locate a wireless user connecting to a wireless
infrastructure comprising of access points and/or base stations. These methods include
techniques based on Received Signal Strength (RSS), Time of Arrival (TOA), Time
Difference of Arrival (TDOA), Angle of Arrival (AOA) etc.

This work examines and proposes new methods to increase localization accuracy in
indoor environments through the use of 802.11 commodity off-the-shelf equipment.
Multiple approaches are followed for developing optimal indoor localization techniques
and systems. Firstly, existing well-known indoor localization techniques are replicated
leading to a greater understanding of their advantages, drawbacks, and limitations.
Subsequently current limitations are addressed aiming towards the development of new
techniques and algorithms to progress beyond the current state of the art. The algorithms in
this work address wireless indoor localization using off-the-shelf equipment focusing
mostly on time-based localization techniques, although a novel RSSI method is also
investigated and proposed. Two different approaches are presented regarding the use of the
proposed algorithms in conjunction with other techniques for implementing a real-time
localization system. In regards to time domain techniques, an innovative time-based
localization method that utilizes the information provided by 802.11 Beacon packet data is



also presented. The advantage of this method over other time-based methods is that the
Mobile Terminal (MT) overcomes the need for establishing a connection to an Access
Point (AP), sending and receiving packets and clock synchronization. The method works
by analyzing Beacon timestamp and MAC timestamp. The use of Beacon Interval, Beacon
timestamp and Service Set Identifier (SSID) of a packet, enabled optimal processing of the
collected MAC timestamps to provide a hybrid TDOA-TOA localization method. Another
contribution of this work is a novel approach that is able to accelerate network packet time-
based methods, based on a packet validation process. It is shown that the localization
process time can be shortened without reducing positioning accuracy.

Moreover, the problem of tracking a moving target in an indoor environment using
time-based methods is also addressed by utilizing a particle filtering method based on the
kinematic characteristics of the target and past measurements. This method offers target
trajectory information which has the potential to improve localization. The particle filter
based method sequentially estimates the posterior of the target state and is able to fuse past
and present measurements from multiple sensors with the target kinematic information in

order to improve localization.

Although the main focus of this work is on time-based localization methods, during
the research various RSS-based methods have been evaluated. Time based and RSS based
localization methods are the two most popular indoor localization approaches. In order to
go a step further in performance evaluation of the proposed methods, a cross comparison
study between these approaches was necessary to take advantage of the best of both
worlds. Following several experiments, it was found that while typical RSS methods
utilize the average signal of surrounding APs recorded at stationary points, better
localization results can be achieved by utilizing multiple RSS signals, e.g. over a path. It
was observed that using RSS over travelled paths can improve localization accuracy and
creates more accurate data-driven measurement models. This has led to the development of
a new WKNN localization technique — described in a paper titled “a novel RSS-based

localization method using path analysis”.

Last but not least, in this thesis the terms “Localization” and “Positioning” are used

interchangeably and they refer to the same definition.



Hepiinyn

H owrpir e€etdler kar mpoteivel véeg peboddove yio v avénon g axpipelog
EVTOMIGHOV EVOG AGVPUATOV YPNOTN GE EGOTEPIKOVS YDPOVG, Y10 TNV TAPOYN KAVOTOU®V
VINPESLOV  EVTOMIGHOD Béomg, péow TG ypnong ovvnbiopuévov efomAicpold mov

vrootnpilet teyvoroyieg tHmov 802.11.

Mo Tapddetypa, oto vosokopeia, n €ykaipn tpoOGPOc GTO VOGOKOUEINKO EO0TAGULO
KOl GTO TPOCHOTIKO G KUTAGTACT EKTAKTNG avAykng pmopel va kabopicel v emPioon
evog ao0evoic. e agpodpdpiLa, EUTOPIKA KEVTPO Kol AAAOVS ECOTEPIKOVS YDPOVG, OOV TaL
TUTIKG  GUOTNUOTO  EVIOMIGUOL Omwc t0 GPS dev  Aettovpyovv, pmopodv va
ypNoonomBodv eocmtepikd cvotiuata evtomcpoy 0éone Paciopéva oe texvoroyieg
802.11 v oxomo¥vs maPAS0oNG CTOXELOUEVNS JENUoNS, €ELTNPETNONG VINPECIDOV

EKTOKTNG OVAYKNG KA.

Avdloya pe v SwbBéoyun texvoloyia, eivor dvvatd vo  ypnoipomonfodv
OlpopeTiKéG HEBOdOL Yoo TOV EVIOMIGUO €VOG AGUPUOTOL ¥PNoTN. AVTEC ot pébodot
neprthappdvouy teyvikég mov Pacifovror oty woyd Tov onuatog (RSS), v dpa deiEng

(TOA) 1 ) ypovikn dtapopd apiEng (TDOA), ™ yovid dpiEng (AOA) K.AT.

Apycd 1 draTpiPn emMKEVIPOVETAL KVPIWG OE TEXVIKEG EVTOMIGHOV Tov PBacilovtal 6To
ypovo (TOA/TDOA) «kar otn ouvvéyela dlepeuva kot mpoteivel e véo péBodo

POBI0EVTOTIG O TTOV oThpileTarl otnv o) Tov onuatog (RSS).

Ocov agopd 115 teyvikég mov Pacifovior oto ¥poévo, N dwTpiPr] OVOTTUGGEL Kot
TopoVCIalel o KovotOpo HEBOOO EVTOMIGLOD OV YPNGIUOTOLEL TIG TANPOPOPIES TOL
nmapéyovion ota Beacon maxéta tov 802.11. To mieovéktnua avtig ¢ pebddov oe oyxéon
pe GAdec peBooovg mov Pacilovtar oto ypodvo, givar OTL 1| AGVPUOTN CLOKELY O&V
amotteitanl vo givar evouévn ot acvpuateg cvokevég 802.11 g vrodoung (Wireless
Access Points / Wireless Routers). H pébodog Aertovpyei avarlvovtac to eKAapuBavouevo
timestamp evog maxétov. Mo GAAN ovpPoAn eivor M avaivon Kol TOPOLGIoon Ui
TEYVIKNG TOL UEWDVEL TO ¥PpOVO GLALOYNG TV Tokétwv Beacon, dote m ddikacio
padloevtomic ol va yivetor og pkpotepo xpovo. H datpipn e&etalet ko avolvet eniong
Vv Kivnom evog ypnot) o€ €va ecmTePKd TEPIPAALOV, PN oIHOTOIDVTOS HEBOOOVE TOV

BaoiCovtar o€ particle filtering.



[Tapdro mov to emikevIpo avTNG TG EpYaciag ivor ot uéBodot evromopov pe Bdon to
xPOVO, N dlaTpiP] TpoTEivEL EMioNg U0l VEQ TEYVIKT PASIOEVTOTIGHOD BACIOUEVT) GTNV 1GYD
tov onuoatoc (RSS). H mpotewvduevn teyvikn Poociletoar o1 odyKpon Tov padio-
OITOTVTIMLOTOG HOG GEPAG onueiov, og avtifeon pe aAleg pebddovg mov otnpifoviol 6to

PAd10-amOTOTO A EVOG oNUEiOV.
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Chapter 1. Introduction

Chapter 1

1 Introduction

Positioning, or localization, of wireless users refers to the process of locating or
tracking wireless devices used by users and/or assets. Research on positioning of wireless
users has been conducted for decades [1] attracting increased interest with the introduction
of cellular services and the requirement from operators to provide the users’ location
information to public safety services in emergency situations [2] . Although initially
employed in the service of public safety, subsequent research has led to the introduction of
new commercial services that became feasible with the knowledge of mobile user’s exact
location including location-sensitive billing, cellular phone fraud detection, cargo tracking,

navigational, yellow-pages services and etc.

Research has also examined the nature of the wireless channel in order to estimate
meaningful parameters and methods that could be used for localization purposes. The most
frequently employed methods are geometrical — in particular those based on the estimation
of the Angle of Arrival (AOA), the Time of Arrival (TOA), the Time Difference of Arrival
(TDOA), Received Signal Strength (RSS) or a combination of the above [3] [4] . Achieved
localization accuracy depends on the underlying technologies, the methods used and the
complexity and dynamism of the varying radio channel. The application of some of these
methods in indoor environments presents an additional degree of complexity compared to
the outdoor environment due to the variety of building materials [5, 6]. Furthermore, there
is likely to be a non-line of sight (NLOS) between the user and the wireless infrastructure
(e.g. access points, base stations) leading to decreased robustness of a RSS-based scheme.
The inherent complexity of indoor environments can degrade both the accuracy of RSS-
based methods as well as of methods based on timing information (e.g. TOA), especially if
the delay effect of the travelled paths through the indoor environment cannot be accurately

described.



Chapter 1. Introduction

1.1 Thesis Motivation and Objectives

For the past decade Global Navigation Satellite Systems (GNSS) [19] provided
numerous positioning and localization opportunities around the world. Today, it is almost
impossible to imagine a world without navigation and localization systems. Almost all
major day to day activities such as transportation, traveling, security, banking and many
more, somehow rely on GNSS. As we experience the advantages of positioning systems
with technology evolution, the demand for indoor localization is in the rise. That is why
the use of wireless signals for providing localization of users (terminals) and or assets in
indoor environments where no GNSS signals are available has attracted significant interest
in recent years [28] [42] [55] [62] [81] .

Even though research on indoor localization has been active for many years, there is
still no overall solution that can provide high availability, reliable coverage area, low cost,
easy to use and implementation simplicity [28, 42, 55, 62, 81]. As 802.11 becomes widely
available, it provides more opportunities for implementing a low-cost, off-the-shelf indoor
localization system. In this work, indoor localization problems are addressed by firstly
providing a detailed problem definition including the problem constraints and
specializations followed by a comprehensive investigation into ways of increasing indoor
localization accuracy through the use of 802.11 equipment (e.g. WiFi). For this purpose, a
number of localization techniques were implemented and their performance was evaluated
using realistic data for distinguishing and selecting the most appropriate indoor localization
techniques [20, 21, 25, 32, 53, 71, 75, 86, 93].

There is no doubt that time-based localization methods [55, 62] can be especially
useful in dynamic environments where the usefulness of Received Signal Strength (RSS)
fingerprint based methods [42, 62] can be limited. Typical off-the-shelf 802.11 network
packet time-based methods tend to collect a large number of packets and apply statistical
analysis in order to localize a user [23-25, 60]. This packet collection process typically lies
in the range of minutes, thus turning this type of localization into a non-real time process.
Moreover, the kinematic characteristics of the target and past measurements offering target
trajectory information which have the potential to improve localization should be taken
into account. Using a particle filtering method [16, 84] can help to address the problem of
tracking a moving target in an indoor environment using off-the-shelf time-based methods.
The particle filter based method sequentially estimates the posterior of the target state and

is able to fuse past and present measurements from multiple sensors with the target
2
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kinematic information in order to improve localization. The localization performance can
be assessed using different number of particles and different number of access points
(APs). Simulations [13, 16, 107] can also allow assessing the effectiveness of the method.
Another objective of this work is to pursue research on how to accelerate network packet
time based techniques in an effort to have a faster time-based indoor localization using
COTS hardware.

While the focus of this work is on time-based methods yet during the literature survey
and replication of existing methods, many RSS methods have been evaluated [12, 32, 38,
42, 62, 89, 90] motivating some additional research. RSS methods based on off-the-shelf
802.11 equipment can be implemented with almost no modification to the existing
infrastructure. They also typically have the lowest capital expenditure since 802.11
infrastructures can be used to support such activities. While current fingerprint RSS
methods estimate the average RSS values at a static single point, it is possible to capture a
more detailed signal behavior by utilizing the collected RSS values over an area or a short
path. An indoor radio campaign and simulations were carried out to investigate if

significant accuracy improvement can be achieved by using this method.

Many researchers use only simulations in order to prove a concept, however,
implementations of the algorithms using real data from the environment can always
provide more insights. In order to facilitate the process of real data collection, which is
time consuming, a localization platform is needed to collect the packets, processes them,
and plot the estimated location of the user. Such platform also helps to replicate other
methods for performance comparison purposes. For this reason, this work also developed a

localization platform.
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1.2 Thesis contributions

This work investigates the problem of indoor localization and introduces innovative

methods based on Time and RSS as means of improving the localization process.

Locating an object in an indoor environment can be a challenging task as a number of
performance metrics have to be met, including accuracy, responsiveness, coverage,
adaptiveness, scalability, cost and complexity. The localization scenario, that is, the nature
of the actual environment, will determine which combination of these metrics constitutes a
good localization technique. Locating a wireless user in indoor environment using 802.11
can be accomplished through different means including TOA, TDOA, RSS, AOA etc. [1-4,
7-13].

Most of the time-based methods rely on time synchronization. TOA/TOF methods are
based on the arrival of a signal from a transmitter to one or more receivers. A packet
containing transmitted timestamp travels from the transmitter to the receiver(s). By using
the timestamp information, receiver calculates the transmission time delay, multiplies that
by the signal speed and estimates the distance between the two nodes. Since radio waves
travel at the speed of light, the transmission time delays in indoor TOA/TOF systems is in
the order of nanoseconds (ns) necessitating accurate time synchronization between all
nodes. Moreover, TOA/TOF systems need a time server which all nodes can use to

synchronize their clocks.

Extensive research and replication of the existing COTS localization methods were
followed by the identification of the limitation of those methods including ways to
optimize them. New localization algorithms and techniques have been developed in both

time and signal property domains including hybrid methods.

This dissertation introduces novel indoor localization methods based on IEEE 802.11
technology and inexpensive COTS hardware. As such it mostly deals with challenges that
exists in COTS time-based systems. The challenge lies in that the commercial WLAN
cards do not produce nanosecond timestamps which is necessary for accurate distance
estimation in indoor environments. Moreover, creating customized boards and modifying
the WLAN clocks to produce more accurate timestamps imposes higher costs and
implementation complexity. Additionally, most of the time-based methods require
bidirectional communication between base stations and Mobile Terminals (MTs). This
requirement can affect both processing time and infrastructure quality of service since it

4
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requires greater data communication and generates more wireless traffic. A main
contribution in this area is an innovative time-based localization method that utilizes the
information provided by 802.11 Beacon packet data. Utilizing Beacon packet for
localization, eliminated the need for establishing a connection between base stations and

MTs. Also, the proposed method does not require any clock synchronization.

Since time-based localization methods require collection of a large number of packets,
most of these methods require statistical post processing to actually localize a user. Packet
collection process typically lies in the range of minutes, thus turning this type of
localization into a non-real time process. Presented techniques in chapter 4, contribute on
accelerating network packet time-based methods while evaluating different performance
metrics. Another main contribution of this work in time domain is a particle filtering
method as a means of addressing the problem of tracking a moving target in an indoor
environment using off-the shelf time-based methods. Using particle filtering the kinematic
characteristics of the target and past measurements offering target trajectory information
which have the potential to improve localization are taken into account. The particle filter
based method sequentially estimates the posterior of the target state and is able to fuse past
and present measurements from multiple sensors with the target kinematic information in

order to improve localization.

During the course of this thesis many signal property based methods have been
replicated for evaluation and comparison purposes, which led to the development of a new
WKNN localization technique [17, 18]. Signal property based methods achieve better
accuracy by creating a more detailed and distinguishable Radio Map (RM). Normally the
RM of an environment is created by measuring the average RSS values at static points. By
utilizing the captured RSS values over a short path, a more detailed signal behavior can be
recorded, resulting in the creation of a more unique RM and thus a more accurate

localization process.

Novel research contributions in regards to signal property based methods can be

summarized as follows:

1- Introduction of a novel KNN-based localization algorithm based on RSS captured

over paths.

2- Analysis of k selection impact on KNN algorithms and the proposed method.
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3- Investigation of the impact on the performance of the proposed method in the case

of device diversity, as well as the effect of a variable captured RSS sample number for

various user walking speeds.

All of the developed methods were tested using real data collected from an actual

indoor environment. Simulated data based on ray tracing was also generated for

comparison purposes.

Last but not least, in the course of this thesis the following papers were published and

some are prepared for submission and publications:

Gholoobi, A; Stavrou, S., "A hybrid TDoA-ToA localization method,"
Telecommunications (ICT), 2013 20th International Conference on., pp.1-4,
May 2013.

Gholoobi and S. Stavrou, “Accelerating toa/tdoa packet based localization
methods,” in Wireless Sensors (ICWiSE), 2014 IEEE Conference on, Oct
2014, pp. 31-35.

Gholoobi, I. Kyriakides and S. Stavrou, “Indoor Target Tracking Based on
Time Difference of Arrival and Particle Filtering,” in Computers and

Communication (ISCC), 20th IEEE Symposium on, Jul 2015, pp. 974-977.

Gholoobi and S. Stavrou, "RSS Based Localization Using a New WKNN
Approach,” Computational Intelligence, Communication Systems and
Networks (CICSyN), 2015 7th International Conference on, Riga, 2015, pp.
27-30.

Gholoobi and S. Stavrou, "A New WKNN Localization Approach,”
International Journal of Simulation Systems, Science & Technology (IJSSST),
Dec 2015, Vol. 16, No. 6.

“PathLoc: A Path-Based Indoor Localization Method”, (About to submit it to
an IEEE Journal)
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1.3 Overview of the thesis structure

The remainder of the work is organized as follows. Chapter 2 provides an introduction
to wireless positioning systems, localization algorithms and a brief introduction into the
basic radio propagation modelling techniques. It summarizes localization activities based
on different methods. In addition, the chapter gives an introduction to indoor localization
methods and highlights the important methods used for location applications in indoor
environment used today. Moreover, a literature review and initial experiments are also
presented in this chapter in an effort to distinguish the most suited methods comparison in
line with the research work objectives. Chapter 3 presents an overview of time-based
localization methods and algorithms. In particular, it focuses on lateration approaches that
use TOA and TDOA to estimate the location including a presentation of a basic approach
to each, as well as to some of the other well-known techniques. Finally, a new time-based
localization method is presented and its performance is compared with the existing
methods. This work is presented in [14]. Chapter 4, introduces methods on how to
accelerate network packet time based techniques. This work is presented in [15]. Chapter 5
presents a particle filtering method to address the problem of tracking a moving target in
an indoor environment using off-the-shelf equipment and time-based methods. It discusses
the kinematic characteristics of the target and past measurements to offer target trajectory
information which have the potential to improve localization. Part of this work is presented
in [16]. Chapter 6 presents signal property based localization methods. It emphasizes on a
new RSS localization method based on path analysis which utilizes the captured RSS
values over a short path in an effort to capture a more detailed signal behavior, when
compared to typical RSS methods. This work is presented in [17, 18]. Chapter 7 presents
the localization platform developed and used for automation and testing of all the proposed
methods in this work. Finally, chapter 8 presents the conclusions and future research

direction.
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Chapter 2

2 Wireless Positioning Systems and Location

Algorithms

2.1 Introduction

Localization activities can be classified into different categories depending on the area
of use, performance metrics and detection techniques. As shown in Figure 2-1, positioning

systems fall into three categories:
1. Based on Environment
2. Based on Cooperation
3. Based on Technology
In regards to the environment, localization can be categorized into:
1. Indoor
2. Outdoor

Location-aware applications can rely on GPS, GLONASS and GALILEO [19] for
outdoor localization, whereas a terminal in an indoor environment requires usage of other
technologies. An indoor localization system is either a Self-Positioning System or a
Remote/Cooperative Positioning System. Using self-positioning, a mobile terminal is able
to locate itself with respect to static/known points in the indoor environment. Remote or
cooperative positioning refers to techniques that allow mobile terminals or infrastructures

to locate other terminals in their coverage area.
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Figure 2-1: Wireless Positioning Systems Classification
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Moreover, indoor localization methods can be implemented as Active or Passive.
Unlike passive methods, active methods require active communication between the Mobile
Terminal (MT) and the infrastructure. An active method example can be a user positioning
himself and finding his way through the environment. Passive methods can be used for
localization scenarios involving equipment or other resources in hospitals, factories,

companies or other similar environments.

Based on methodology and use of technology, indoor localization methods can be

divided into two main categories:
1. Hardware-based localization
2. Software-based localization

The first category refers to localization methods that use customized or modified
hardware for localization purposes [20-22]. The second category is based on localization
methods which are purely software-based requiring no specialized hardware or hardware
modifications [14, 23-27]. Software-based methods utilize different types of packets such
as RTS-CTS, Ping, Beacon and custom-made packets. A correct packet type and an
optimum packet generation technique can improve the speed and accuracy of distance

estimation in software-based localization.

2.2 Radio Propagation Modeling

Radio propagation modelling refers to the analysis of radio propagation in wireless
scenarios which can lead to the prediction of the received field (or power) or other element
parameters at all the visible/possible receiver locations. Typically, propagation models are
classified into three categories based on the way they calculate path loss or the received
signal strength. These can be empirical, semi-empirical and deterministic (or site-specific)
models. This section presents these three categories and describes their potential

advantages and disadvantages.

2.2.1 Path loss

Path loss is an essential information for determining the radio coverage of a
transmitting antenna (Base Station or access point) [108] . It is defined as the ratio of the

received power B, to the transmitted power P;, usually expressed in dB [109] .
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L(dB) = 10log (%) 2.1)

In free space, where there is a Line of Sight between the transmitting and receiving
antennas, the path loss is considered to follow an inverse square law with respect to the
distance travelled by the waves [113] . It also depends on the frequency of transmission.

Therefore the free space loss can be written as:

B G,G.7?
Lree(dB) = 10log @n?R? (2.2)
Where G; and G, are the gains of the transmitter and the receiver antennas

respectively, A is the wavelength and R is the distance away from the transmitter. For G,

and G, equal to unity the above equation can also be written as [110] ,

Lree(dB) = 32.4 + 20 log Ry, + 20l0gFyy, 23

which clearly shows that by doubling either the distance or the frequency, the free

space loss increases by 6dB (inverse square law).

2.2.2 Empirical and Semi-Empirical Models

Empirical Models are described by a set of equations fitted to the results obtained
from extensive number of path loss measurements [110] [112] . They are simple and
efficient (fast) to use since the estimation is usually calculated from this set of equations.
They are relatively accurate for environments which have the same characteristics as the
one where the measurements were originally performed but error standard deviation tends
to be large. The input parameters for such models are usually qualitative and not so
specific. Their main disadvantage is that they are not applicable for different environments
without modifications and may be considered as non-applicable for indoor
environments [108] due to their inability to provide accurate results for disparate scenarios
(in other words they are hard to generalise). They do not provide any physical insight into
the propagation mechanisms and this could lead to wrong predictions when the

environmental clutter becomes increasingly complex (indoor environments).

Semi-Empirical Models are based on equations derived from partly the application of
deterministic methods [112] . These equations are based on the characteristics surrounding
the transmitter and the environmental characteristics of a particular scenario. They require

more detailed information about the environment than empirical models but less than
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deterministic ones. Again, as for empirical models, it is hard to use these kinds of models

for different scenarios.

Empirical and Semi-Empirical Models are more or less environment and frequency

range specific. Some of the better known ones are:

Okumura-Hata Model [114] . This is a fully empirical model, which is based on
an extensive series of measurements carried out in Tokyo city between
150MHz-1.5GHz. The predictions are made through a series of graphs, the
most important of which have been approximated by Hata [115] . These model

can be used for open, urban and suburban area predictions.

Ibrahim and Parsons Model [116] is intended as a first step in quantifying
urban propagation loss. It is based upon measurements made around London,
UK.

Allsebrook and Parsons Model [117] is a semi-empirical model for suburban
predictions. It is based on measurements made in three British cities (Bradford,
Bath and Birmingham) at 86, 167 and 441MHz.

Ikegami Model [118] is a semi-deterministic model which attempts to produce
deterministic predictions at specific points. It uses a detailed description of the
environment and calculates only reflections from the surrounding clutter with
the reflection loss being constant at a fixed value. Diffraction is calculated

using single edge approximation.

Walfish-Bertoni Model [119] is a semi-deterministic model which can be used

to predict multiple diffraction over building rooftops.

Cost-231-Hata model [120] is an extension of the Okumura-Hata Model to
cover the 1500-2000MHz band.

Lee Model [121] is an empirical power law model with path loss exponents
derived from measurements at 900MHz. It can be also applied for other

frequencies if correction factors are used.

All the above models deal with outdoor propagation predictions. In fact, empirical and

semi-empirical models exist for indoor or outdoor-indoor propagation. COST231 LOS and

NLOS [110], [120] models can be used for predicting indoor radio propagation in floors

and between floors, and ITU-R P.1238-2 can be used for predicting indoor radio
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communication in the frequency range 900MHz-100GHz. Nevertheless, for increased

accuracy, deterministic or site-specific models should be employed.

2.2.3 Deterministic or Site-Specific Models

Deterministic or Site-specific Models are based on the application of well-known
electromagnetic techniques and numerical methods (such as Ray Tracing) to a site-specific
environmental description which is obtained from the particular environment (building)
database [112] or the finite-difference-time-domain (FDTD) method. The main advantage
of these models is that they are generic for arbitrary environments. For a given
environmental description they use electromagnetic theory to estimate the field strength at
every possible receiver location. They provide the ability to the engineer to define the two-
dimensional or three-dimensional geometry of the environment by means of facets
specifying the location of the buildings’ walls, the electrical properties of these walls
(constitutive parameters such as permittivity and conductivity), the transmitter location, the
antenna patterns and polarisations and the frequency of transmission. Considering all these
properties of deterministic models, it can be concluded that they are very well suited for
indoor environments since they can provide relatively highly accurate predictions. The
main drawback of this way of modelling is the large computational overhead required

which effectively high computational power is required.

2.3 Deterministic Modelling using Ray Tracing

Ray Tracing is the dominant deterministic technique used to predict propagation
effects in mobile and personal communication environments. It is based on Geometrical
Optics (GO), which is an approximate method for predicting a high-frequency
electromagnetic field. Ray Tracing is used to identify all the possible ray paths between the
transmitter and possible receiver locations and uses high-frequency electromagnetic theory
to calculate the amplitude, phase, delay and polarisation of each ray. Two main algorithms

exist for the implementation of Ray-Tracing; the ray launching and the image method.

This chapter presents the basic principles and algorithms of Ray Tracing, and the high
frequency methods used to reduce the complexity of the electromagnetic problem to be
solved (Geometrical Optics GO and its extensions: Geometrical theory of Diffraction GTD
and Uniform Theory of Diffraction UTD).
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2.3.1 Geometric Optics (GO)

As already mentioned, Geometric Optics represent a simple way for predicting
approximately the electric field at any possible receiver location. It assumes an infinite
frequency for the propagating signal in such as way as to consider all the propagating
energy to be contained inside very thin tubes, called rays [122] . Using this theory the
reflected and transmitted fields can be determined. However, this theory is subject to the

following assumptions [110] :
= Waves are locally plane to the points of interaction

= Wavelength is small compared to the distance between the source and the first
interactions along each ray path and the distance between individual

interactions.
= Surfaces are large compared to the wavelength of transmission
= Curvature of Surfaces is small compared to the wavelength.

The first step of GO is to calculate all the important ray paths (based on predefined
criteria) between the transmitter and all the possible receiver locations, which are
consistent with Snell’s Laws of Reflection and Transmission. This step usually requires
high computational costs in order to identify all the possible rays. For these reason only the
rays that have the highest impact on the overall result are considered; these are usually the
rays that suffer less interactions between the transmitter and the field points. Once the most
important ray paths have been identified, electromagnetic theory is used to calculate the
Fresnel’s coefficients at each interaction point as if incident waves were plane and
boundaries were plane and infinite [110] . Thirdly, the amplitude of each ray path should
be corrected to account for the wavefront curvature from the source and the curvature of
the boundaries. Finally all ray paths are summed up with regard to phase and amplitude.
The following equation is used to formulate this procedure.

NRi Nri
E = Z E, A; HRU H Tym |7 (2.4)
i j=1 m=1

where Ng; , Np; are the number of reflections and transmissions of each ray path i
respectively. R; ; and T; ,,, are the corresponding reflection and transmission coefficients. r;
is the total path length and the factor A; accounts for the wavefront curvature as well as the

curvature of the reflection and transmission boundaries (i.e. walls) also known as
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spreading factor. E, is the reference field at the transmitter. Finally the exponential term
corresponds to the phase difference due to propagation delay of each ray. It needs to be
noted that for grazing incidence (i.e. 90° degrees) the reflected component grazes the
surfaces and GO will fail to provide a sufficient solution for the Reflection coefficient and

therefore this case needs to be treated separately [111] .

By utilising the Geometric Optics theory it becomes impossible to predict diffraction
over obstructions because it ignores that energy does propagate into the shadowing region.
For this reason the method has included to the Geometrical Theory of Diffraction (GTD) in

order to include diffraction.

23.2 GTDandUTD

Geometrical Theory of Diffraction (GTD) which was developed by Keller [123] , is
based on Fermat’s principle which is used to predict the existence of any diffracted rays.
This theory is of particular importance in many cases and scenarios where diffraction
might be the dominant propagation mechanism. It overcomes the GO inability to calculate
the diffracted fields in the shadowed region. According to Keller, a ray obliquely incident
upon the edge of an obstruction at an angle B to the edge produces a cone (Keller cone) of
diffracted rays having a semi-angle B. This is illustrated in Figure 2-2. When =900 the

cone becomes a disc.

Keller Cone

ST

Incident Ray, g

Figure 2-2: Generation of edge-diffracted rays

Now consider the situation in Figure 2-3. In Region 1 the field is the sum of direct and
reflected rays, plus diffracted rays of negligible amplitude. In Region 2 there is no
reflection, whereas in Region 3, which is the shadowed region, there is only a diffracted
field. The diffraction coefficients calculated by GTD are discontinuous around the

transition boundaries leading to incorrect field predictions close to those boundaries. In
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order to solve the problem of these discontinuities and predict the field correctly close to
the transition boundaries, the original formulation of GTD was extended to the Uniform
Theory of Diffraction (UTD). The extended theory yields continuous coefficients and is

valid for all points in space.

oV

600}}5?!5?0 Region P

Figure 2-3: Regions around a wedge

When diffraction coefficients are calculated they can be included in the calculation of

the total electric field as shown in (2.5),

NRi Nr; Np;
E= Z E, A; 1_[ R;; 1_[ Tim 1_[ Dy, | eIk (2.5)
i j=1 m=1 n=1

where, Np; diffractions of each ray path i respectively and D; ,, are the corresponding
diffraction coefficients. A; is the spreading factor that accounts for the wavefront curvature
as well as the curvature of the reflection and transmission boundaries. This formulation
applies for paths that only one diffraction is encountered. For multiple-diffraction, the
spreading factor of the individual diffracted components will change and requires special
treatment [125] .

2.3.3 Environment Description

The first step in a Ray Tracing Technique is to geometrically and morphologically
represent the particular environment. Every deterministic propagation model requires
geometric and morphological description of the environment. The more details that are

included in the environment description the more accurate the model’s predictions are.

2.3.3.1 Geometric Description

The geometric description of the environment is a description of geometry of the

scenario under investigation in terms of the location and size of the obstructions (walls,
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windows, doors etc). It should be noted here that the more complex the geometric
description is, the more computational overhead and more time will be required. Therefore,
it is usually the case that depth of detail is traded for computation and time which means
that only the most important features of the environment are described such as building and
terrain data, where as small and mobile objects tend to be ignored. In the developed Ray
Tracing model, objects which are large compared to the wavelength (like doors, windows
etc) are taken into account. The most common form of representing the objects in the

environment is by using plane facets (polygonal plane facets).

2.3.3.2 Morphological Description

The morphological description aims to describe the materials used in the particular
scenario. For each geometrically described facet, the building material properties are
defined since they significantly affect the reflection and transmission coefficients. These
properties can be obtained by measurements or by simply providing the constitutive
parameters of each material; these are:

» Relative permittivity e
* Relative permeability p,
= Conductivity o

The above parameters are used to characterise smooth surfaces. In cases where the
surface is characterised as rough, according to the Rayleigh criterion, the surface roughness

parameter Ah should be specified as well [112] .

2.3.3.3 Faceted model

Both the geometric and morphological descriptions will form the database for the
model which can be stored in a separate file and loaded upon execution. This data might be
either in raster or vector form. In the raster form the environment is subdivided into cells
and each cell includes the corresponding information. In vector form the environment
information is associated with geometric entities (lines or polygons). In case of
deterministic modelling this information must be in a suitable vector form and if not, it
should be transformed into one. All the data should be stored into a database structure
using a facet model [112] . This means that every wall is represented by a polygon-shape
(usually four-sided) facet which includes its geometric description (Cartesian coordinates

of its vertices), its morphological description (constitutive parameters) and any other
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parameters that might be useful during the execution of the algorithm (e.g. if the facet

contains other ‘children’ facets such as doors or windows which are defined as patches).

2.3.4 Ray Tracing Algorithms

The ray-tracing algorithms that have been proposed for high frequency propagation
prediction mainly fall into two categories [112] . These are:

= Direct algorithms known as Ray Launching (or Shooting and Bouncing Rays
Method SBR) and

= Inverse algorithms known as Image methods

2.3.4.1 Ray Launching Algorithm

Ray launching, which can also be referred as Shooting and Bouncing Rays Method
(SBR) is considered to be a direct (or forward) algorithm since it is considered to follow
the ray’s actual path from the transmitter to the receiver location. Actually, for a given
transmitter location a large number of rays is transmitted in all directions which only exist

if they satisfy a number of criteria.
These criteria are:

* The ray exists only if its field strength has not fallen below the receiver’s
sensitivity
» The ray exists only if it has encountered a number of interactions (reflections,

refractions, diffractions) that is less than a user predefined threshold.

= A ray exists only if it can be received by a certain receiver location. In other

words if the ray escapes the scene then it is discarded.

Received ray

Reception
sphere

Figure 2-4: Ray Launching Concept
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Every ray is a ray cone which occupies the same solid angle and as the tube advances
its cross section increases. In this way the ray cones overlap and cover the whole spherical

wavefront at the receiving location [108] .

If we consider the receiver as a single point then the probability of rays leaving the
transmitter to reach that point would be considerably small. For this reason the receiver is
considered as a sphere (reception sphere), as shown in Figure 2-5, so as to increase the
probability for capturing more rays. When a ray intersects the sphere, it is considered to be
received and it contributes to the overall field strength of that point. The radius of the
sphere is given by [112] [126] .

The ability to vary the radius of the reception sphere according to the receiver distance
from the transmitter (d), accounts for the divergence of the rays from the transmitter and
ensures the uniqueness of the captured rays. From simple geometry, the radius of the

reception sphere is set to be one-half of that distance [126] .

adjacent ray
N E4

‘ Perpendicular to the
j% received ray
& N Received ray

Reception sphere of
radius R

adjacent ray

Figure 2-5: Reception Sphere

As the rays propagate they encounter a number of obstructions. When an object is hit,
reflection, refraction, diffraction or scattering will occur depending on the geometry and
morphology of the obstacle and the ray will follow different directions with different
amplitude, phase and polarisation. This process continues for every ray as long as the

aforementioned criteria are satisfied.

In indoor environments the number of ray traces increases significantly taking up CPU
power and time. A convenient way is to arrange and store the whole propagation process in
a “ray-tracing tree” [112] . In this tree, the branches correspond to emitted (launched) rays
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and the tree knots represent interactions with the environment obstacles (facets). An
example is shown in Figure 2-6.

Tx

r I I3 4

Facet1l Facet3 Facet4 Facet2

R

Received Facet4 Facet3 Received

Facet2 Facet1

Facet1 Facet2

Lost  Received
Figure 2-6: Ray-tracing example

The example above illustrates how the ray-tracing tree is constructed by considering
reflections only. However in a practical situation, at every node of each ray branch the ray
is decomposed into two children rays; the reflected and transmitted one; in order to
consider refraction as well. Finally the total field strength at every receiver location can be

obtained by summing up all the individual contributions.

2.3.4.2 Image Method

Compared to Ray-Launching, which is a direct method, the Image Method is referred
as an inverse method. Instead of following the ray propagation path between the
transmitter and the field points, this method tries to solve an inverse propagation problem.
It is based on the image theory, where, for a given source point (Tx) and a facet, the
reflected rays in the facet can be considered as being directly radiated from a virtual source
called the image source (Im) which is symmetrical to the source with respect to the facet.
This image theory is illustrated in Figure 2-7. In this figure, for a given receiver location
Rx, the point of interaction with the facet Q can be easily calculated as the intersection of
the line Im-Rx and the facet. The facet can be either described in 2D as a line or in 3D as a
polygon.
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Rx

facet

Figure 2-7: Image method for ray reflections

If we consider a scenario where only first order reflections are considered in an
environment of N facets then the maximum number of rays that can reach the receiver
location is equal to N. However this is almost never the case in practical scenarios because
of the following reasons [112] :

= Only observers that are located inside the reflection region of a given facet can
receive reflections from it, as shown in Figure 2-8. In other words, when the
point of intersection between the image source and the receiver location lies

inside the facet.

= The reflected ray or the incident ray may be hidden by another facet.

Tx /
Q 7 Reflection
| S Region -
| e
| 7 -
| v e
| / facet -
I / //
: / v -7
| / ////
|/ -7
L7 -~
Im

Figure 2-8: Reflection Region of a facet

Considering the same example as above, the N first order images are considered as the
transmitting sources for double-reflected rays. The images of the first order images are
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called second order images. The number of these images is N(N-1) since the facets from
which the parent first order images were derived are not considered. The case of double

reflection is illustrated in Figure 2-9.

Figure 2-9: Image method for double reflections

For the above example the image of Tx due to Facet 1 is first determined (Image 1).
Then the image of Image 1 due to Facet 2 is determined (Image 2). By connecting the Rx
and Image 2 we can find the reflection point P,. Now by connecting P, and Tx, P is
determined. This process demonstrates why this method is referred as “backward” method
since in order to find the reflection points one starts from the receiver and by using the
image sources goes back to the transmitter. For double reflections to exist the following
three conditions should be satisfied [112] :

1. The observation points should lie inside the reflection region of the second

facet.

2. The second reflection point P2 should be inside the reflection region of the first

facet.

3. None of the three paths (Tx-P1,P1-P2, P2-Rx) should be hidden by any other
facets.
The same procedure followed here for double reflections, is followed for multiple
reflections. For K reflections then the number of K™-order images will be N(N — 1)¥-1,

These images are arranged in a tree graph called the images tree, in a similar way as
the ray-tracing tree in the ray-launching method. The first branching contains the N first
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order images and for each branch N-1 second order images exist. The (N-1)-branching

continues to account for multiple reflections.

However, not all of these images exist in practice. Therefore in order to reduce
computation and save time, these rays should be discarded. Images are discarded if they
satisfy the following criteria:

1. When a facet (Facet 2) is completely hidden by another facet (Face 1), as
shown in Figure 2-10a, then its image can be discarded and therefore is not
considered for further reflections (all its ‘children’ images are discarded as

well).

2. If a facet (Facet 2) is completely outside the reflection region of another facet

(Facet 1), as shown in Figure 2-10b, then its image can be discarded as well.

(b)

Figure 2-10: (a) Image discarded by hiding (b) Facet 2 out of reflection space of Facet 1

Using the above criteria the image tree can therefore be simplified by removing the
images that do not exist in practice. The following figure illustrates an example of how the

image tree is generated:
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Im3

First order images
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Figure 2-11: Image tree generation example

Considering the example in Figure 2-11, for a given receiver position the tree is

searched in a reverse manner. Referring to the receiver position shown in the example:

The algorithm starts by considering one bottom level image (Im3) and
determines the reflection point on the respective facet (facet 3). If the reflection
point lies outside the facet limits, no valid path with the last interaction been
reflection from this facet exists; thus the path is rejected and the next 3rd order

image is examined.

If the reflection point lies inside the facet limits, a shadowing test is performed.
If the path segment is shadowed by any other facet, the path is rejected and the

next 3rd order image is examined.

If the path segment is not shadowed, the algorithm follows the branch to the
previous level image. That is the case for the example, so the 2nd order image

Im9 is now considered.
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For the new image the same tests are performed. If any of these fail, the algorithm
moves again to the next bottom level image. Otherwise the algorithm moves another level
up and so on, until it reaches the transmitter. In that case the corresponding ray path is

valid.

The image method is accurate for indoor propagation prediction but it becomes
computationally inefficient if the number of facets included in the environment description
is high, and the number of reflections considered is high as well [128] . This increases the
amount of computation required and consequently the time to produce results. For these
reason special acceleration techniques are most commonly used to increase the efficiency
of this method.

2.3.4.3 Acceleration Techniques

Ray-Tracing acceleration algorithms are used to improve the efficiency of simulations
with respect to computational power and time required to produce results, when the
environmental descriptions of the scenarios under test become very complex. There are

several ways to achieve acceleration which are classified into four categories.
1. Reducing the cost of intersecting a ray with the primitives used in the model. For
this reason the faceted model discussed earlier is used, since the polygonal shaped

polygon is a very simple primitive and hence the intersection test cost is reduced.

2. Reducing the total number of ray-facet intersection tests. Since shadowing tests
must be carried out several times in the propagation model the total number of the
required intersection tests increases dramatically. For this reason the number of
shadowing tests can be reduced by discarding facets (or images if the image
method is used as discussed in section 2.3.4.2) and therefore the number of ray-

facet intersection tests is reduced.

3. Reduce the number of rays which are intersected with the environment. This
technique which is more suitable for the Ray-Launching method aims to reduce the

number of rays which are intersected with the environment by setting up a
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threshold related to the contribution of the ray to the overall result. If the

contribution is less than the threshold then the ray is discarded.

4. Replacing individual rays with more general entities. The basic idea of such a
technique is to trace many rays simultaneously. The problem of this technique is

that it is not compatible with Geometrical Theory of Diffraction (GTD).

Some of the most common acceleration techniques are:
e The Binary Space Partitioning (BSP) Algorithm
e The Space Volumetric Partitioning (SVP) Algorithm
e The Angular Z-Buffer (AZB) Algorithm
e The Illumination Zones algorithm

Detailed information regarding these algorithms can be found in [112] [108]
and [129] .

2.4 Indoor Localization Techniques/Methods

Researchers exploited the nature of the wireless channel in an attempt to estimate
meaningful parameters that could be used for localization purposes. The most commonly
used and accepted methods for performing localization are the geometrical ones, especially
those based on the estimation of the Angle of Arrival (AOA), the Time of Arrival (TOA),
the Time Difference of Arrival (TDOA), the estimation of the Received Signal Strength
(RSS) or a combination of the above [1-14].

The system architecture for a general indoor localization system is illustrated in
Figure 2-12 [21]. Figure 2-12 shows a simplified illustration of an indoor localization
system architecture. Choosing the appropriate localization system for any given
environment requires the evaluation of existing device/sensor data. Based on the data
collected, an appropriate indoor localization algorithm, such as RSSI, Time-based, Angle

of Arrival, etc is then applied.

34



Chapter 2. Wireless Positioning Systems and Location Algorithms

MT ) ‘ Infrastructure
Floor Plan
y

Sensor Data

Previous State

RSS TOA/TDOA AOCA

Gcation Calculation Algorithm ( >

Gation Aware Applications / Output

Figure 2-12: General system architecture for an indoor localization system

2.4.1 Time-based Methods
Time-based Localization methods falls into two main categories:
e Time of Arrival (TOA)/Time of Flight (TOF)
e Time Difference of Arrival (TDOA)

Most of the time-based methods rely on time synchronization. TOA/TOF methods are
based on the arrival of a signal from a transmitter to one or more receivers. A packet
containing timestamp information travels from the transmitter to the receiver(s). By using
the timestamp information, the receiver calculates the transmission time delay, multiplies
that by the signal speed and estimates the distance between the two nodes. Since radio
waves travel at the speed of light, the transmission time delays for TOA/TOF systems
operating in indoor environments is in the order of nanoseconds (ns) necessitating accurate
time synchronization between all nodes. Thus, TOA/TOF systems require a time server

which all nodes can use to synchronize their clocks.

24.1.1 TOA

The TOA method is considered to be one of the most accurate indoor localization
techniques [28]. However, its implementation is made more challenging as well as costly

by its heavy reliance on precise time synchronization [29, 55], which can be provided by a
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Network Time Protocol (NTP) Server [54, 55] or some other time synchronization method
[55]. The lack of Line of Sight (LOS), especially in populated and urban areas, also poses
problems for TOA methods for localization as it affects the ability to accurately calculate

the propagation delay of the transmitted signal.

TOA estimation can often happen at physical or higher layers. Various researchers
have investigated localization aspects at the physical layer [29-31]. Estimating TOA at the
physical layer typically requires specific and complex hardware modules leading to higher

localization cost making the method less appealing to real world scenarios.

2.4.1.2 TDOA

TDOA techniques, also known as multilateration techniques, need multiple receivers
[76, 93] of known location. Unlike TOA, TDOA techniques do not use absolute time and
do not need synchronization between the transmitter and receivers via a common clock.
Given the right infrastructure, separately keeping the receivers or transmitters
synchronized can be sufficient [87, 93]. Some TDOA methods need synchronized
receivers for localization [76, 87, 93] but since the receivers’ position are known and they
are part of the infrastructure, it can be easier to keep them synchronized. The location of
the transmitter can be estimated by measuring the difference of arrival times of signals
between receivers. A constant range difference between two nodes, derived from each time
difference measurements, produces a hyperboloid. The intersection points of two or more

hyperboloids give possible locations of the transmitter.
TDOA systems can be generally categorized into two basic types:
» Many synchronized transmitters and one receiver (MT1R)
» Many synchronized receivers and one transmitter (MR1T)

GPS is an example of the first type and an indoor localization system based on Mobile

Terminal (MT) broadcasting signals for Access Points (APSs) is an example of the second

type.

2.4.2 RSS Methods

Received Signal Strength (RSS) can help to characterize and map the radio indoor
environments as distinct areas to each point. Like many other localization techniques, RSS

based methods utilize multiple radio nodes for triangulating a target.
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A typical RSS localization method consists of two phases: an offline phase and an
online phase. During the offline phase, a RSS fingerprint database (FDB) of the
environment is created, where each entry of the database refers to an average RSS
measurement estimated from multiple samples, received at a single static point at a known
position. During the online phase, the database entries are compared with real time RSS
measurements and localization algorithms can be applied to predict the position of the user.
Typical localization algorithms include algorithms based on the k-nearest neighbor (KNN)
[32, 33], neural network [34, 35], support vector machines [36, 37], probabilistic [38-41],
and pattern recognition [42, 43]. RSS methods can be implemented as active or passive
[32, 44, 45]. In active methods there is a need for active communication between the
Mobile Terminal (MT) and the infrastructure. Passive methods refer to the case where the
two sides do not need to communicate. An active method example can be a user
positioning himself and finding his way throughout an environment. Passive methods can
be used for localization scenarios of equipment or other resources in hospitals, factories,

companies or similar environments.

Most of the indoor localization techniques based on RSS are considered off-the-shelf
solutions since they utilize the existing infrastructures and require no modifications [32,
38, 89, 90].

2.4.3 Angle-based Methods

Angle of Arrival (AOA) techniques determine the direction of propagation of a signal
and its angle of arrival. To use AOA for localization purposes a minimum of two base
nodes equipped with antenna arrays are required. The use of the antenna arrays allows the
direction of the receiving signal to be estimated, which helps to form a geometric
relationship to estimate the intersection of two lines of bearing (LoBs) from the known
base nodes. The use of accurate antenna arrays for base nodes makes AOA methods costly,
complex and power- hungry. Similar to other localization methods, various AOA
estimation techniques have been proposed [46-51]. Some examples include spatial spectral
estimation method, called Delay and Sum, (DAS) [48] and eigenstructure methods, such as
Multiple Signal Classification (MUSIC) [49], root MUSIC [50], and Estimation of Signal
Parameters via Rotational Invariance technique (ESPRIT) [51].
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2.5 Conclusion

This chapter has provided an overview of wireless positioning systems and
localization algorithms that are currently in use for various applications. These positioning
systems are usually based on one of the three basic methods: time (TOA, TDOA), signal
property (RSS) and angle-based (AOA) methods. An overview of wireless positioning
systems and their classifications based on environment, cooperation and technology has
been provided. Moreover, a general system architecture for an indoor localization system
was discussed together with a brief description of basic localization techniques while
different categories of localization methods/techniques were discussed. These methods are
compared in terms of complexity and performance. Background knowledge of
TOA/TDOA, RSS and AOA was also briefly reviewed in this chapter.

In addition radio propagation modelling and deterministic modelling using Ray tracing
was discussed in this chapter. If used properly ray tracing can accurately estimate the
receive signal strength and other parameters of wireless communication system, as long the
user can provide an accurate description of the environment both in terms of geometry and
in terms of constitutive parameters of materials. Thus ray tracing can be used to create
accurate fingerprinting database rather than carrying out labour intensive radio propagation
campaigns [137] [138] . Furthermore ray tracing can estimate the exact power delay profile
of a multipath environment and reveal the exact path length the signal travels between two
transceivers. This ability is also very useful in localization timing based methods since
knowledge of the exact travel path can lead to the exact propagation delay experienced
between points which can assist algorithmic development for a timing based location

system.
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Chapter 3

3 Time-based Localization Methods

This chapter presents an overview of time-based localization methods and algorithms.
In particular, it focuses on lateration approaches that use Time of Arrival (TOA) and Time
Difference of Arrival (TDOA) to estimate the location including a presentation of a basic
approach to each, as well as to some of the other well-known techniques, and their
implementation. Since most of the time-based methods require some type of statistical
post-processing to achieve better accuracy, some of these algorithms have also been
discussed. Finally, a new time-based localization method is presented and its performance

compared with existing methods.

3.1 Introduction

One of the main advantages of time-based methods over RSS or AOA-based
localization methods is that the former do not require the creation of fingerprint databases
or specialized antenna arrays. Most of time-based methods which benefit from measuring
Round Time Trip (RTT), especially those with software implementations, have a similar
diagram as shown in Figure 3-1[52]:

As Figure 3-1 illustrates, time-based localization process of this sort can be divided

into two main parts:
e Pre-processing/Measurement data collection
e Post-processing/Statistical analysis

For most of time-based methods, lack of availability of accurate clocks on COTS
hardware imposes an inevitable statistical post-processing effort to achieve acceptable
localization accuracy. This is the very reason for collecting many packets before applying
the statistical methods. Chapter 4 presents a comprehensive review on packet collection for
time-based localization techniques and a new method for accelerating TOA/TDOA packet

based localization methods.
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Figure 3-1: Time-based ranging process

Statistical post-processing for time-based methods is generally used to overcome the
low resolution clock problem of WLAN cards. However, there are several other aspects
that make distance estimation using time-based methods more challenging, with multipath

and lack of direct line of sight being the most important.

3.1.1 Multipath

When it comes to time-based methods, multipath often considered one of the most
important causes of measurement error in indoor environments [30, 53]. Unfortunately,
there is no exact model for multipath as it is random and quite unpredictable [54]. Its effect
varies depending on environment geometry and its surroundings. Many researchers have
evaluated multipath fading where LOS does not exist [54, 55]. Decreasing multipath error
contribution can improve localization accuracy. This can be achieved by advanced post

processing ray tracing tools that can estimate the exact signal path length traveled.

The performance characteristics of time-based methods are very sensitive to
availability of Line-of-Sight [56, 57]. In NLOS situations the calculated TOA or TDOA
are subject to considerable error. Due to the complexity of indoor environments, it is
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almost impossible to have LOS situation at all times; thus, many NLOS identification and

localization techniques have been developed [58-61].

3.2 TOA Positioning

TOA-based localization methods estimate the signal propagation delay from a
transmitter to a receiver; hence, localization based on TOA requires accurate clock
synchronization between the nodes. Implementation of accurate clock synchronization can
be very costly and complicated. Moreover, calculating the transmission time delay based
on the corresponding speed of the signal is a challenging task since wireless signals can be
highly affected by multipath channels and their associated delay profiles [55]. A simple

structure of a TOA positioning system is shown in Figure 3-2 [28].

HIH Estimated MT Location

TX1

b )

Figure 3-2: TOA-Based positioning System

As demonstrated in Figure 3-2, in order to localize the Mobile Terminal (MT), three or
more access points (APs) are required. Each AP measures the TOA of the transmitted
signal from the MT and calculates the distance. The circles around APs represent
calculated distance based on TOA and the intersection represents possible area in which
the MT resides.
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The TOA measurement model can be formulated as follows [93]: let’s assume
X = [xy]" is the unknown source position and X; = [x;y;]7 are the known coordinates of

the I sensor, | = 1, 2, ... , L , where L > 3 is the number of receivers. The distance

Ith

between the source and the I sensor, denoted by d;, is simply

dy = 11X =Xl = Vx =) + (v — 2, 1=12,..,L. 3.1)

With no loss of generality, it is assumed that the source emits a signal at time 0 and the
I sensor receives it at time{t;}; that is, {t;} are the TOAs and there is a simple

relationship between t; and d;:

d 2
t; =—, 1=12,..,L (3-2)
c

In practice, TOAs are subject to measurement errors. As a result, the range

measurement based on multiplying ¢, by c, denoted by r7¢ 4, is modelled as:

rroar = di + roay = (X —x)% + (v — yD? + nroas l=12,..,L. (33)
Where nrp 4, is the range error in ryq 4 ;, Which results from the TOA disturbance.

The channel state information (CSI) can be also used to develop Time of Flight TOF /
TOA methods. Such methods utilize physical layer information processing to estimate the
TOF. Although these methods can produce relative accurate results, accuracy can be
constrained by the underlying available bandwidth of the technology (e.g. 802.11
hardware). CSI based methods, require specialized compatible hardware to estimate the
time of flight information from physical layer [21, 22, 23] and thus it’s out of the scope of
the work performed in this thesis.

3.3 TDOA Positioning

Time difference of arrival (TDOA) methods, calculate the time difference in arrival of
an emitted signal from a mobile terminal to two or more base stations. In this method there
is need for clock synchronization between all base stations/receivers. Moreover, the exact
locations of all base stations are known to the localization infrastructure. Each calculated
TDOA forms a hyperbola in the localization space and the intersection of all hyperbolas

represents the possible location of the mobile terminal.

The TDOA measurement model can be formulated as follows [93]: it has been
assumed that the source emits a signal at the unknown time ¢, and the I™ sensor receives it
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at time t;,l = 1,2, ..., L with L > 3. That means there are % distinct TDOAs from all
possible sensor pairs, which is denoted by t,; = (tx —to) — (t; — to) =t — typ, 1 =
1,2, ...,L with k > [. However, there are only (L — 1) nonredundant TDOAs. For example
if L = 3, the distinct TDOAs are t,,,t3, andts,, that means t;, = t3; —t,;, which is

redundant. To be able to reduce complexity without losing estimation performance,
all % TDOASs should be measured and converted to (L — 1) nonredundant TDOAs for

source localization [46]. With no loss of generality, the first sensor is considered as the

reference and the nonredundant TDOAs are t;,,1 = 2,3, ..., L.

Similar to Equations 3.2 and 3.3, the range difference measurements deduced from the
TDOAs are modeled as:

Troar = di1 + Nroan l=1,2,..,L. (3.4)

Where
dijp=d —dy (3.5)
and ng,, is the range difference error in rr4,;, Which is proportional to the disturbance in

tl,l'
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3.4 A New Time-Based Localization Method

One of the main advantages when comparing time over signal strength localization
methods, is that the former do not necessarily require the creation of a fingerprint database.
On the other hand, the majority of time-based methods require some sort of clock
synchronization due to the drifting of the local clocks. The new time-based localization
method presented in this section is based on information provided by 802.11 Beacon
packet data. The advantage of this method over other time-based methods is that the
Mobile Terminal (MT) does not require establishing a connection to an Access Point (AP)
or sending and receiving packets. Also, the proposed method does not require any clock
synchronization: it works by analyzing Beacon timestamp and MAC timestamp. By using
Beacon Interval, Beacon timestamp and Service Set Identifier (SSID) of a packet, it was
possible to optimally process the collected MAC timestamps to provide a hybrid TDOA-

TOA localization method with an average error of less than 2.5 meters.

3.4.1 Introduction

There are many applications that benefit from GPS (Global Positioning System);
however, GPS may not work well in outdoor environments that are heavily obstructed by

high buildings or in indoor environments.

The provision of the location information of objects and people in an indoor
environment is crucial to the delivery of novel indoor localization services [62-64]. For
example, in a hospital timely access to all the necessary equipment and personnel in an
emergency situation may determine the patient’s survival and can be enhanced by the
ability to locate those resources with accuracy and speed. In another example, in airports
and other transportation facilities where typical outdoor positioning system does not
function, indoor positioning systems based on 802.11 or similar technologies can be used

for tracking of valuable items.

Many of the time-based localization methods make use of the Round Time Trip
(RTT) of a transmitted signal [24, 25, 65]. It has been also found that time based methods
can be affected by the clock’s drift and noise [25, 27] or even multipath which introduces a

degree of measurement error [66, 67].

According to literature, better localization accuracy can be achieved by changing the

802.11 driver or by modifying the hardware [68-72]. The method proposed here requires
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only Beacon data and makes use of two different timestamps: one for synchronization and
localization process optimization (Beacon timestamp), and one for statistical analysis for
distance estimation purposes (MAC timestamp). The IEEE 802.11 standard does not
include high resolution timestamps, so in order to achieve an acceptable level of accuracy,
statistical methods must be used. As stated in [25], the authors presented a method using
RTT and low resolution clocks to measure the distance between two wireless nodes. They
achieved fairly good resolution with a standard deviation of 8 meters by means of
statistical methods and minor tweaks in their hardware. Moreover, their method
necessitated the active cooperation of another MT or AP and a third node as a monitoring
node. In [70] the authors obtained a timing resolution of 22 ns requiring specialized
hardware for mobile terminals. The method presented in this section is a more practical
approach as it does not demand the active cooperation of other nodes or high-end 802.11

hardware.

3.4.2 Distance Estimation

The localization method presented here is a mixture of TOA and TDOA estimations.
The distance between a mobile terminal and an access point will be determined by
calculating the time difference of a position, after calibrating out a known distance, that is,

distance 0.
D = ¢ x TDOA (3.6)
TDOA = TOA,, — TOA, (3.7)
D = ¢ X [TOA, — TOA] (3.8)

Where D represents the distance (m), c is the speed of light (m/s), TOA,, is the
calculated TOA (s) for distance n and TOA, is the calculated TOA for distance 0.
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Figure 3-3: Calibration and Distance Calculation Phases

As shown in Figure 3-3: Calibration and Distance Calculation Phases, TOA,, the
typical average processing delay, is calculated by placing the MT next to the AP. Packets
are collected and filtered appropriately by using statistical analysis in order to
estimate TOA,. This analysis is presented in sections 3.4.3 and 3.4.4. Similarly, TDOA is
obtained by placing the MT at a distance n in order to calculate TOA,,, before subtracting it
from TOA,. The challenge was to evaluate TOA, precisely. Since the presented approach
works without any cooperation from an AP, IEEE 802.11 Beacon frames are adopted for

both synchronization and calculation purposes.

AP MT
Beacon Frame |:
Timestamp A
166 b};ﬁf ﬁ:i frame }MPDUDdzy
Chipset timestamp

Figure 3-4: MAC Timestamp Position

In general, a chipset driver, after receiving the MAC Protocol Data Unit (MPDU), will
place a timestamp at the end of a frame. This means that an extra 1.26648e6 ns or 1266.48
MS minimum processing time is required, which can affect the accuracy estimations. A
simple driver modification [68, 69, 73] made it possible to position and thus record the
MAC timestamp for each packet at the beginning of MPDU (timestamp A), which

improved the process of timestamp measurement. The process is illustrated in Figure 3-4.
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Table 3-1: Localization Algorithm using beacon and MAC timestamps

e TOA( Calculation (Initialization phase)
— For each visible AP

* Collect beacon packets for n seconds

* Validate collected packets using beacon timestamp and
the time delta calculated from the previous captured
packet

* Calculate time delta from previous captured packet based
on MAC timestamp

x Average the calculated time deltas

% Record calculated TOA(q for the AP

e Distance Calculation

— Calculate TOA for distance n

— Calculate TDOA for distance n as (3.7)
TDOA =TOA, —TOAy

— Calculate MT distance to AP as (3.6)
D =px TDOAs

3.4.3 Methodology

A Beacon frame carries a wealth of information such as Beacon Interval, timestamp,
Service Set Identifier (SSID), Support Rates, Parameter Sets, Capability Information and
Traffic Indication MAP (TIM). In this approach, the most important statistics are drawn
from the first three, that is, Beacon Interval, timestamp and Service Set Identifier (SSID).

These parameters are shown in Figure 3-5.

For the analysis, two different timestamps have been collected and utilized: Beacon
timestamp and, MAC timestamp. The first one is used mainly for synchronization purposes
as well as assisting the identification of the valid and non-valid packets. Assuming a
typical Beacon Interval (BI) of 100 ms (Bl = 100); and a Beacon frame length of 140 bytes
(2.4 GHz) and 166 bytes (5GHz), every 0.102400 seconds or 102400 microseconds, a hode
in range should receive a Beacon packet.
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No. =~ Time Length  Protocol Beacon Interval Timestamp SSID
308 22.733050 140 802.11 0.102400 [Seconds] 1114214785 AP1S
309 22.835453 140 802.11 0.102400 [seconds] 1114317185 AP1sS
310 22.937851 140 802.11 0.102400 [seconds] 1114419585 AP1S
311 23.040252 140 802.11 0.102400 [seconds] 1114521985 AP1S
312 23.142629 140 802.11 0.102400 [seconds] 1114624385 AP1S
313 23.244961 140 802.11 0.102400 [Seconds] 1114726785 AP1s
314 23.347451 140 802.11 0.102400 [seconds] 1114829185 AP1S
315 23.449853 140 802.11 0.102400 [seconds] 1114931585 AP1S
316 23.552255 140 802.11 0.102400 [seconds] 1115033985 AP1S
317 23.654477 140 802.11 0.102400 [Seconds] 1115136385 AP1s
318 23.757055 140 802.11 0.102400 [seconds] 1115238785 AP1S
319 23.859454 140 802.11 0.102400 [seconds] 1115341185 AP1S
320 23.961853 140 802.11 0.102400 [seconds] 1115443585 AP1S
321 24.064255 140 802.11 0.102400 [Seconds] 1115545985 AP1s
322 24.166475 140 802.11 0.102400 [seconds] 1115648385 AP1S
323 24.269055 140 802.11 0.102400 [seconds] 1115750785 AP1S
324 24.371456 140 802.11 0.102400 [seconds] 1115853185 AP1S

Fragment number: O
Sequence number: 3738
= Frame check sequence: 0xe2274b98 [correct]
= IEEE 802.11 wireless LAN management frame
= Fixed parameters (12 bytes)
Timestamp: 0x0000000042699181
Beacon Interval: 0.102400 [Seconds]

0000 00 00 1a 00 2f 48 00 00 b2 4f c9 85 00 00 00 0O | TR - —
0010 10 02 a8 09 a0 00 e4 01 00 00 80 00 00 00 ff ff ........ ...c..cnn
0020 ‘fF-EfF<fF £F 00 15 6d 60" 22 £9 00 15 6d :60:22F9 ...... m ..M o,
0030 a0 e9 81 91 69 42 00 00 00 00 64 00 21 04 00 04 PR - SR, [

® \'&? File: "C:\Users\Perlmm\Documents\Project\... | Packets: 1330 Displayed: 1330 Marked: 0 Load time: 0:00.041

Figure 3-5: Beacon Packet Information

Figure 3-6 shows the calculated Time Delta from a previous displayed frame by
Wireshark for a standard beacon interval of 100 ms. The calculated time delta clearly

shows the 102400 microseconds time difference from previous beacon packet captured.

=) Frame 29: 166 bytes on wire (1328 bits), 166 bytes captured (1328 bits)
Arrival Time: Apr 13, 2012 18:16:15.218195000 GTB Daylight Time
Epoch Time: 1334330175.218195000 seconds
[Time delta from previous captured frame: 0.063774000 seconds]
[Time delta from previous displayed frame: 0.102400000 seconds]
[Time since reference or first frame: 1.433525000 seconds]

Figure 3-6: Time Delta

Figure 3-7 highlights both timestamps and how the data is selected or rejected. If a
Beacon packet cannot be generated every 102400 ps or the Beacon packet timestamp
fluctuates due to some hardware or software errors/delays, then those packets will be
rejected. Assuming packets can travel a distance of 300 m in 1 ps and since typical 802.11
cards allow recording of timestamps at a resolution of 1 ps, a sufficient number of packets
should be collected in order to assess the overall average and utilize the determined

average time. The proposed method’s algorithm is outlined in Table 3-1.
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Figure 3-7: Valid and Non-valid Timestamps

3.4.4 Experimental Setup

The experiments took place at the premises of the School of Pure and Applied
Sciences at the Open University of Cyprus. The floor is constructed from a mixture of
concrete pillars and walls, including plasterboard walls. Figure 3-8 shows the floor plan of
the building, access points and mobile terminal placements in line of sight condition.
Beacon packets generated by the APs every 100 ms were captured by the MT. The

measurements were conducted in Line of Sight (LOS) conditions at several distances.

‘ i { ]3 ﬁ Mobile Terminal E' aERaan
| 163
OO 115 (1) .
Transmitter/AP
FIEI FEHEHHHHH 0 (l) e nEEa
ﬁ S E ——p LOS Distance upto 30 m — ¢
112 aon T
114 & ll-.,;i: 2oyl — | 162
s 4 VA o e 165 _A

==
I

= g l,.".\. .'

Figure 3-8: Floor Plan

Three different devices have been used in the testbed environment; a Cisco E4200, a
Linksys WRT54GL and a Sony Vaio VPCYB2MI1E. The APs were loaded with

OpenWRT backfire firmware which provided a more flexible experimentation
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environment. The Mobile terminal was running Fedora 16 and tshark v1.6.3. Experiments
were carried out at 2.4GHz and 5GHz bands, on channel 11(2462MHz), channel
13(2472MHz) and channel 36(5180MHz).

3.4.4.1 Single AP Measurement

Table 3-2 presents the actual and estimated distance results of the MT from a single
AP. Measurements were conducted in the corridors of the building up to a maximum LOS
distance of 25m. ATOA, value of 102400.833 ps was measured as the base average
(Distance 0).

Table 3-2: Measurement Data

Distance TDOA, Est. dist. c # of Valid
(m) (ns) (m) (m) Packets
5 18 5.4 0.4 2802
10 24 7.2 2.8 3004
15 44 13.2 1.8 3065
20 80 24 4 2938
25 91 27.3 2.3 2768

Figure 3-9 shows the projection of the actual distance vs. estimated distance based on
Table 3-2.

30(@

emgmsE stimated Distance

w=Actual Distance
25 -

20 1

0 + ‘ ‘ ‘ T 1 (m)

Figure 3-9: Actual Distance vs. Estimated Distance

3.4.4.2 Trilateration Test

In order to test the proposed method in a trilateration scenario, three APs were used.

After calculating TOA,, the averages were calculated separately for TOA,;, TOA,;
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and TOA,;. Table 3-3, Table 3-4, Table 3-5 and Figure 3-10 illustrate the outcome of all

conducted measurements.
TOA, =102400.822 ps (Calculated base average for the trilateration experiments).

In each experiment, three circles were intersected and the calculated distance was

considered as radius, for example radius data for 1* trial.
r=11.7m, r,=36m, r;=35.1m.

Table 3-3: Position Estimation, 1st Trial

Average Average Actual Calculated valid
(SSID) (ps)g Difference Distance Distance Packets
(ns) (m) (m)
AP1S 102400.861 39 10 11.7 3076
AP2S 102400.942 120 37 36 2995
AP3S 102400.939 117 37 35.1 3004
Table 3-4: Position Estimation, 2nd Trial
Average Actual Calculated :
(SSID) A\Eigge Difference Distance Distance P\ziglilecis
(ns) (m) (m)
AP1S 102400.888 66 20 19.8 2901
AP2S 102400.921 99 27 29.7 2743
AP3S 102400.923 101 27 30.3 2815
Table 3-5: Position Estimation, 3rd Trial
Actual
Average A Calculated .
(SSID) A\Zirsge Difference Distance Distance P\z:calilecis
(ns) (m) (m)
AP1S 102400.919 97 25 29.1 2774
AP2S 102400.894 72 22 21.6 2807
AP3S 102400.900 78 22 234 2950
Table 3-3, Table 3-4 and Table 3-5 present the data used for the trilateration

calculations.
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Figure 3-10: Position estimation, 1* trial

Figure 3-10 presents the actual distance of the mobile terminal and the calculated
distances from each access point for the first trial, and finally how the position of the target

estimated using trilateration.

3.5 Conclusion

This chapter briefly presented an overview of time-based localization methods and
algorithms. Some of the well-known time-based localization techniques have been
discussed in this chapter and the impact of multipath and NLOS have been explained.

Moreover, a connection-less time-based method has been proposed. The advantage of
the proposed method over other time based localization methods is that it does not require
connection to an access point; the method uses Beacon frame information which eliminates
the need for bidirectional communication between the transmitter and receiver. By using
the Beacon timestamp information in conjunction with MAC timestamp, system delay can
be calibrated out. It was demonstrated that the proposed localization method can achieve
an average error of less than 2.5 meters. The proposed method does not require an RTS-
CTS mechanism and it could also be performed by utilizing a customized packet which

broadcasts only the desired localization information.

The next activity in the framework of indoor localization using time-based methods
will be the performance improvement and acceleration of data collection and evaluation
time. In order to take advantage of time-based methods for real-time localization and
tracking, any pre and post processing actions need to be as optimum as possible to
eliminate any unnecessary delay on data collection and distance estimation processes.
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Chapter 4

4 Accelerating TOA/TDOA Packet based

Localization Methods

Time-based localization methods can be especially useful in dynamic environments
where the usefulness of Received Signal Strength (RSS) fingerprint based methods can be
limited. Typical ‘off the shelf” 802.11 network packet time-based methods tend to collect a
large number of packets and apply statistical analysis in order to localize a user. This
packet collection process typically lies in the range of minutes, thus turning this type of
localization into a non-real time process. This chapter presents a method to accelerate
network packet time based techniques. By accelerating packet capturing in conjunction
with packet validation, it has been shown that the localization process time can be
shortened without reducing positioning accuracy.

4.1 Introduction

In complex dynamic environments such as airports, shopping malls, hospitals and
schools, there is a constant change in the environment. Time-based methods do not require
the construction of fingerprinting databases like RSS-based methods. On the other hand,
practical implementation of Real Time Location Systems (RTLS) based on network packet
time-based methods by using only off-the-shelf equipment is a challenging task. One of the
main challenges is the packet collection and user position evaluation process which can
take significantly more time than RSS-based methods [62]. Researchers have tried to
optimize the process by using different techniques. In [23], the Time Difference of Arrival
(TDOA) was measured by considering the clock offset and its local linear behavior around
the offset. In [24], a four-way Time of Arrival (TOA) algorithm that measures the Round
Trip Time (RTT) of IEEE 802.11 MAC was introduced. In another method the RTT
between two wireless nodes was calculated by using data and acknowledgment packets
[25]. In [66], the distance between nodes was calculated by using a two-way TOA

measurement technique by utilizing 1-ppm clocks. In [20], another time-based RTLS was
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implemented by using high accuracy clocks. These latter processes [20, 66] impose an

increased cost on RTLS deployment since special or more costly hardware is required.

Other researchers have tried to implement and use time-based methods by creating
customized packets and hardware solutions. In [26] and [74], a measuring system
integrated on a Printed Circuit Board (PCB) was used as additional hardware to the
wireless adapter, aiming to increase localization accuracy. In [75], a Time of Flight (ToF)
method was presented by using the G2 Microsystems tag, while in [76], a TDOA
geolocation system was tested utilizing five sensors for localization. BeepBeep [77] is a
time-based method that calculates the travel time of sounds between two mobiles; each
mobile emits a set of sounds which helps distinguish the in-between distance of the two
devices. Presented results in [77] suggest an achieved accuracy of 30 centimeters; however
sound-based methods may not work well in crowded areas where the environment is very

noisy.

Most of the time-based methods need collection times from a couple of minutes up to
20-30 minutes [23-25]. Such time durations may restrict practical usage of dynamic RTLS.
In PinPoint [23], it takes about four minutes to collect and evaluate the packets, while [25]
requires fifteen minutes of ping data collection in order to achieve the suggested accuracy.
As mentioned in [24], collection and evaluation of data requires a large number of packets,
suggesting a collection process of several minutes. In [14], 2000 to 2500 valid Beacon
packets are required to meet the accuracy requirements. Since most of the commercial
Access Points (APs) come with default Beacon Interval (BI) of 100 milliseconds, even this

method takes several minutes to collect the required number of packets.
Typically, time-based localization methods can be divided into two main categories:
e Hardware-based localization
e Software-based localization

The first category refers to time-based methods that are using customized or modified
hardware for localization purposes [20-22]. The second category is based on localization
methods which are purely software based without using any specialized hardware or
hardware modifications [14, 23-27]. Software-based methods are utilizing different types
of packets such as RTS-CTS, Ping, Beacon and custom made packets. A correct packet
type and an optimum packet generation technique can lead to faster and more accurate
distance estimation in software-based localization. This chapter presents the findings on

how a packet time based localization method can be accelerated with an ‘off the shelf’
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technique, and how such acceleration technique may affect the throughput of a network.
Results presented are based on the Beacon frame method [14]. To evaluate the effect of
different Beacon intervals on localization accuracy and speed, the Beacon method [14] was
further investigated by generating Bls down to 10ms. Several measurements conducted at
different Bls (200, 100, 50, 20 and 10ms) and at various distances up to 30 meters.
Moreover, the effect of different Bls on number of valid packets and channel throughput
has been studied.

4.2 Description of the method

In the presented method, broadcasted beacon packets are captured and analyzed. After
capturing the network beacon packets, TOA is calculated. The TOA calculation is carried
out for all the Access Points (APs) seen by the Mobile Terminal (MT). As explained in
[78], [79], the TOA can be calculated as follows:

r; = di + n; ieB (41)

Wherer; = c X t;in (m); c being the speed of light in free space (c =3 X
108 ™M/¢) and t; is the signal propagation time between AP and MT in (ns); d; is the actual
distance between the two nodes in (m) and n; represents the error introduced by the
processing delays of the hardware, which can be calculated through a calibration process
by placing the MT at a known distance. B represents a set of available APs seen by a MT
and i represents a node/AP in the set. In this analysis, (4.1) is reformed to allow estimation

of distance in terms of r; and n;. The formula (4.1) then becomes:
edl- =T + n; i€B (42)

Where ed; is the estimated distance of the i position in (m); n; is the processing delay in

(m).

4.2.1 Methodology

Since in this method beacon packets, Beacon Interval (Bl) and Beacon Timestamp are
used, the first step is to demonstrate what happens if we reduce packet generation time or
Bl. By generating beacons faster, more packets can be captured within the same timeframe.
In order to evaluate the effect of beacon generation speed on the localization accuracy,
different Bls including BI = 200, 100, 50, 20 and 10 milliseconds were generated and

position estimation results were analyzed at distances of 5, 10, 15, 20, 25 and 30m.
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Packets were captured by using Wireshark. Two different timestamps including
beacon timestamp and MAC timestamp have been used for TOA calculations. For each
test, 300 seconds (5 minutes) of data have been gathered and a measurement graph has
been produced to illustrate the achieved localization accuracy. To obtain the valid packets,
the beacon timestamp and MAC timestamp are compared. The beacon timestamp helps to
confirm that each packet has been generated every N millisecond: N being a “Time Unit”,
where according to the IEEE 802.11-1999 [80], a “Time Unit” is a measurement of time

equal to 1024 ps.

4.3 Performance Evaluation and Comparison

The performance of the presented method has been evaluated taking into account two
important factors for practical implementation of a RTLS. The first factor is acceleration of
packet capturing and post-processing while the second factor is wireless channel

throughput and quality of service.

Different APs and MTs have been used to confirm the consistency of the method. The
APs used include Linksys WRT54GL, Ubiquity Bullet M2 and Cisco E4200 and mobile
terminals consisted of a Sony Vaio VPCYB2ML1E and a Dell Inspiron N5110. In order to
test the method’s performance in different wireless bands, experiments were carried out at
2.4GHz and 5GHz bands, on channel 11(2462MHz), channel 13(2472MHz) and channel
36(5180MHz).

4.3.1 Measurements

Localization measurements were conducted in the corridors of the School of Pure and
Applied Sciences at the Open University of Cyprus (OUC) at a maximum distance of 30
meters and with LOS (Line of Sight) conditions. The distance between MT and AP has
been estimated by using equation 4.3[14].

D = ¢ X TDOA (4.3)
TDOA = TOA, — TOA, (4.4)

Where D represents the distance in (m), c is the speed of light in (m/s), TOA, is the
calculated TOA for distance n in (us) and TOA, is the calculated TOA for distance 0 in
(us). TOA represents the typical average processing delay which is calculated by placing
MT next to the AP. Packets are collected and filtered appropriately by using statistical
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analysis presented in [14] in order to estimate TOA,. TDOA is obtained by placing the MT

at a distance n in order to calculate TOA,, before subtracting it from TOA,.

Table 4-1 presents the calculated TOA, values for various capture durations where Bl
=100ms.

Table 4-1: Calculated TOA, for AP1 with Bl = 100ms

Capture Captured || Relevant Valid
TOAo(ps) Time(Sec) || Packets Packets || Packets
102401.1877 300 5466 2916 2019
102401.1868 200 3772 1947 1344
102401.1789 100 1925 973 665
102401.1773 25 497 243 141
102401.1857 10 211 97 70
102401 1 42 10 6

Captured packets refer to the number of packets collected for the specific capture time
from all visible APs at the point of interest. Relevant packets are the packets collected from
the specific AP, for which the distance of the MT is calculated for, while dropping packets
from all other APs in range. Valid packets are the selected packets based on the selection
criteria discussed in chapter 3. Valid packets are the only ones used for calculating TOAy
and TOA,, required for estimating the distance between an AP and the MT. Figure 4-1

presents the calculated distances for 5m up to 30m for BI=100ms:
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Figure 4-1: Calculated distance for AP1 with Bl = 100ms

Figure 4-1 illustrates the decline in the accuracy of the estimated distances as capture

time falls below 200 seconds. This happens because insufficient number of valid packets
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are collected during shorter times when BI=100ms in order for the statistical analysis to

yield acceptable results. This is also evident from the results presented in Table 4-2.

Table 4-2: Collected data, analysis and estimated distance for 10m with Bl = 100ms

Capture Relevant Valid .

Time(Sec) || Packets || Packets Bst dis(m) || o(m)
300 2918 2008 8.1 1.9
200 1945 1501 7.0 3.0
100 973 582 4.2 5.8
25 241 146 19.8 9.8

10 96 49 34.0 24.0
1 10 5) 60.0 50.0

As shown in Table 4-2, as the number of valid packets starts to fall below 1000, the
estimated distance, and its standard deviation, becomes unreliable implying that at least
1000 valid packets are required for acceptable distance estimation. Figure 4-2 and

Table 4-3 show the results for the same tests for a Bl = 20ms.
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Figure 4-2: Calculated distance for AP1 with Bl = 20ms

Table 4-3 shows the data, analysis and estimated distance for 10 meters and Bl =

20ms.

By reducing the BI time to 20ms, the minimum required valid packets (1000 packets)
are collected in 25sec. Figure 4-3 presents the number of valid packets for different
collection times for all the tested Bls. Presented numbers are the average of valid packets

collected at different distances (30m down to 5m) for each BI.
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In this figure the 1000 packets threshold which had previously been established as the
minimum number of packets required to achieve reliable distance estimation, is
represented with a darker background color. It was found that the minimum BI that can
provide reliable distance estimation in this occasion is 20ms. Selecting smaller Bls, such as

Bl1=10ms was found to significantly affect the number of valid packets leading to

inaccurate localization estimations.

Table 4-3: Collected data, analysis and estimated distance for 10m with Bl = 20ms

Capture Relevant Valid :

Time(Sec) || Packets || Packets st dis(m) | o(m)
300 14469 8528 13.2 3.2
200 9652 6227 13.0 3.0
100 4830 3021 13.3 3.3
25 1209 1015 13.8 3.8

10 484 374 32.0 22.0
1 47 41 66.0 56.0

Presented results in Figure 4-3 suggests that more than 1000 packets have been
collected in 25 seconds using a BI=20ms. The outcome is almost 8 times faster than using

a BI=100ms, which is typically the default Bl for commercial APs.
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Figure 4-3: Number of valid packets for different Bls in time
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4.3.2 BI Selection and performance measurement

The BI's value plays a significant role in various aspects of localization and the
overall performance of the localization platform. It is very important that a localization
platform based on 802.11 does not impose a negative impact on network communications.
This section analyses BI selection methods and the importance of having a correct interval

for this type of localization technique.
Two of the most important functionalities of beacon packets are:
e Synchronization of Wireless Local Area Network (WLAN)
e Adbvertising the Service Set Identifier (SSID) of the network

Generating a faster Bl introduces overhead to the network. As a consequence it can
influence the channel throughput and the Quality of Service (QQOS).

Evaluating different beacon intervals and selecting the appropriate one based on
environment of interest helps to reduce collisions, allowing delivery of more valid packets
over a shorter period of time.

Presented results in Figure 4-4 show that as Bl changes, it affects throughput which

can influence the number of valid packets.
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Figure 4-4: Channel 11 throughput@54MBps, 20m distance
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4.4 Conclusion

By reducing the beacon interval value, packet time-based localization methods can be
significantly accelerated. It was also found that the localization process acceleration
advantage does not necessarily scale linearly with the BI generation process. By using the
beacon packets and adjusting the beacon interval, more valid packets can be generated and
captured in much less time. Additionally, it has been shown that the localization system

can localize almost 8 times faster when compared to existing methods.
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Chapter 5

5 Indoor Target Tracking Based on Time

Difference of Arrival and Particle Filtering

Tracking wireless devices in an indoor environment using off-the-shelf equipment is a
challenging task. Typical time-based off-the-shelf indoor localization methods tend to
collect a large number of packet timestamps and subsequently apply statistical analysis in
order to localize the target. However, the kinematic characteristics of the target and past
measurements offering target trajectory information which have the potential to improve
localization are not taken into account. This chapter presents a particle filtering method to
address the problem of tracking a moving target in an indoor environment using off the
shelf time-based methods. The particle filter based method sequentially estimates the
posterior of the target state and is able to fuse past and present measurements from
multiple sensors with the target kinematic information in order to improve localization.
The localization performance has been assessed using different number of particles and
different number of access points (APs). Simulations to assess the effectiveness of the
method are also presented in this chapter. Simulation results are based on statistics of real

data collected from a real environment.

5.1 Introduction

Localization activities can be divided into two main categories: 1) indoor and 2)
outdoor. Location-aware applications can rely on GPS, GLONASS and GALILEO [19] for
outdoor localization, but this is not the case when a terminal moves into an indoor
environment. It has been more than a decade from the introduction of the first indoor
localization algorithm [32]. Since then, localization based on Received Signal Strength
(RSS) was investigated in depth [81, 82]. Compared to localization methods based on RSS,
time-based methods have the benefit of not typically requiring a Fingerprinting Database to
operate. Moreover, changes in the localization environment do not easily influence time-
based methods. Time-based localization can be divided into two main categories: 1) Time

of Arrival (ToA)/Time of Flight (ToF); and 2) Time Difference of Arrival (TDoA).
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ToA/ToF methods are based on the arrival of a signal from a transmitter to one or more
receivers. A timestamped packet travels between nodes and the receiver calculates the
transmission time delay and estimates the distance between the two nodes based on the
timestamp information. Moreover, in TOA/ToF systems, a time server is typically required
so nodes can synchronize their clocks. As discussed in previous chapter, it was proved that
by using only off-the-shelf equipment, indoor localization based on time methods is
possible within the accuracy of few meters. In [15], the information provided by 802.11
Beacon packet data was utilized to measure the distance of the Mobile Terminal (MT) to
the Access Point (AP). It was demonstrated that by using the Beacon timestamp
information in conjunction with MAC timestamp, system delays can be calibrated out. To
further improve the presented algorithms and minimize delays and achieve a real-time
localization, a particle filter method is applied to the problem of tracking a moving target
in an indoor environment using time difference of arrival measurements. A particle filter
method can use realistic models to characterize the state and measurement space and
accurately handle the non-linear relationship between target state and measurements
described by (5.2) and (5.3). Moreover, as a sequential Monte Carlo method, the particle
filter uses a prediction-update process to track changes in the target state. Therefore, the
particle filter utilizes information from past measurements and past target states in order to
improve localization accuracy for moving targets, when compared to triangulation
methods. The particle filter is able to estimate the posterior distribution of the target state
and therefore describe the uncertainty in localizing the target. A simulation based study is
conducted to assess the effectiveness of the method. In order to generate multiple Monte
Carlo runs of a realistic tracking scenario, measurement data were generated based on
statistics of real data collected from the same physical location where the simulation

scenario is placed.

5.2 Related Work

Practical implementation of Real Time Location Systems (RTLS) based on time-based
methods and off-the-shelf equipment is a challenging task. One of the main challenges is
the packet collection and user position evaluation process which can take significantly
more time than RSS-based methods [62]. Researchers have tried to optimize the process by
using different techniques. In [23] the Time Difference of Arrival (TDOA) was measured
by considering the clock offset and its local linear behavior around the offset. In [24] a
four-way Time of Arrival (TOA) algorithm that measures the Round Trip Time (RTT) of
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IEEE 802.11 MAC was introduced. In another method the RTT between two wireless
nodes was calculated by using data and acknowledgment packets [25]. In [66] the distance
between nodes was calculated using a two-way TOA measurement technique by utilizing
1-ppm clocks. In [20] another time-based RTLS was implemented by using high accuracy
clocks. Other researchers have tried to implement and use time-based methods by creating
customized packets and hardware solutions. In [26] and [74], a measuring system was used
as additional hardware to the wireless adapter, aiming to increase localization accuracy. In
[83] a Time of Flight (ToF) method was presented by using a tag, while in [76] a TDOA
geolocation system was tested utilizing five sensors for localization. Moreover, in [15] a
method to accelerate network packet time-based localization methods was presented. The
focus of this chapter is to investigate the effect on localization performance when using

different number of particles and APs in the particle filtering algorithm.

5.3 Problem Formulation

This section presents the target motion model and measurement model used for the
simulations. It also provides information regarding the environment where simulations
were performed. Moreover, it discusses the relevant time delay and the model used to

generate it.

5.3.1 Motion Model

The target moves within the corridor of the building shown in Figure 5-1. The target
motion is modeled by a nearly constant velocity motion model in Cartesian coordinates.

The state vector for the target at time stepk =1,...,Kis given byxkz[ 7

Xk Xk Yk Yk
where x,, y; are the positions in the x and y coordinates, and x;, y; are the corresponding

velocities. The motion is formulated as:

X = Fxp_q + Qug_y, (5.1)
where
1 6t 0 O
F=lo 0 1 &
0 0 0 1

and 6t is the time difference between state transitions. The matrix Q is a diagonal process

noise covariance matrix, and v, denotes a zero-mean, unit variance Gaussian process that
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models errors in velocity. The model in (5.1) is associated with the kinematic prior

distribution p (x| xg—1)-
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Figure 5-1: Instance of tracking. The true target state is indicated with a *+°, the target estimate is

indicated with a >V, the particle locations with a °.’, and the APs with a *e’.

5.3.2 Measurement Model

The signal bears information on the range of a target relative to each AP u =

1, ..., U given by

Tk =+ Otu — )2 + W — Yi)? (5.2)

where y,, and y,, denote the location of the uth AP in the Cartesian coordinates in

the form of a time delay

Tuk = ru,k/c (5.3)
Where c is the velocity of propagation of the signal. The time delay is measured as
the time difference of arrival between the MT and the AP. In this work, the time delay is

generated based on statistics derived from real data. The model used for generating the
time delay is

fu,k =Tyr + Nk (5.4)

where 7, is calculated based on the true target state that is unknown to the tracker,
using (5.2) and (5.3) and 1, is @ zero mean Gaussian noise realization with variance 2.
The variance o2 of the measurement noise has been experimentally obtained using real

measurements in the location where the simulations are also based in order to create a

realistic simulation model.
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5.4 Tracking Algorithm

Next the sampling importance resampling (SIR) particle filter (PF) [84] is described

that has the goal of estimating target location using time delay measurements.

5.4.1 SIR Particle Filtering Algorithm

A particle representing a hypothesis on the state x, of a target is denoted
as x;; wheren = 1, ..., N is the particle index and N is the total number of particles used.
Then state x;;_, proposed by particlen = 1, ..., N at time k — 1 is propagated to time step k

as
xf = Fxy + Quy (5.5)

which is equivalent to sampling from a Gaussian distribution with mean Fx;}_, and
covariance matrix Q as in (5.1) [84]. Then the state in Cartesian coordinates x;; is

transformed to range with respect to each access point u as

(5.6)
1= Gt = X002 + (b = Y2
which in turn corresponds to delay
Tk = Tur/C. (5.7)

Since the error in time delay is modelled as a zero mean Gaussian with

variance o2 then the likelihood probability for particle n and each sensor u is given by

( | n) 1 _(‘?u,k_fﬁ,k)z (58)
P (Tuk|Xy) = —=e 202
' V2mo?

Following the proposal, each particle is weighted as

(5.9)

U
o o< | |7 (Gl
u-—1

where the particle weights are provided in terms of the likelihood in (5.8) as the prior
was used for particle proposal in (5.5). Then weights are normalized and the estimate of

the posterior distribution and the estimate of the target state given respectively by

N (5.10)
B (xl{Fui,,) = D 0 80x - x)

=1

and
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(5.11)

N
R, = Z Wl 7
n=1

which is followed by particle resampling [84]. The algorithm is outlined in Table 5-1.
In summary, accurate localization of a target improves due to the information utilized from
past measurements during the tracking scenario by the prediction update process of the

tracking method.

Table 5-1: Particle filter tracking algorithm using TDOA measurements

e For each particle n =1,..., N

— Propose a new target state as (5.5)
xp =Fx;_; +Qvy

Far eich S8ii%er i = 1, ..y U

x Calculate proposed range as (5.6)
Pk = \/<Xu - 172)2 + (Y — 5//:3)2
* Calculate proposed time delay as (5.7)
Tu, 1 . ’u k/(
Calculate likelihood as (5.8)

1 _(i—u.k_T:}_k)Q
e 2052

I)Z(fuﬂxﬁ) = Mo

Calculate weights (5.9)
U . ‘ ;

wp o< [, P (Tuk|x}) and normalize

Calculate estimate of posterior (5.10)
N

p Xl\ |{T‘”J\ }'u,:l Zn il w HO(XI X;f)
Calculate estimate of posterior (5.11)

% =N wpxy
Particle resampling

5.5 Simulation Results

In the simulations, a single target moves in a two dimensional plane in the Cartesian
coordinates and the motion is completed in 500 time steps. Four APs are located at
coordinates @) y1 =0m, y1=1m,b) 2 =11.4m, y, =4.2m, c) x3=41 m, y3=3 m, and
d) x2 = 31 m, y4 = 8 m. An instance of the tracking scenario showing the true target
location, the estimate, the particle locations, and the location of the sensors is shown in
Figure 5-1. For the simulations a varying number of particles N = 1000, 5000, 10000
particles were used and the results were averaged over 1000 Monte Carlo runs. Moreover,
the simulations were repeated with a varying number of active APs U =1, 2, 3, or 4. In
Figure 5-2 and Figure 5-3 the percentage of lost tracks and the root mean squared error

(RMSE) tracking performance in meters is shown for different values of the number of
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particles N and for different numbers of APs activated. A lost track is counted if at 20
consecutive time steps the RMSE exceeds 5m, otherwise the RMSE is recorded for valid
tracks. We observe that as the number of particles increases the performance improves as
the posterior and estimate in (5.10) and (5.11) improve. Moreover, the information on
target state improves as the number of APs activated increases. Therefore, the tracking

performance improves with an increase in APs used.
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5.6 Conclusion

This chapter demonstrated that the particle filter is able to achieve reliable tracking
performance due to its ability to fuse measurements from multiple APs and through a
prediction update process. The prediction-update process used by the particle filter enables
the algorithm to combine information from the kinematic model of the target, which
contains information on the target trajectory based on past measurements with current
measurements. Therefore, the particle filter method has the potential to perform better than
typical localization methods as shown by the estimation accuracy improvement which is
due to the ability of the particle filter to utilize more accurate measurement models that are
created based on real data. Moreover, the particle filter has the ability to improve further in

the presence of more collected data.

Finally, Table 5-2 presents the comparison of the proposed Time-based methods with
other well-known methods, and the ones which have been replicated during the course of
this PhD and discussed throughout chapter 3 to 5. Also, it worth mentioning that by
“Algorithm Execution time”, we mean the time required for collection of data, storing of

data, processing of data and result presentation.

Table 5-2: Time Based Methods Comparison

Algorithm Execution time /

Method/Ref Accuracy . R . Solution Type
Required localization time
Proposed method [14, 15] <2.5m 20 sec COTs
Proposed method (PF) [16] 1.5mto 2.1 m 20sec COTS
PinPoint [23] ~3m ~4 min COTS
[24] ~4m Several minutes COTS
[25] <8m ~15-20 min COTS
[27] <2m Several minutes Specialized Hardware
CEASAR [70] <2m ~26—-30min Specialized Hardware
[74] ~3.2m ~15min Specialized Hardware
[75] <2.1m 2 sec Specialized Hardware
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Chapter 6

6 Signal Property based Localization Methods

Accurate indoor localization algorithms are a vital part of systems providing
localization services. Localization can be typically achieved through the use of Received
Signal Strength (RSS), timing methods (TOA, TDOA), Angle of Arrival (AOA) or hybrid
methods. RSS methods based on off-the-shelf 802.11 equipment can be implemented with
almost no modification to the existing infrastructure. They also typically have the lowest
capital expenditure since 802.11 infrastructures can be used to support such activities. This
chapter presents a new RSS localization method based on path analysis. While current
fingerprint RSS methods estimate the average RSS values at a static single point, the
proposed localization method utilizes the captured RSS values over a short path in an effort
to capture a more detailed signal behavior, when compared to the single point case.
Presented results are based on an indoor radio campaign and suggest a significant
improvement of the average achieved accuracy and its standard deviation when compared
to typical RSS methods. Moreover, the method has been tested with device diversity and
various user walking speeds. This chapter also presents the usage of deterministic ray
tracing simulations for creating accurate fingerprinting databases instead of performing

resource intensive radio measurements.

6.1 Introduction

GPS, GLONASS and Galileo are commonly used to provide device localization in
outdoor environments; however they cannot typically do the same for devices operating in
indoor environments. To achieve the latter, various techniques have been used in the past.
These techniques utilize algorithms based on Time of Arrival (ToA) [20, 21, 81, 82, 85-
87], Time Difference of Arrival (TDoA) [23, 25], Angle of Arrival (AoA) [48, 88],
Received Signal Strength (RSS) [12, 32, 38, 89, 90] and hybrid methods [14, 91, 92].
Currently, indoor localization techniques based on the Received Signal Strength of 802.11

systems are considered off-the-shelf solutions, since they are based on infrastructure

70



Chapter 6. Signal Property based Localization Methods

installed in the environment of interest and require no modification to this infrastructure or
its related devices [32, 38, 89, 90].

A typical RSS method consists of two phases: an offline phase and an online phase.
During the offline phase, a RSS fingerprint database (FDB) of the environment is created,
where each entry of the database refers to an average RSS measurement estimated from
multiple samples received at a single static point at a known position. This radio—map can
be constructed either by measurements or radio simulations [105], [106]. During the online
phase, the database entries are compared with real time RSS measurements, and
localization algorithms can be applied to predict the position of the user. Typical
localization algorithms include algorithms based on the k-nearest neighbor (KNN) [32, 33],
neural network [34, 35], support vector machines [36, 37], probabilistic [38-41], and
pattern recognition [42, 43]. RSS methods can be implemented as active or passive [32, 44,
45]. In active methods there is a need for active communication between the Mobile
Terminal (MT) and the infrastructure. Passive methods refer to the case where the two
sides do not need to communicate. An active method example can be a user positioning
himself and finding his way throughout an environment. Passive methods can be used for
localization scenarios of equipment or other resources in hospitals, factories, companies or
similar environments. The purpose of this work was to investigate if the accuracy achieved
by RSS-based localization systems can be improved through the provision of a more
informative fingerprint database. To this purpose, this chapter presents a new localization
method based on signal strength analysis recorded over indoor radio 802.11 paths,
resulting from the user’s non-line-of-sight (NLOS) and line-of-sight (LOS) movement in
the environment of interest. It is expected that the captured faded signals from multiple
access points which constitute a fingerprint path, will provide a more informative
description of the area, compared to methods that are based on static point observations,
aiming to lead to a more precise localization process. For comparison purposes, it was
decided to choose one of the most often used RSS localization methods and apply it in this
work. Thus, this chapter investigates possible localization accuracy improvements, when a
kNN-based method is used to analyze RSS values captured over paths rather than single
points. Results obtained from the previous process are compared with existing KNN

methods of RSS measured over static single points.
Novel research contributions in regards to this chapter can be summarized as follows:

1. Introduction of a novel KNN-based localization algorithm based on RSS captured

over paths.
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2. Analysis of k selection impact on kNN algorithms and the proposed method.

3. Investigate the impact on the performance of the proposed method in the case of
device diversity, as well as the effect of a variable captured RSS sample number

for various user walking speeds.

6.2 Method

RSS-based localization systems create fingerprint databases by collecting signal
strengths from multiple Access Points (APs). Each location of an indoor environment is
characterized based on the collected signal strength values. To create the fingerprint
database, a MT is placed at known locations. The collected data from the radio visible APs
is then recorded by the MT and stored in the fingerprint database. The proposed method
named “PathLoc”, characterizes the known locations of the indoor environment based on
the signal fading statistics of RSS recorded over a short path rather than typically used
single static point. In this approach, each entry in the fingerprint database represents a
specific short path in the area of interest. To investigate possible performance

improvements between the different approaches, a KNN algorithm is implemented [42, 43].

6.2.1 Offline Phase / Survey Phase

The offline or survey phase focuses on the creation of the fingerprint database that
describes the localization environment of interest. For each survey point, the MT travels a
short path, 1.8 meters in this occasion, representing the distance traveled over three 60cm
floor tiles. While traveling over this short path, the MT captures the RSS values, including
any fast faded signals. The existence of the fast faded signals became evident based on the
observation that the recorded signal strength for measurements over a single short path
varied up to 40 dB. Equation (6.1) highlights the required fingerprint database data that has

to be recorded at each survey point:

Px,y = (Cll, az, ..., ak) (61)

Where X, y represent the point coordinates on the map and ay represents survey points
for access point k. Equation (6.2), whose components are V, the average of the squared
differences from the sample mean (Variance) and s, the sample standard deviation, allows
to calculate a for each visible AP.
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% (6.2)
% = 265

To address device diversity, all a, need to be normalized [39, 93]. Equation (6.3)

calculates N which is the normalized vector for A = (ay, ay,..., a):
N = (ak_, — Max(A)) (6.3)

Calculation of the Vector N concludes the offline phase.

6.2.2 Online Phase
During the online phase the following data is collected by the MT:
T =(ay,ay,...,a;) (6.4)
TN represents the normalized vector for T:
TN = (ak_, — Max(T)) (6.5)

Next, the Euclidean distance between the target node and each P, ,, in the database is

calculated by using Equation (6.6):

- (6.6)
Dy = | ) (TN; = N)?
i=1

Where D represents the Euclidean distance between the target and an entry in the
fingerprinting database, RL is the index of the reference position, TN is the normalized
linear values of the MT signal strength vector, N represents the linear vector of the signal
strength values as stored in FDB, i represents the index of the AP and K is the number of
available APs. The reference position of the fingerprint database that returns the smallest D
is considered as the most probable target position. In other words, the smallest D is the
closest neighboring location to the target’s position. After finding the smallest Ds (Nearest
Neighbors to the target) based on Equation (6.6), the final coordinates (x, y) are calculated
by using a kNN algorithm and a weighted term given by Equations (6.7) and (6.8).
Equation (6.7) shows the location estimation based on multiple nearest neighbors by using

the weighted factor:

1 1 6.7
%:1_'xm Z%:l_-ym 6.7)
x= = Dy _ 2 Dy
- C y= C
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Where X, y are the location coordinates, M is the number of nearest neighbors and C is
the sum of calculated coefficients for all the selected neighbors. Equation (6.8) presents the

calculation of C:

(6.8)

Based on our observations, applying the weighted factor is especially useful in
scenarios where D values for the M nearest neighbors are not very close to each other. In
these cases a simple average of coordinates may not produce accurate results. The

proposed method's algorithm is outlined in Table 6-1.

Table 6-1: A New WKNN Approach Algorithm using Path Analysis

o Offline/Training Phase
— For each path/point in RM ( Py, y)
% Collect all RSS values for visible APs as (6.1)
Pyyy = (a1, a2, ...,a%)
* Normalize all a values as (6.3)
N = (af_; — Maz(A))
* Record it in FDB
e Online/Localization Phase
— Collect all RSS values for visible APs (a1, as, ..., az)
— Extract the normalize vector for MT as (6.3)

N = ((15‘;:1 — Max(A))
— Compare normalized vector for MT to RM using WKNN
* For each P in FDB
Calculate Euclidean distance (6.6)
K T
Drr = \/Zi;1(T‘\'i — Ny)®

Select the K nearest neighbors

*  Apply the Weighted term & Draw the location of MT
Calculate C' the sum of calculated coefficients for K
selected neighbors as (6.8)
~ M 1
C = Zm:() D .
Calculate z, y coordinates using (6.7)

M 1 M 1
§ Do Tm E Do -Ym
m=1 Dm m=1 Dm ™*
C =

Y = e

r =

6.2.2.1 Neighbors Selection

Traditional RSS methods select the closest neighbors based on the smallest values of
D. The goal of the proposed method is to find the closest neighbors based on the path
analysis. During the online phase, the localization algorithm tries to match the MT’s signal
to the closest possible signal in the FDB. In order to localize the MT by using the path’s
faded signals, an extra step has been added to the traditional closest neighbor algorithm. To

eliminate false positives, distance D is first calculated for all of database entries. Next, the
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raw data gets sorted based on RSS values (strongest to weakest) and AP names. This helps
to provide a list of AP names sorted by strongest to weakest average RSS values for each
database entry. Finally, based on the lists, the K distances are selected from the entries
which have the most similarities to the target’s list of sorted APs. The final list of selected
Ks includes entries from the FDB with the most similarities to the MT’s sorted AP list,
followed by an ascending order of their distances (Ds).

- Target
o Closest Neighbor

—20
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—80

Signal Strength(dBm)
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4 of Packets

Figure 6-1: Online VS closest neighbor Raw data

Figure 6-1 presents the raw data of the MT to be localized, i.e. the target and that of
the closest neighbor. In Figure 6-1 data have been presented as captured by the MT. The
MT captures the relevant packets in the order of AP radio visibility. Figure 6-2 presents the

comparison between the online signal (Target) and the closest neighbor found, by applying
the proposed algorithm.
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Figure 6-2: Online VS closest neighbor signals
75



Chapter 6. Signal Property based Localization Methods

A fingerprint database of a large environment contains many reference points. Finding

K neighbors, only based on smallest Ds may not always lead to the best localization result
as demonstrated in Figure 6-3.
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Figure 6-3: A false positive introduced as a nearest neighbor in traditional KNN algorithm

It has been found that fewer data samples can lower the D value and introduce a false-
positive close neighbor as demonstrated in Figure 6-3. In this example, the traditional KNN
algorithm chooses a nearest neighbor for the target by only calculating D. Figure 6-3
shows the sorted RSS for both the target and a closest neighbor as a visual representation
of the above statement about the D value. In this case, the selected neighbor refers to a
point on the map near room number 111 (Figure 6-4). Due to the environment
characteristics of that room, which contains concrete walls, fewer packets have been

captured within the given time during the offline phase, due to an increased signal loss.
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Figure 6-4: Floor plan and APs Distribution
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Figure 6-5 shows the selection of a nearest neighbor for the same target signal by
using the proposed “PathLoc” method. The selected neighbor is near room number 103

(see Figure 6-4) which is the actual position of the online signal.
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Figure 6-5: Sorted RSS signals of the target and a nearest neighbor found by the proposed method

Figure 6-3 and Figure 6-5 clearly demonstrate that by utilizing traditional algorithms,
the closest neighbors are not necessarily the most optimum ones. The new algorithm
”PathLoc” helps to distinguish points from the FDB which have closer patterns to the
target line. It also proves that by using “PathLoc”, the nearest neighbors patterns are a

better fit to target, than the patterns produced by the traditional algorithm.

6.3 Experimental Setup and Performance Analysis

The tests have been carried out at the premises of the School of Pure and Applied
Sciences of OUC. Eight Linksys WRT54GL access points have been distributed
throughout the floor. In order to collect more samples, the APs beacon interval was
changed from 100 ms to 10 ms. Figure 6-4 shows the floor plan and the APs positions.
Mobile terminals consisted of a Sony Vaio VPCYB2ML1E and two USB wireless cards,
including a TP-LINK TLWN821N and an AirPcap NX. Different mobile terminals and

wireless cards were used to test the method in device diversity scenarios.
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Table 6-2: Methods Description

Method Name ‘ Description
The proposed method which uses
PathLoc a weighted K-nearest neighbor algo-
rithm.

Follows the same philosophy of typi-
cal RSS methods, but instead of aver-
Path Average aging the signal at stationary points,
the average of the recorded values
along the path is used.

In this method, the creation of the
FDB has been performed by collect-
1D RSSI ing signal strength values only in
one orientation/direction at station-
ary points.

1D RSSI method using the same
1D RSSI weighted | weighted factor applied in the pro-
posed PathLoc algorithm.

In this method, the creation of the
FDB has been performed by collect-
4D RSSI ing signal strength values in all four
orientations/directions at stationary
points.

4D RSSI method using the same
4D RSSI weighted | weighted factor applied in the pro-
posed PathLoc algorithm.

The performance of the proposed method has been compared to five other methods
whose short descriptions can be found in

Table 6-2. Four separate databases have been created for the experiments, one for the
presented method, and three for comparison methods (PathLoc, Path Average, 1D RSSI,
4D RSSI). The 4D RSSI method can be considered the most common/well-known RSS
method to date [139] . Similar to the proposed method, collected reference points for the
comparison method cover the same areas and the same number of reference points. The
terminal collects four sets of data (one for each direction), combines all measurements and
saves the results in a fingerprinting database. Figure 6-6 presents a typical RSS based

localization technique.
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Figure 6-6: Typical RSS based localization setup.

6.3.1 Measurements

AP3

For the offline phase, over a hundred reference points have been collected for each

method. For the PathLoc method, the offline phase was created by measuring reference

paths of 1.8 meters. To gather data for a reference point, the MT moves along a straight

line with a steady pace collecting signal strengths from all visible APs.

6.3.2 Experimental Results

Table 6-3 presents the performance of the different methods. As the results suggest,

the proposed method achieved almost 40% better localization average accuracy and 26%

smaller standard deviation compared to typical RSS methods. The average accuracy of the

proposed method was found to be 1.9 meters.

Table 6-3: Method comparison for: (M1) PathLoc, (M2) Path Average, (M3) 4D RSSI, (M4) 4D RSSI
weighted, (M5) 1DRSSI, (M6) 1D RSSI weighted

M1 M2 M3 M4 M5 M6
Max|m] i8 54 8 8 168 144
Min [m] 0 0 06 06 06 06
Average [m| 1.9 24 3.0 29 6.0 4.0
o [m] 14 19 1.9 1.9 51 36
Var [m] 31 35 36 35 260 12.6
<=06m 39% 22% 13% 13% 9% 4%
< 2m 57%  39% 35% 35% 1% 1%
< =3m 83% T70% 65% 65% 35% 39%
< 5m 100% 83% 74% 8% 61% 83%
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Also as Figure 6-7 suggests, the average accuracy of the proposed method outperforms

the other methods.
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Figure 6-7: Average error for methods: (M1) PathLoc, (M2) Path Average, (M3) 4D RSSI, (M4) 4D
RSSI weighted, (M5) 1D RSSI, (M6) 1D RSSI weighted

6.3.3 Device Diversity and K Selection

In order to test the method in device diversity scenarios, all tests have been repeated
by using three different devices: a Vaio VPCYB2ML1E, a TP-LINK TL-WN821N and an
AirPcap NX. Figure 6-8 presents the average localization error for each of the devices

along with their standard deviation (o) obtained from the related dataset.
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Figure 6-8: Device diversity and localization error

In this figure "Avg.All" indicates the average localization error and average standard
deviation of all three devices. Based on the various samples recorded in different

environments, including office rooms, corridors and laboratories, and by evaluating the
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proposed localization method with different Ks, it was decided to set K= 5. As Table 6-4
suggests, the proposed method performance can vary by selecting different values for K.
The average errors for all the cases are very close to each other, supporting the stability of

the proposed method.

Table 6-4: Method performance with different Ks

K=1 K=2 K=3 K=4 K=5 K=6
AV Error [m] 22 23 21 21 19 21
o [m] 22 21 17 17 14 17

Similar tests have been conducted to measure the effect of different Ks on other

methods. Figure 6-9 presents the comparison of all methods.
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Figure 6-9: Effects of different K selections on localization accuracy

6.3.4 Speed impact

In order to further examine and evaluate the validity of the proposed method, the
method was tested with various MT speed sampling intervals. The aim of this test is to
examine whether the estimated localization accuracy degrades with a decreasing number of

samples, due to a user moving faster over the 1.8 meters path.

Typically a larger number of samples can be obtained either from a longer path, or if
the MT/User moves slower or if an AP transmits with a shorter (i.e. faster) beacon interval.
The original fingerprinting data was collected at a slow user pace and a beacon interval of
10 ms. The 1.8 meter path was traveled in a six seconds interval in order to maximize the

collection of samples.
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According to [94], the average walking speed of a person is between 1.25 to 1.5

meters per second. In indoor environment this speed can drop down to 0.7 m/s [95]. Since

in many cases people might walk with different paces, the online phase samples that were

gathered at the same six seconds per 1.8 meters pace were resampled at x n speed, for n =

{2, 3, 4, 5, 6, 7}. This allowed the creation of online data samples that would represent

faster paces, leading also to fewer collected samples over the same path length. Resampled

data represents traveling speeds of {3, 2, 1.5, 1.2, 0.9} seconds for the same path. Faster

paces would mean fewer online data samples, allowing to test the performance of the

suggested algorithm in non-optimum conditions when fewer online RSS values are

available. Figure 6-10 presents the detection rate changes in relation to the speed interval

increases. Figure 6-11 presents the average errors, together with the standard deviation at

each speed.
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Figure 6-11: Localization error VS Speed interval
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6.3.5 Path length selection

Another necessary step to further evaluate the proposed method is to examine the
effect of path length on localization accuracy. The purpose of this test is to find the most
optimum path length for the proposed method and how shorter/longer paths affect the
average accuracy and standard deviation. An optimum path length can help to better
characterize the localization environment. The proposed method has been tested with
various path lengths. The initial tests have been performed over a 1.8 meters path, which in

our environment this was the distance over 3 x 60cm floor tiles.

After proving the concept as presented earlier in section 6.3, smaller and larger path
lengths have been tested to evaluate the effect on localization accuracy. The tested path
lengths were 0.6m, 1.2m, 1.8m, 2.4m representing 1, 2, 3 and 4 floor tiles respectively.
Figure 6-12 presents the performance of “PathLoc” using different path lengths and
number of k-nearest neighbors. This figure suggests that the optimum path length for

“PathLoc” algorithm is between 1.8m to 2.4m.

In our tests it was found that path length of 1.8 m and k = 5 resulted to a localization
accuracy of 1.9 m as presented in Table 6-3. Similar results were obtained for a path length
= 2.4m. From the results collected it appears that path lengths between 1.8 m and 2.4 m

were producing the most optimum results.

It was found that using smaller paths (shorter than 1.8m) in our indoor environment
did not provide enough data to achieve a localization accuracy better than 1.9m. This does
not necessarily mean that smaller paths cannot provide better accuracies since the

fingerprint database created did not exhaustively cover the whole floor.

—o—0.6 m

—=—1.2m
8 —e—1.8m
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6
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Figure 6-12: Effects of different K selections and path lengths on
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Figure 6-13 presents the proposed method average accuracy and standard deviation (o)
using different path lengths for “PathLoc” algorithm. Presented average error and (o) are
based on K =5 (the most optimum number of nearest neighbors for “PathLoc”). Three

different wireless cards were used to test each path length for device diversity purposes.
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Figure 6-13: Path-length and localization error.

6.4 Usage of Simulated Data

We also use simulations to evaluate and verify the performance and accuracy of the

proposed method and to compare the real world measurements with the simulation results.

Similar to the real world measurements, simulation can be used for both offline and
online phases. In this chapter we use simulation for comparison purposes. Moreover, The
ability of the proposed methods to handle complex tracking scenarios, to utilize signal
strength data and fast fading information from environment is successfully demonstrated

using simulations.

6.4.1 Simulation Setup - Offline phase

To generate a simulated offline phase fingerprint radio map of the environment, a 3D
ray tracing simulator (TruNET Wireless) was used. The 3D plan of the environment was
considered, including a description of the constitutive parameters of the building materials
obtained from literature [13]. In order to be able to capture fast fading, the distance
between subsequent cells was set at <A/2. An isotropic receiver was assumed and was
placed at a height of 1.5 m. The wireless network implemented based on the real world
scenario (Figure 6-4 and Figure 6-14) which consist of 8 APs spread around the
environment of interest and placed at a height of 2.2 m. The estimated RSS values from the
simulator were used to populate to a database (fingerprint radio map). Subsequently and
for comparison purposes another fingerprint radio map database was generated based on

real measurements.
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Figure 6-14: Test Environment and Test Routes/Paths

6.4.2 Simulation Setup - Online phase

To evaluate the performance of the proposed method using simulations and compare it
to the real measurements, various simulations have been carried out to estimate the
location of a mobile terminal moving along the test paths as shown in Figure 6-14. The test
paths were simulated at the height of 1.5 m and consisted of 70 paths. Estimated RSS
values have been passed through a normally distributed RSS fluctuation filter with a ¢ =
+3dB in an effort to better simulate the dynamic effect of the real environment. This sort of
RSS fluctuation can be observed in real world scenarios due to human movements, device
diversity, operating conditions and many other factors [107]. The position estimation was
performed using the proposed method (PathLoc) which is a weighted K-nearest neighbour

algorithm.

Table 6-5 presents the comparison between real measurements vs simulations. The

results shown here are obtained from 30 simulation repetitions.

Table 6-5: Real Measurements vs Simulation Performance Comparison

Real Measurements Simulation

Max|m]| 4.8 6.2
Min |m] 0 0.6
Average [m] 1.9 2.2
o [m] 1.4 1.7
Var [m] 2.1 3.3
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Figure 6-15: 2D description of the environment and the various propagation mechanisms exist in the

environment

Above figure presents a 2D description of the environment and the various
propagation mechanisms that exist in the environment. In the above figure it becomes
obvious that the resultant RSS is the combination of multiple contributions (multipath)
arriving at the receiver. The different paths arriving at the receiver travel different

distances and thus have slight different arrival times.

Figure 6-16: 3D description of the environment and the various propagation mechanisms exist in the
environment
Above figure presents the same scenario as above but in a 3D view, clearly identifying
that these propagation mechanisms take place in 3D, a fact that has to be taken into
consideration when considering the propagation mechanisms. TruNET wireless
automatically considers the correct value of the 3D interaction.
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Figure 6-18: Power Delay Profile (PDP) For Cell 1 from Transmitter 2

The figures above presents a simulation result from TruNET Wireless and describe the
Power Delay Profile (PDP) for the same cell (cell 1) presenting contributions from two
different transmitters. It is evident that different contributions reach the receiver at
different times, and thus phases, and with different amplitudes. The sum of these
components is the final RSS value.

6.4.3 Comparison of real and simulated raw data

The comparison between real measurement and simulation raw data is a necessary

step to evaluate the accuracy and reliability of the proposed method. For each simulated
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path the real measurement data have been extracted and compared by averaging the RSS of
each transmitter from real data VS simulation data. Figure 6-19 presents the comparison
for a sample path. Presented data show that the real measurements and simulation data are

very similar which suggests that simulations can be used safely to further calibrate the

method and the diversity equations.
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Figure 6-19: Real world VS Simulation RSS Comparison for multiple transmitters captured on a

sample path

6.4.4 Comparison of raw data based on number of collected samples per path

The simulation has been configured to generate an average received signal strength
value every 5 cm (~A1/2 @2,4GHz) that means for a 1.8 m path we will have 36 RSS
values collected from each visible transmitter. When collecting data using a
handheld/laptop in the real environment we have 550-600 packets collected for a visible
transmitter for the same distance. In order to have a better comparison between real
measurements vs simulations, first an average of every 15 signal strength collected from
the real environment is calculated in order to have one value which represents 5 cm for the
real measurements. The final results brings the simulation data closer (makes them more
comparable) to the real measurements by +2 to 3 dBm. Figure 6-20 present the

comparison of the raw data calculated based on 1/15 ratio.
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Figure 6-20: Comparison of raw data based on number of collected samples per path

6.4.5 Comparison of real and simulated raw data for one transmitter

Analysing the raw data for one transmitter allows to better evaluate the simulation
results and their effectiveness on localization. Presented data shows that simulation results
are very close and comparable to the real data. The results can differ £ some dB but the
patterns are very similar. This behaviour is expected and can be seen in real world
scenarios as well due to device diversity and other environmental factors such as

human/machine movement.
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Figure 6-21: Comparison of raw data for one transmitter

6.5 Conclusion

This chapter presented a novel localization method based on analysis of RSS samples
obtained over a path than over a stationary point. Compared to typical RSS methods where
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the average signal of a number of APs is recorded at a stationary point, the proposed
method demonstrates that better localization results can be achieved by analyzing RSS
signals recorded over a path. The proposed method has been compared to a number of
well-known and widely used RSS techniques and has been shown to produce smaller
average errors than the other methods. Moreover, the ability of the proposed methods to
handle complex tracking scenarios, to utilize signal strength data and fast fading

information from environment is successfully demonstrated using simulations.

Finally, Table 6-6 presents the comparison of the proposed RSS method with the other
well-known methods and the ones which have been replicated in our test environment.
Also, it worth mentioning that by “Algorithm Execution time”, we mean the time required

for collection of data, storing of data, processing of data and result presentation.

Table 6-6: RSS Based Methods Comparison

Algorithm Execution time /

Method/Ref Accuracy Required localization time
Proposed method [17, 18] ~19m Instantly
RADAR [32] <4m Instantly
(33] ~6-8m Instantly
[34] ~2.3m Unknown
[90] <5m Unknown
1D RSSI [139] ~6m Instantly
1D RSSI Weighted [139] ~4m Instantly
4D RSSI [139] ~3m Instantly
4D RSSI Weighted [139] ~29m Instantly
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Chapter 7

[ Localization Platform

7.1 Introduction

Research on indoor localization and development of location based algorithms
requires more than just wireless node hardware. Researchers and developers need smarter
and more efficient tools that can provide them with proper data collection and analyzing
capabilities. In order to facilitate the process of real data collection, which is time
consuming, a localization platform is needed to collect the packets, processes them, and to
plot the estimated location of the user. The platform also helps to replicate other methods

for performance comparison purposes.

In this chapter we present an indoor localization platform that is able to provide a real-
time estimation of a mobile terminal using time-based and signal strength based methods
presented in previous chapters. The platform has been developed during the course of this
PhD and makes it incredibly easy and quick to perform data gathering and location
estimations in indoor environments. Moreover, the platform helps to better visualize the

approximate distance and position of the mobile terminal.

The localization platform was developed using C# and Microsoft SQL Server. The
platform helps to collect packets for each method, processes them, and plots the estimated
location of the mobile terminal. The localization platform has been used both for time-
based methods and signal property-based methods. This chapter will briefly explain and

review the localization platform and its usage and functionality.

7.2 Time-based Methods

The work on the localization platform started while conducting literature survey and
started experimenting with time based methods [14-16]. With the amount of collected data
growing at an exponential rate, the need for having a proper tool, which can better
accommodate data collection and evaluation while testing different methods and ideas,
became more obvious. Work on creating a new localization platform started with an eye
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towards the vision of creating a useful and user friendly contextual tool that can accelerate

data collection and processing while visualizing the output data in a meaningful way.

While testing and conducting experiments for our proposed time-based method [14],
we confirmed that in order to meet the accuracy requirement, collection of thousands valid
beacon packets were necessary. As proposed in [14], calibrating the system by calculating
distance 0 is the first step. Both system calibration and distance calculation can be
performed using functionalities of the platform.

Below, we present some screenshots of the platform along with more detailed
explanations for each of the functions and how the distance between a mobile terminal and
an access point is determined by calculating the time difference of a position, after
calibrating out a known distance, i.e. distance 0.

I Calculation | Drawing | 8

Average Calculated Valid
Difference {ns) Distance {m) Packets

102400.760611205 102400.794314381 0.0337031759991078 | 10.1109527997323 3588
102508.910103726 102508.917847025 0.00774329500741577 | 2.32298970222473 247

Test Time (Sec) 10 AP Name Base Average (us) Average(us)

‘ ‘ Reset H Record Data ‘ 4
3 2

Tme 4 102400

5 | Process ‘

| Load From Log File 7

Figure 7-1: Packet Collection and Evaluation Screen

Figure 7-1 shows the main screen of localization platform developed and used for
time-based methods followed by Table 7-1 which provides a brief description of the
functionalities marked with a number in Figure 7-1. A more detailed description of each
functionality will follow in this chapter.

As shown in Figure 7-1 the first step is to assign a testing time period (1). This is the
duration of packet collection for the respective test. In order to have more reliable
performance/results, the assigned value for test time needs to be the same for calibration
phase and distance estimation phase. This will insure a fair comparison between data

collected for distance 0 and each estimated distance after that.
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Table 7-1: Brief explanation of platform functionalities for time-based methods

Reference # | Description

1. Test Time The duration of packet collection for the experiment.
It triggers the start of a packet collection. It is used
to initialize the system and collect data to calculate
distance 0 TO Ay [14] and TOA,, for mobile terminal
respectively.

Resets the test time and change the state of Record
3. Reset Data button to Initialization in case T'O Ay needs to
be recalculated.

Tt refers to the Beacon Interval time used for the ex-
periments. This value is especially important when

2. Record Data/Initialization

4. Time conducting tests with different Bls as discussed in
chapter 4 [15].
It starts the statistical analysis and distance estima-
E oD tion based on time methods discussed in chapter 4
5. Process

and presents the results in the results window next
to it

It displays estimated distance in meters to mobile
terminal from each visible access point. Calculated
distances then can be used to estimate location of
the mobhile terminal using trilateration.

It accommodates the use of previously captured data
by simply loading respective pcap files for processing.
To load floor plans. place infrastructure access
points/base stations and assign the measurement ra-
8. Drawing tios of the environment. In general, it helps to bet-
ter visualize the calculated distances and location of
MT.

6. Results Window

7. Load From Log File

Record Data/Initialization button (2) triggers the start of a packet capture using
tcpdump which will last for n seconds as specified in previous step. Next, collected data
are saved in a pcap file format and can be used for calculation of TOA; and TOA,
respectively [14]. This button is designed for both calibration and distance calculation
phases. Its functionality changes automatically depending on the respective phase. For
example, during the initialization phase which distance 0 is calculated, the button label is
set to “Initialization”. Once the calibration/initialization phase is completed and distance 0
is calculated, the label changes to “Record Data” automatically stating that new data will

be collected for calculation of TOA,, and distance estimation.

The reset button (3), resets the duration of test time (1), deletes the temporary
collected data in case there is any and changes the state of ” Record Data” button to
“Initialization” in case TOAq needs to be recalculated. This feature also can be used to
verify consistency of distance 0 calculation by recalculating it multiple times and

comparing the results.

93



Chapter 7. Localization Platform

The statistical analysis presented in chapter 4 [14, 15] depends on the value of beacon
interval and calculated time delta from previous captured beacon packet for the same
access point. This value helps to identify valid and non-valid packets as explained in
chapter 4. In the localization platform, the value can be set in microseconds using “Time”
field (4) and it represents the predefined beacon interval value of APs. The “Time” field
accelerates measurements and localization speed especially in experiments where different

beacon interval is used [15].

The Process button (5) in the platform is disabled by default until successful setup of
parameters and collection of some data. When enabled, this button starts the statistical
analysis and distance estimation based on time methods discussed in chapter 4 and presents
the results in the result panel next to it (6). The result panel (6) displays estimated distance
in meters to mobile terminal from each visible access point. Calculated distances then can

be used to estimate location of the mobile terminal using trilateration.

As mentioned before, all collected packets are saved in a pcap file format. This allows
use of recorded data in an offline/non-real-time mode for further data analysis. The
platform accommodates the use of previously captured data by simply loading respective
pcap files for processing (7). This feature is specifically useful while conducting device
diversity experiments as the required pcap files can be collected in a variety of platforms
and using different devices. Moreover, it eliminates the need to have the localization
platform installed on all mobile terminals in testbed since packets can be captured and

saved into pcap files using just a terminal and tcpdump.

Figure 7-2: Drawing tab
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The drawing tab (8) helps to better visualize the approximate distance and position of
the mobile terminal calculated by the proposed methods. Using this tab, the environment
map can be imported or even drawn from scratch. The drawing tab also provides the ability
to set dimensions and ratios, placing transmitters and monitoring mobile terminal location

in real-time. Figure 7-2 presents a screen shot of the drawing tab.

7.3 Signal Property-based Methods

During the literature survey and replication of existing methods many RSS-based
localization technigques have been evaluated [12, 32, 38, 42, 62, 89, 90], which motivated
some additional objectives and ultimately led to development of a new WKNN localization
technique [17, 18]. The replication and evaluation of signal strength-based methods can be
computationally intensive and requires creation of fingerprint database, hence a dedicated
page for signal property-based methods has been added to the localization platform.

Figure 7-3 presents a screenshot of signal property-based localization tab in the platform.

The RSS tab allows mapping the environment of interest and automates offline and
online phases. Almost all signal property-based localizations start with creating a radio
map of the environment. The “Create New FP DB” button (1), creates a brand new
database for the area of interest which is populated during the offline phase. When the
platform creates a new database to store radio map data, it also asks for a floor plan image
to better visualize the approximate location of collected data or calculated distance for MT
(4). Depending to the environment dimensions and localization algorithm the offline phase
can take a long time to be completed and might be divided into multiple runs. Using “Load
FP DB” button (2) the last fingerprinting database can be automatically loaded and used
for both offline and online localization tasks. The load button shows areas which have been
covered already in offline phase and it helps updating the fingerprinting database in case

more path/points need to be added or new data need to be collected for an existing point.

One of the challenging tasks during creation of fingerprinting database is to record the
exact trajectory of the survey points/paths and store the relevant coordinates for each of
them. In order to achieve that, the environment of interest needs to be accurately divided

into a grid.
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Table 7-2Table 7-2 provides a brief description of the functionalities marked with a

number in Figure 7-3 and a more detailed description of each functionality follows.

RSS-Based Localization - 8

Figure 7-3: Signal property-based localization platform screen

The RSS tab allows mapping the environment of interest and automates offline and
online phases. Almost all signal property-based localizations start with creating a radio
map of the environment. The “Create New FP DB” button (1), creates a brand new
database for the area of interest which is populated during the offline phase. When the
platform creates a new database to store radio map data, it also asks for a floor plan image
to better visualize the approximate location of collected data or calculated distance for MT
(4). Depending to the environment dimensions and localization algorithm the offline phase
can take a long time to be completed and might be divided into multiple runs. Using “Load
FP DB” button (2) the last fingerprinting database can be automatically loaded and used
for both offline and online localization tasks. The load button shows areas which have been
covered already in offline phase and it helps updating the fingerprinting database in case

more path/points need to be added or new data need to be collected for an existing point.

One of the challenging tasks during creation of fingerprinting database is to record the
exact trajectory of the survey points/paths and store the relevant coordinates for each of
them. In order to achieve that, the environment of interest needs to be accurately divided
into a grid.
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Table 7-2: Brief explanation of platform functionalities for RSS-based methods

Reference # Description

Creates a new fingerprinting database for the area of
interest.

To load a previously created fingerprinting database
2. Load FP DB in order to use it for offline/online localization
phases.

It adds a custom overlay reference grid to the floor
plan. This helps to assign a unique reference number
3. Draw Grid for each point/path while creating radio map of the
environment. The grid overlay size and divisions are
based on Picture DPI and Grid Unit numbers.

It provides an interactive floor plan which allows se-
lection of points/paths for offline phase and visual-
izes calculated distance and location of mobile ter-
minal during online phase.

It starts collection of data and exports them into fin-
gerprinting database for each of the reference point.
In offline phase, it indicates the collection time for
6. Timer (sec) a reference point/path. In online phase it refers to
localization update frequency.

It contains five buttons used to perform packet col-
lection and distance estimation for RSS-based local-
ization algorithms. The first two buttons perform
7. Online phase/Localization section calculations based on proposed algorithms in chapter
6 [17, 18], while rest of the buttons are replication of
well-known RSS-based methods for comparison pur-
poses [32, 86, 93].

The indicator shows calculated distance and loca-
tion of the localization target in online phase. For
8. Calculated Distance/Location Indicator | presented methods [17, 18] it shows a blue dot and a
light blue circle, other algorithms are distinguished
with the respective colors of their buttons.

1. Create New FP DB

4. Output Frame

. Collect & Export to DB

o

The “Draw Grid” button (3) allows dividing the area of interest into multiple grids for
better clarity and numbering of the fingerprinting database locations especially for offline
phase. The grids will be drawn by using two elements: “Picture DPI” and “Grid Unit” in
meters. For our environment it has been set to 0.6 meter / 60 cm which is the equivalent

size of floor tiles in Open University of Cyprus building.

Moreover, the interactive floor plan in localization platform (4) allows
marking/selecting area of interest prior to data collection for offline phase. First a survey
point/path is selected and using “Collect and Export to DB” button (5), the localization
platform starts capturing packets and stores them into database for that specific point/path
while assigning a unique number/label to it. The packet collection duration can be defined

in seconds using “Timer” option located just below the collect button (6). This value
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defines test times for both offline and online phase and it helps to better evaluate the effect

of data collection duration on localization accuracy.

The platform contains five buttons for packet collection and signal property-based
localization algorithms (7). The first two buttons perform calculations based on proposed
algorithms in chapter 6 [17, 18], while rest of the buttons are based on some of well-known
RSS-based methods [32, 86, 93]. This feature provides a quick way to compare and
visualize localization accuracy for different methods.

Last but not least, during the online phase, location of the mobile terminal is presented
by a blue dot and a light blue circle (8) for the proposed method [17, 18] and the respective
button color for each of the other algorithms. The platform updates location of pointers
every n seconds based on the defined collection time (6).

7.4 Discussion and Future Development

Further development is needed to make the localization platform available for more
operating systems, mainly major mobile platforms such as iOS and Android. This allows
for an easier and more efficient data collection and provides more flexibility to the end-
user. Moreover, this helps to better investigate the hybrid methods, since a wide range of
sensors available in today’s powerful smartphones can be utilized for localization. Also,
the platform’s ability to easily collect data could be used for automated fingerprinting in

the future for example with robots with known trajectories.
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Chapter 8

8 Conclusion and Future Work

8.1 Conclusions

8.1.1 Introduction

The research presented in this thesis is involved with wireless user localization in
indoor environments using Commodity off the Shelf (COTS) Hardware with special focus
on time, signal property and particle filtering methods. It has been inspired by the difficulty
to perform localization in indoor environments where the outdoor positioning systems such
as GPS, GLONASS and GALILEO may not work well. A series of algorithms have been
developed and presented which enable localization in indoor environment using off-the-
shelf equipment, and which can be incorporated in real world application such as
wayfinding systems, advertisement, monitoring and many more. These algorithms utilize
novel concepts from time of arrival, time difference of arrival, receive signal strength,
weighted k-nearest neighbors and particle filtering. This chapter presents a summary of the
main contributions, conclusions and limitations of this thesis. Suggestions of further

research directions are also presented.

8.1.2 Summary and Contributions

This thesis investigates the problem of indoor localization from multiple aspects and
introduces innovative methods based on Time, Signal property and Hybrid techniques as
means of performing localization and increasing the position detection accuracy. Extensive
research and replication of the existing localization methods were followed by the
identification of limitation of those methods including ways of optimizing them. New
localization algorithms and techniques have been developed in both time and signal

property domains including hybrid methods.

The localization methods applicable to indoor environment using commodity off the

shelf hardware that have been developed include:
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e An innovative time-based localization method that utilizes the information
provided by 802.11 Beacon packet data. Utilizing Beacon packet for
localization, eliminates the need for establishing a connection between base
stations and MTs. Also, the proposed method does not require any clock

synchronization.

e A method on how to accelerate network packet time-based localization
techniques and its effect on localization performance metrics.

e A particle filtering method as a means of addressing the problem of tracking a
moving target in an indoor environment using off-the shelf time-based

methods.

e A new kNN-based localization algorithm based on RSS compared with

fingerprint data captured over paths and not points.

This research work started with a literature survey, which covered the basic principles
of localization in indoor environments using 802.11commodity off-the-shelf equipment,
highlighting all its relevant techniques and algorithms. These techniques, namely time-of-
arrival (TOA), time-difference-of-arrival (TDOA), received signal strength (RSS) and
angle of arrival (AOA) are of great importance in order to implement an optimized indoor
localization system that can be used to locate objects/mobile terminals in an indoor
environment. As 802.11 becomes more popular and widely available, it provides more
opportunities for a low-cost, off-the-shelf indoor localization system. For this reason, this
work has looked into various issues related to distance estimation and localization accuracy
in indoor environment using COTS hardware and highlighting the major limitations and

factors that may give rise to errors.

The main part of this research started with an investigation of wireless positioning
systems and location algorithms. Location-aware applications can rely on GPS, GLONASS
and GALILEO [19] for outdoor localization, whereas a terminal in an indoor environment
requires implementation of other technologies to benefit from those applications. An
indoor localization system is either a Self-Positioning System or a Remote/Cooperative
Positioning System. Using self-positioning, a mobile terminal is able to locate itself with
respect to static/known points in the indoor environment. Remote or cooperative
positioning refers to techniques that allow mobile terminals or infrastructures to locate
other terminals in their coverage area. Amongst the numerous existing localization

techniques, the most commonly used and accepted methods are the geometrical ones,
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especially those based on the estimation of the Angle of Arrival (AOA), the Time of
Arrival (TOA), the Time Difference of Arrival (TDOA), Received Signal Strength (RSS)
or a combination of the above [1-14]. One of the main advantages when comparing time
over signal strength localization methods, is that the former do not require the creation of
fingerprint databases. On the other hand, the majority of time-based methods require some
sort of clock synchronization due to the drifting of the local clocks. Moreover,
synchronization requires infrastructure nodes and mobile terminals to establish
bidirectional connections, causes more complexity and imposes higher processing intensity
to the localization system. This has raised the idea of using connection less packets such as
802.11 beacon packet for localization purposes. By using Beacon Interval, Beacon
timestamp and Service Set Identifier (SSID) of a packet, it was possible to optimally
process the MAC timestamps recorded for each packet which lead to development of a
hybrid TDOA-TOA localization method with an average error of less than 2.5 meters.
Calculating TOA/TDOA precisely down to ns using 802.11 COTS hardware without
statistical analysis would be difficult if not impossible. In addition, for the proposed
method the challenge was to precisely calculate time difference between two consecutive
beacon packets using MAC timestamp. In general, a chipset driver will place a timestamp
(MAC timestamp) at the end of a data frame after successfully receiving the MPDU. This
process found to impose an extra 1.26648e6 ns or 1266.48 ps of processing time on
infrastructure node for a standard beacon frame which contains 166 bytes of data. It was
found that such delays can directly affect the accuracy of distance estimation and therefore
localization accuracy. A simple driver modification [6, 7, 15] made it possible to position
and thus record the MAC timestamp for each packet at the beginning of MPDU, which

improved the process of timestamp measurement (See section 3.4.2).

Another challenge which has been addressed in this work is packet collection duration
for time-based methods, when using COTS hardware. Typical ‘off the shelf® 802.11
network packet time-based localization methods tend to collect a large number of packets
and apply statistical analysis in order to localize a user. This packet collection process
typically lies in the range of minutes [65-67], thus turning this type of localization into a
non-real time process. An investigation was carried out to study the effect of packet
collection duration on time-based localization methods and how to accelerate TOA/TDOA
packet based localization techniques (see chapter 4). For the proposed method [14], 2000
to 2500 valid beacon packets are required in order to achieve the claimed accuracy. It is
also usually the case for commercial access point that default beacon interval is set to 100
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milliseconds. Therefore, several minutes are required to collect the required number of
packets. Although, the method could still be used for non-real time scenarios (e.g
localizing equipment and asset tracking in a hospital, warehouse or a school), the
investigation was concentrated on finding ways to accelerate the method so it can serve

real-time scenarios as well.

An extensive investigation was carried out based on real measurements to study the
effect of packet generation time for improving localization speed and achieved accuracy.
Since a beacon packet collection process has been used for the proposed method, first step
was to study the effect of beacon interval variation. Although reducing beacon interval
helps generating packets faster and therefore providing more packets for statistical
analysis, it can also directly influence the number of valid packets used for distance
estimation [15]. To evaluate the effect of beacon generation speed on localization
accuracy, different Bls including Bl = 200, 100, 50, 20 and 10 milliseconds were generated
and position estimation results were analyzed at distances of 5, 10, 15, 20, 25 and 30m.
Two different approaches have been proposed in this thesis while evaluating the non-
realtime limitations of TOA/TDOA packet based localization methods using COTS
hardware. In the first approach, acceleration of packet generation was performed to collect
the required packets for distance estimation in a shorter period of time. Subsequently,
taking into account wireless channel throughput and quality of service while performing
indoor localization has helped to generate more valid packets for each measurement which

in turn causes to achieve a better accuracy using the same number of collected packets.

It was observed that as the number of valid packets starts to fall below 1000, the
estimated distance/position, and its standard deviation increases drastically, implying that
at least 1000 valid packets are required for an acceptable distance estimation. This finding
was crucial to the success of accelerating packet based methods, since a limitation
threshold was found with regards to the number of valid packets required to achieve a
certain accuracy. Therefore, the investigation was concentrated on finding other ways to
accelerate the proposed method, such as reducing number of dropped packets, in order to

collect more valid packets in a shorter period of time.

It is very important that a localization platform based on 802.11 COTS hardware does
not impose a negative impact on the performance of an existing wireless setup, especially
if it is used for data communication. To study the effect of beacon interval variation on
surrounding wireless networks, an investigation was carried out to demonstrate beacon

interval effect on channel throughput and quality of service in 802.11 networks (see
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chapter 4, section 4.3.2). It was observed that selecting the correct beacon interval helps to
reduce collisions, allowing delivery of more valid packets over a shorter period of time.
Additionally, it was demonstrated that the proposed method is able to localize a mobile
terminal almost eight times faster when compared to existing methods. It has been also
shown that by reducing the beacon interval without considering the surrounding data
networks and their settings, an overhead can be added, causing reduced channel throughput
and thus a drop in quality of service.

In an effort to further improve the proposed method, an extensive investigation was
carried out through both real-world measurements and simulations, to study the effect of
statistical post-processing analysis and processing cost of such analysis on dynamic real-
time localization systems. In many cases, calculation of all possibilities requires a great
deal of processing power while imposing various delays to localization techniques.
However, the kinematic characteristics of the target and past measurements offer target
trajectory information which have the potential to improve localization and reduce some
overheads. This has raised the idea of using particle filtering to address the problem of
tracking a moving target in an indoor environment using time-based methods. The particle
filter based method sequentially estimates the posterior of the target state and is able to
fuse past and present measurements information from multiple sensors with the target
kinematic information in order to improve localization. Furthermore, a particle filter
method can use realistic models to characterize the state and measurement space and
accurately handle the non-linear relationship between target state and measurements.
Moreover, as a sequential Monte Carlo method, the particle filter uses a prediction-update
process to track changes in the target state. Therefore, the particle filter utilizes information
from past measurements and past target states in order to improve localization accuracy for
moving targets. For the proposed method, the localization performance has been assessed
using different number of particles and different number of access points. In addition,
statistics of real data collected from a real environment, highlighted the effectiveness of the
method.

Although the main focus of this work was on time-based localization methods, during
this research, many RSS-based methods have been evaluated [12, 32, 38, 42, 62, 89, 90]
for comparison purposes. This motivated some additional objectives and led to the
development of a new WKNN localization technique — a novel RSS-based localization
method using path analysis [17, 18]. While typical RSS methods utilize the average signal
of surrounding APs recorded at stationary points, it has been found that better localization
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results can be achieved by analyzing RSS signals over a path [17, 18]. This approach,
allows the collection of more information and detailed signal behavior, when compared to
the single point case. To test the method and its performance, indoor radio campaigns and
simulations have been carried out which showed a significant improvement of the average
achieved accuracy and its standard deviation when compared to typical RSS methods.
Novel research contributions in regards to signal property based localization can be

summarized as follows:

e Introduction of a novel KNN based localization algorithm based on RSS

information captured over paths.
e Analysis of k selection impact on kNN algorithms.

e Analysis of device diversity impact on the performance of the proposed
method, as well as the effect of a variable captured RSS sample number for

various user walking speeds.

Moreover, the ability of the proposed methods to handle tracking scenarios with
measurements that are non-linearly related to the target state, to utilize signal strength data
and fast fading information from environment, is successfully demonstrated using

simulations (See section 6.4).
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8.2 Future Research Direction
The work can be further extended in the following fields:

Optimum TOA/TDOA Deployment: Further investigate whether utilizing a customized
packet which broadcasts only the desired localization information can achieve similar or
even better results than the ones presented in this thesis. Since the proposed method does
not require an RTS-CTS mechanism, it could also be performed by utilizing a customized
packet generated with a packet manipulation program such as Scappy [136]. This allows to
generate a much smaller packet which includes only the necessary information needed for
localization. It should be investigated whether using a custom generated packet which
includes selective data can achieve similar or even better results. The process can also help
to replace the AP with router boards or credit-card size open-source hardware such as
Raspberry Pi [96-98], Arduino [99-101] and similar microcontroller kits for a more

portable and easy to distribute indoor localization infrastructure.

Advanced Hybrid Indoor Localization Method: Investigate the benefit from using
particle filtering to naturally incorporate measurements from multiple sensing modalities
combining time difference of arrival measurements, received signal strength measurements
and mobile terminal originated measurements such as acceleration or gyro data. This
should include the development/use of a hybrid method that incorporates best features of
time-based, signal property based and particle filtering techniques. Such hybrid method
can help to further improve the localization accuracy while decreasing the pre and post-
processing time. It can also help to increase the flexibility and fault tolerance of the
localization platform especially in NLOS scenarios.

Machine Learning, Measurements Automation and Platform Optimization: Investigate
the use of machine learning for constantly improving measurement models (fingerprinting,
path loss, ray tracing). Also, the platform’s ability to easily collect data could be used for
automated fingerprinting.

Analysis of Power Delay Profiles for Localization Purposes: This research direction
can aim to investigate the effect of power delay profiles on time based localization
techniques, which are based on COTS technologies. It has become evident from the work
performed in the scope of this thesis, that multipath contributions, described by the power
delay profile, can influence the accuracy of COTS time based localization techniques. To
avoid utilizing specialized hardware, thus not COTS hardware, an idea is to utilize rigorous
deterministic modelling techniques like ray tracing, to pre examine the power delay
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profiles of an area of interest with the scope of utilizing this information to improve the
localization process. With such an approach, the real path lengths, and thus expected
TOA/TDOA characteristics between two communication links will become evident. Pre-
processing in the sense that a pre-characterization of the area of interest can be carried out
and thus one can even draw conclusions about high and low ‘time’ correlation areas,
allowing the system designer to rearrange the COTS infrastructure or even create a ‘time

based’ fingerprinting database.
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Appendix

Appendix 1: Collection of Beacon Packets and Calculation of TOA,,
TOA, and TDOA

//Collect beacon packets using tshark and store them in a file
private void initializationBtn(object sender, EventArgs e)

{
int t;
if (!int.TryParse(testTimeTxtBox.Text, out t))
{
MessageBox.Show("Invalid Test Time", "Error", MessageBoxButtons.OK,
MessageBoxIcon.Error);
return;
}
string strCmdText;
strCmdText = @"/C tshark.exe -i 1 -T fields -E separator=, -E quote=d -e
wlan_mgt.fixed.timestamp -e radiotap.mactime -e wlan_mgt.ssid -a duration:" +
testTimeTxtBox.Text + @" > output.txt";
System.Diagnostics.Process.Start("CMD.exe", strCmdText);
if (initializationBtn.Text == "Initialization")
{
isInitializing = true;
initializationBtn.Text = "Record Data";
}
}

//Process collected beacon packets, Separate Valid and non-valid packets and
calculate TOA,

private void processBtn (object sender, EventArgs e)

{

Int64 decValue;

StreamReader sr = new StreamReader("output.txt");
StreamiWriter[] outFiles = new StreamWriter[10];
String[] filelLabels = new string[outFiles.Length];
Int64[] lastEntry = new Int64[outFiles.Length];
Int64[] lastEntry2 = new Int64[outFiles.Length];
Int64[] sums = new long[outFiles.Length];

int[] count = new int[outFiles.Length];

for (int i = @; i < outFiles.Length; ++i)

{
outFiles[i] = new StreamWriter("output" + i.ToString() + ".txt");
fileLabels[i] = "";
lastEntry[i] = -1;
lastEntry2[i] = -1;
sums[i] = ©;
count[i] = 0;
}
//Stream Writer
int freeFileIndex = @, indexToWrite = -1;

// Read Line
string line, hexString, decimalString, tmpHex, accessPointName;
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Int64 secondDecimal = 0;
while ((line = sr.ReadLine()) != null)
{
if (line.Length > 15)
{
// Remove first
hexString = line.Substring(3);

// Parse only the Hex Number
hexString = hexString.Substring(@, hexString.IndexOf('\"'));

// Get Decimal Value (2nd column)
try
{
decimalString = line.Substring(hexString.Length + 6);
decimalString = decimalString.Substring(®, decimalString.IndexOf('\""'));

// Remove extra 0's
tmpHex = hexString;

while (tmpHex[@] == '@")
tmpHex = tmpHex.Substring(1);
}
catch
{
continue;
}

// Convert to decimal
if(Inte4.TryParse(tmpHex, System.Globalization.NumberStyles.HexNumber,
null, out decValue))
if (Inté4.TryParse(decimalString, out secondDecimal))

{
// If successfully parsed, then continue
// Get name of access point
accessPointName = line.Substring(line.Length - 5, 4);
if (accessPointName == "AP1S")
//To take only AP1S and drop all the other packets
{
indexToWrite = -1;
for (int i = @; filelLabels[i] != ""; ++i)
if (fileLabels[i] == accessPointName)

{

indexToWrite = i;

if (((decvalue - lastEntry[indexToWrite]) == timeBetween))

{

sums[indexToWrite] += secondDecimal - lastEntry2[indexToWrite];

line = line.Replace("0x" + hexString, decValue.ToString());

if (isInitializing)
outFiles[indexToWrite].WriteLine(line);

++count[indexToWrite];

lastEntry[indexToWrite] = decValue;
lastEntry2[indexToWrite] = secondDecimal;
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break;

}

// If this entry is not indexed, allocate a file to it

if (indexToWrite == -1)

{
fileLabels[freeFileIndex] = accessPointName;
indexToWrite = freeFileIndex;
lastEntry[indexToWrite] = decValue;
lastEntry2[indexToWrite] = secondDecimal;
count[indexToWrite] = 0;
++freeFileIndex;

line = line.Replace("0x" + hexString, decValue.ToString());

if (isInitializing)
outFiles[indexToWrite].WriteLine(line);

}

//// Replace hex number with equivalent decimal
line = line.Replace("0x"+hexString, decValue.ToString());

//// Write to the new file
sw.WriteLine(line);
}
}
}
}

sr.Close();

List<string> logEntries = new List<string>();
logEntries.Add("-------------------- ")
string tmpLog =
for (int i = @; i < outFiles.Length; ++i)
{

if (count[i] != @)

if (isInitializing)

{
// Add Average
outFiles[i].WriteLine("Average = " + (double)sums[i] / count[i]);
// Add Count
outFiles[i].WriteLine("Count = " + count[i]);
}

int indexToAdd;
if (isInitializing)
indexToAdd = resultTable.Rows.Add();
else
{
// Safeguard
indexToAdd = i;

// Find the respective index for the selected entry for update
for (int j = ©; j <= outFiles.Length; ++j)
if (resultTable.Rows[j].Cells[@].Value.ToString() == filelLabels[i])
{
indexToAdd
break;

is

109



Appendix

resultTable.Rows[indexToAdd].Cells[@].Value = filelLabels[i];
if (isInitializing)
resultTable.Rows[indexToAdd].Cells[1].Value (double)sums[i] / count[i];
resultTable.Rows[indexToAdd].Cells[2].Value = (double)sums[i] / count[i];
resultTable.Rows[indexToAdd].Cells[3].Value =
Math.Abs(double.Parse(resultTable.Rows[indexToAdd].Cells[2].Value.ToString())

double.Parse(resultTable.Rows[indexToAdd].Cells[1].Value.ToString()));
resultTable.Rows[indexToAdd].Cells[4].Value =

double.Parse(resultTable.Rows[indexToAdd].Cells[3].Value.ToString()) * 300;
resultTable.Rows[indexToAdd].Cells[5].Value = count[i];

// Gather Log

tmpLog = "";
for (int ¢ = ©; c < 6; ++C)
tmpLog += resultTable.Columns[c].Name + " = "+

resultTable.Rows[indexToAdd].Cells[c].Value + ", "5
logEntries.Add(tmpLog);
}

outFiles[i].Close();

}

isInitializing = false;

StreamWriter logWriter = new StreamWriter("Logfile.txt", true);

logWriter.WriteLine();

foreach (string logEntry in logEntries)
logWriter.WriteLine(logEntry);

loghriter.Close();

sw.Close();
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Appendix 2: Tracking a Single Moving/Resting Target Using

Timestamps From Access Points

% This code tracks a single moving/resting target using timestamps from
access points
% Evaluates the uncertainty of the target at during the motion/rest

MCruns=1;
K=500;

ploton=1;
saveon=0;

N=1000;
N=2000;
N=5000;

8]

% AP locations

% ap(x or y,ap index)
ap(1,1) = 0;
ap(2,1) = 1;
ap(l1,2) = 19*%0.6;
ap(2,2) = 7*%0.6;
ap(1,3) = 41;
ap(2,3) = 3;
ap(l1,4) = 31;
ap(2,4) = 8;

%$Plot AP locations
if ploton==
figure (1)
for u=1:0
plot(ap(l,u),ap(2,u),'g.', "MarkerSize',60); hold on
end
axis ([-5 45 -5 15])
end

o\

true target motion
% xtrue(x or y,timestep)

sigmapos=0.01;
sigmavelx=0.1;
sigmavely=0.05;

minx=1;
maxx=29;
minpartx=0;
maxpartx=50;
miny=0.3;
maxy=1.5;
minparty=0;
maxparty=50;
maxvelx=.7;
maxvely=.1;

for MCrun=1:MCruns

% MCrun/MCruns

kind=1;

xtrue (1, kind)=1+10*rand;
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xtrue (2, kind) =1;
vtrue (1, kind)=0.05*randn;
vtrue (2, kind)=0.01*randn;

if vtrue(l, kind)>maxvelx
vtrue (1, kind) =maxvelx;

end

if vtrue (2, kind)>maxvely
vtrue (2, kind) =maxvely;

end

stopprobabilitythreshold=.95;

stopcnt=0;

for kind=2:K

if rand>stopprobabilitythreshold
stopcnt=1+10*randn;

end

if stopcnt>0
xtrue (1, kind)=xtrue (1, kind-1);
xtrue (2, kind) =xtrue (2, kind-1) ;
vtrue (1, kind)=0;
vtrue (2, kind)=0;
stopcnt=stopcnt-1;

'stopped’

e

else
vtrue (1, kind)=vtrue (1, kind-1
vtrue (2, kind)=vtrue (2, kind-1
xtrue (1, kind) =xtrue (1, kind-1
xtrue (2, kind) =xtrue (2, kind-1
if vtrue(l, kind)>maxvelx
vtrue (1, kind)=maxvelx;
end
if vtrue(2,kind)>maxvely
vtrue (2, kind) =maxvely;
end

+sigmavelx*randn;
+sigmavely*randn;
+vtrue (1, kind) +sigmapos*randn;
+vtrue (2, kind) +sigmapos*randn;

—_ — — —

if xtrue (1, kind)<minx
vtrue (1, kind)=-vtrue (1, kind) ;
xtrue (1, kind) =minx;

end

if xtrue (1, kind)>maxx
vtrue (1, kind)=-vtrue (1, kind) ;
xtrue (1, kind)=maxx;

end

if xtrue(2,kind) >maxy
vtrue (2, kind)=-vtrue (2, kind) ;
xtrue (2, kind) =maxy;

end

if xtrue(2,kind)<miny
vtrue (2, kind)=-vtrue (2, kind) ;
xtrue (2, kind)=miny;

end

end
end % K

% generation of measuremements from true state
clight=2.997925*1078; S%$speed of light

for u=1:U
r(l:K,u)=sqgrt((xtrue(l,1:K)-ap(l,u)) .2+ (xtrue(2,1:K)-ap(2,u))."2);
srange
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tau(l:K,u)=r(1:K,u)/clight; % time delay

end

the time delay above is assumed to be calculated

by subtracting timestamp of AP to timestamp of target

o°

o°

o°

add uncertainty to time delay

this is what is the measured time delay for each point
sigmatime=10e-9;
tau(l:K,1:U)=tau(l:K,1:U)+sigmatime*randn (K,U) ;

o°

o)

% Tracking algorithm
sigmapartpos=.1;
sigmapartvelx=0.03;
sigmapartvely=0.01;

o)

% initialize particles, weights, and estimate

xpart(l,1:N)=30*rand(1,N);
xpart (2,1:N)=1+0.00001*randn;
vpart=0.001*randn (2,N) ;
weights (1:N)=1/N;
xhat=xpart*weights';

vpart (1, find(vpart (1l,1:N)>maxvelx))=maxvelx;
vpart (2, find (vpart (2,1:N)>maxvely))=maxvely;

xpart (1, find (xpart (1l,1:N)<minx))=minx;
xpart (1, find (xpart (1,1:N)>maxx) )=maxx;
xpart (2, find (xpart (2, 1:N)<miny) )=miny;
xpart (2, find (xpart (2, 1:N) >maxy) ) =maxy;
for kind=2:K
if ploton==
figure (1)
hold off
for u=1:0

plot(ap(l,u),ap(2,u),'g.', "MarkerSize',60); hold on
end

axis ([-5 45 -5 151)
plot (xtrue(l,kind),xtrue(2,kind), "k+', 'MarkerSize',30); hold on
end

o)

% propose particles
vpart (1l,1:N)=vpart(l,1:N)+sigmapartvelx*randn (1,N);
vpart (2,1:N)=vpart(2,1:N)+sigmapartvely*randn(1l,N);

vpart (1, find(vpart(l,1:N)>maxvelx))=maxvelx;

vpart (2, find (vpart (2, 1:N)>maxvely) )=maxvely;
xpart(1:2,1:N)=xpart(1:2,1:N)+vpart(1l:2,1:N)+sigmapartpos*randn(2,N);
xpart (1, find(xpart (1l,1:N)<minpartx))=15+2*randn(l, length(find(xpart(l,1:N
) <minpartx)))';

xpart (1, find(xpart (1,1:N)>maxpartx))=15+2*randn (1, length (find(xpart(1l,1:N
) >maxpartx)))';

xpart (2, find (xpart (2, 1:N)<minparty))=minparty;
xpart (2, find (xpart (2,1:N)>maxparty) ) =maxparty;

Q

% calculate projected measurements
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for u=1:0

rpart (u,l:N)=sqrt ((xpart(l,1:N)-ap(l,u)).”"2+(xpart(2,1:N)-ap(2,u))."2);
$range

taupart (u,1:N)=rpart(u,1:N)/clight; % time delay
end

% compare projected measurements to true measurements to get weights

o

3 weights=likelihood ratio
sigmagauss=0.00000000000000010;

weights (1:N)=prod(exp (- ((taupart(1:U,1:N)-
tau (kind, 1:U) '*ones (1,N)) .”2) /sigmagauss), 1) ;
weights (find (weights==0))=10"(-10) ;

welights=weights/sum (weights) ;

if ploton==
plot (xpart(1l,1:10:N),xpart(2,1:10:N), 'b*", "MarkerSize',2)
end

o)

% calculate estimate
xhat (1:2,kind)=xpart*weights';

if ploton==

plot (xtrue (1l,kind),xtrue(2,kind), "k+', "MarkerSize',30); hold on
plot (xhat (1, kind),xhat (2,kind), 'bv', '"MarkerSize', 30)

end

% resampling
[xpartinds]=resample v2([1:N],weights,N);
xpart=xpart (1:2,xpartinds) ;

if ploton==
plot (xpart(1,1:10:N),xpart(2,1:10:N), 'r*', "MarkerSize', 1)

end

if ploton==
plot (xhat (1, kind),xhat (2,kind), 'bv', '"MarkerSize', 30)

end
figure (1)
filename = strcat('TrackingShots timeindex=', int2str(kind), '.jpg'):;

saveas (gcf, filename)

pause (0.01)
end %K

if saveon==

filename = strcat ('TrackingSingleTimestamp U="', int2str (U), ' N="',
int2str(N), ' K=', int2str(K), ' mcrun ', int2str (MCrun), '.mat');

save (filename, 'ap', 'U', 'K', 'N', 'sigmapos', 'sigmavelx',6 'sigmavely',
'xtrue', 'vtrue', 'stopprobabilitythreshold’', 'sigmatime’',
'sigmapartpos’', 'sigmapartvelx', 'sigmapartvely', 'xpart’, 'vpart',
'weights', 'xhat')

end

end Smcruns

end %U
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% Resampling Algorithm
function [xnew,wnew,rej] = resample lrej (xExt,w,M)

len = length (w);

% Cumulative Distributive Function

cumpr = cumsum(w(l,l:1len))’';
cumpr = cumpr/max (cumpr) ;
u(l,1) = (1/M)*rand(1,1);

i=1; rej=0; acc=0;
for §j = 1:M
u(j,l)= u(l,1) + (L/M)*(3-1);
while (u(j,1l) > cumpr(i,l1))
i = 1+1;
if 1 > M
break
end
end

if 1 <=M
xnew (j) = xExt(i);
end
if (3<=M) & (i>M)
xnew (j:M) = xExt (M) * ones(l,M-j+1);

end

wnew (:

ij(:,]
end

j) = 1/M;

— ~
Il
-
N

for r=2:M
if xnew(l,r-1)==xnew(l,r)
rej=rej+1l;
end
end
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