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Abstract

The purpose of this research is to investigate a novel way of combining carrier signals
that are transmitted successively over Multiple Frequencies (MF) and traditional metrics
to improve AoA estimation. Every signal contains three metrics, amplitude, phase, and
frequency. To achieve localisation, current systems utilise the metrics of amplitude (also
known as Received Signal Strength (RSS)) and phase that resolves the AoA. However,
the metric of frequency is mostly used with Orthogonal Frequency-Division Multiplexing
(OFDM) to increase the number of RSS and AoA metrics, which is not optimal.

This research answers two questions. Can the use of MF improve AoA estimation?
Also, how can MF and traditional metrics be combined for AoA estimation? The aim is
to prove that the metric of frequency can be utilised more optimally. Therefore, measure-
ments of RSS and AoA are performed in different environments for ME. To perform these
measurements, ten frequency diverse Software Defined Radios (SDRs) are employed. A
novel technique to time/frequency synchronise the SDRs is developed and presented.
Moreover, a ten element Uniform Linear Array (ULA) is designed, simulated and manu-
factured. The outcomes of this research are two novel algorithms for the MF AoA estima-
tion of a carrier transmitter.

Findings of the first algorithm show that the use of MF with the RSS metric performs
equally with current systems that have a higher cost and complexity. The second algo-
rithm that utilises MF with the AoA metric demonstrates a significant reduction in the
AOA estimation error, compared to current systems. Specifically, for 50% of the measured
cases the AoA estimation error is reduced by 3.7 degrees, while for 95% of the measured
cases the AoA estimation error is reduced by 27 degrees. Hence, this research proves
that MF with traditional metrics can reduce system complexity and greatly improve AoA
estimation.
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A list of the variables and notation used in this thesis is de ned below. The de nitions
and conventions set here will be observed throughout unless otherwise stated. For a list
of acronyms, please consult page xvi.

()T Hermitian conjugate of (), page 14

)! Transpose of ( ), page 14

F Phase shift matrix imposed by the sub-array, page 16

A Steering matrix, see equation (2.7), page 14

a(q) Steering vector at angle g, see equation (2.7), page 14
Ryy  Covariance matrix of received signal, page 14

Un Noise subspace of matrix spaceU, page 15

Uy Signal subspace of matrix spaceU, page 15

U Matrix space, page 15

w(t) AWGN in vector form @, see equation (2.7), page 14

y(t)  Received signal in vector form g, see equation (2.7), page 14

Df Phase difference between two rays, paths, or signals, see equation (6.7), page 93
e Permittivity of the re ective medium, see equation (6.11), page 94

h Intrinsic impedance of the re ective medium, see equation (6.9), page 93

G Re ection coef cient, see equation (6.4), page 92

k Conductivity of the re ective medium, see equation (6.11), page 94

I Wavelength of the propagating signal, see equation (6.2), page 88
m Permeability of the re ective medium, see equation (6.11), page 94

w Angular frequency of the propagating signal, see equation (6.11), page 94
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Xiv NOMENCLATURE
R, Backward sub-array covariance matrix | 2 [1,L], see equation (2.25), page 19

R Backward covariance matrix | 2 [1,L], see equation (2.25), page 19

Y Backward sub-array | 2 [1,L], page 19

hi Average of h i, see equation (6.18), page 107
‘R Forward sub-array covariance matrix | 2 [1,L], see equation (2.24), page 19
"R Forward covariance matrix | 2 [1,L], see equation (2.24), page 19
Y Forward sub-array | 2 [1,L], see equation (2.24), page 19

f Phase of the received continuous time signal, see equation (2.2), page 12

r Angle of impact at the re ective surface, see equation (6.4), page 92

sg Variance of AWGN, page 12

t Excess time of travel for the re ective ray, see equation (6.4), page 92
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Chapter 1

Introduction

This Chapter serves as an introduction to the research. Section 1.1 provides the motiva-
tion for the research, while Section 1.2 provides some commercial examples of localisation
systems. Section 1.3 introduces the hypothesis of the research, and Section 1.4 presents
the outcomes of this research. The nal Section 1.5 concludes this chapter by introducing
the following chapters and providing a brief introduction on what they contain.

1.1 Motivation

Localisation of a transmitting node for outdoor and indoor environments has been
heavily researched, resulting to the development of various systems for speci ¢ environ-
ments. For outdoors, the use of Global Positioning System (GPS) [1] has been applied by
the majority of the cases, such as airplanes, cars and mobile phones. In reality, the applica-
tion of GPS demands a high power consumption, and the overall application is expensive.
As for indoors, Microsoft has been running competitions [2—4] for Radio Frequency (RF)
solutions, and in their latest published results [5] concluded that indoor localisation is still
a demanding topic and further research is essential. The majority of indoor systems focus
on 802.11 Wireless Fidelity (WiFi) [6-8], since its infrastructure is widely established, and
utilise signal metrics such as Received Signal Strength (RSS) and phase to resolve the An-
gle of Arrival (AoA). Most of those systems make unreasonable assumptions such as high
number of Access Point (AP)s per room, e.g. 6. Since there is no system that performs
both indoor and outdoor localisation with high accuracy, a novel localisation system will
be designed and employed to improve the localisation accuracy.

The proposed novel localisation system will be essential to users in need, or potentially
provide solutions to future problems. With the Internet of Things (I0T) expected to grow
exponentially as seen in Fig. 1.1, a feasible, low cost, low energy consumption, and phys-
ically small transmitter can be designed to allow localisation. Such a device will be worn
by a user who wants to be tracked and navigate to an unknown location or greatly bene t
certain groups of users in our society, providing the safety that they need. One example
is patients with Alzheimer or with other degenerative diseases, who are able-bodied and
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Figure 1.1: Expected growth in 10T devices, data from IHS Markit whitepaper [11].

have a strong desire to be home cared. Children with special needs who need socialisa-
tion, but parents and social workers are in fear of their safety outdoors and indoors is
another use case.

A technology as the one proposed, could extend even further than providing safety
by localisation and potentially include information about the well-being of the patient.
This is not the rst time that the ethical question of tracking a user is being raised [9, 10].
Such technology can potentially be used to violate the privacy of the user, therefore new
regulations should be implemented to protect the user privacy. Some potential solutions
to protect the user's privacy is complete anonymity by classifying the user. In one case
scenario, such a system could monitor a body able Alzheimer patient that might leave
his dwelling, triggering an alarm. Another case scenario could be a special needs school,
monitoring the location of the children whose parents have given consent. Such system
could potentially disrupt any life-threatening action that is unseen by the social workers.
Finally, in every case the user must be aware and agree with the application of tracking
technology. For life critical situations that the user is unable to understand or decide, the
nearby family could make the decision, if the local law and policies allow it.

1.2 Examples of commercial systems

Even further, an indoor and outdoor localisation system can provide solution to in-
dustrial problems, such as monitoring the location of mobile infrastructure or goods and
equipment in distribution. An accurate localisation with a low cost, and long battery life
would be used to protect high cost products that can be lost or stolen. Moreover, a large
scale application of a system could be applied for navigation assistance that is associated
with indoor and outdoor environments, museums, national parks (Peak district) or shop-
ping centres (Meadowhall). An ideal grand application would be a smart city like Fig. 1.2,
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that could track the movement of busses, taxis and control the traf c. It could help nd
the nearest parking, enabling one to book a space automatically before arriving. It could
offer navigational assistance to tourists that visit the city, giving information about mu-
seums, venues, events. A smart city could provide the security for people who require it
and the easiness for tourists to have a satisfying experience.

A commercially available system that performs localisation with high accuracy and
low cost (hardware cost of a smart-phone), is IndoorAtlas [13]. IndoorAtlas is a geo-
magnetic hybrid indoor positioning technology that is performing localisation using the
magnetic elds of the earth. Speci cally, each building's metal construction affect the ob-
served earth's magnetic eld, creating a unique pattern. By storing the known data from
magnetic elds and inertia sensor data in a nger printing database, each smart phone
can perform a comparison of their readings with the nger printing database, estimating
their location. This technique has no hardware cost for smart phone users, but the power
consumption to perform these measurements signi cantly reduce the battery life. Even
further the process of creating a ngerprinting database is exhausting and environmental
changes might require a new set of measurements.

Another commercial system that achieves high accuracy in real-time is Q-Track [14].
This system is a able to measure the relative strengths of E and H elds in near eld.
To measured the E and H near eld the maximum distance of the system is bound to a
third of the carriers wavelength | . Therefor, to maintain a long range the system uses

Figure 1.2: Future smart city example, picture from Trend Micro's Forward-looking Threat
Research (FTR) team [12].
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low frequencies to increase the overall wavelength. As a result, this allows the system
to penetrate walls and materials better than higher frequencies, but due to the near eld
requirement, the far eld of the propagation is not considered. The main problem of using
low frequency signals is the size of the transmitter antenna. In fact, the Q-Track transmit-
ters are rugged with a size of a small hand held tool case and have an expected battery
life span of 48 hours. Hence, the focus their focus is mainly on industrial applications. In
reality the end users would have to carry such a large tracking equipment, making it an
unrealistic system for the scope of our application.

A low cost, low power RF solution that is being commercially used by Apple under the
name iBeacon [15], is Bluetooth Low Energy (BLE). With BLE transmitters operating at 2.4
GHz, the RSS measurements that are received from 1 AP, per room over 10-20 meter area
are used to estimate distance. In case of multiple rooms, multiple APs must be installed
making the overall scale inef cient in terms of cost and complexity. The real bene ts of a
BLE localisation is its low cost and low power consumption. For example, the life span of
a BLE system that transmits a 3 ms pulse with a power of 15 mW every 10 minutes can
theoretically last up to 68 years. A CR2032 battery could power such a system with no
need of replacement until the shelf life of the battery it self, which is 10 years. The real
issue of such applications are the system's accuracy, since RSS measurements are very
sensitive to multipath propagation. In reality, indoor environments experience intense
multipath. The only solution to mitigate the multipath is to place a BLE AP in every
room. As the area of localisation increases, the number of BLE AP increases, and so does
the cost. Therefore, the application of BLE is unrealistic for a large scale due to cost.

With the purpose of this research being to investigate and create a novel low cost and
low energy consumption system, that is able to perform localisation in both indoor and
outdoor environments; the most appealing solution of all is the BLE system. The major
concerns of such solution are the outdoor availability in terms of range and accuracy.
A recent comprehensive survey in localisation systems can be found in [16], while for
outdoors the most widely used application is GPS. To further understand the issues of the
state of the art systems regarding RF localisation systems, a closer investigation must be
performed.

A single metric system that allows low cost, low power, and low complexity solution
for localisation is RSS. The main applications of RSS take into consideration ngerprint-
ing, where the measured RSS is compared with a database of known RSS values. The
overall accuracy can be in terms of cm, but the overall number of ngerprints required is
exhaustive and impractical as an application. Techniques that utilise RSS are investigated
in Section 3.1.

Another localisation technique that utilises only a single metric is AoA. To resolve
the AoA metric, at least two time/phase antenna elements are required in an array to
distinguish the phase difference. Resolving the AoA of a transmitting signal is a complex
process and requires a higher cost compared to RSS, but only in terms of the receiver. On
the other hand, the transmitter can still be low cost, low power and have a long life span,
similar to the BLE system. Techniques that utilise AoA are investigated in Section 3.2.
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Apart from the traditional single metric localisation techniques, there is another metric
that has been less utilised in modern literature: frequency. Speci cally, the use of Mul-
tiple Frequencies (MF) is primarily with another metric, either RSS or AoA. Therefore,
techniques that apply MF with either metric are investigated in Section 3.3.

Currently, the state of the art in localisation systems are focused on utilising multiple
metrics. Different techniques, and diverse algorithms are researched to fuse the metrics
of RSS, AoA, Angle of Departure (AoD), Time of Flight (ToF) which is the time that the
signal takes to reach the receiver from the transmitter, and the use of MF in terms of
Orthogonal Frequency Division Multiplexing (OFDM). A brief investigation of the most
popular technigues will be done in Section 3.4.

Finally, with the current research advancements in Multiple-Input and Multiple-Output
(MIMO) systems and spatial diversity, state of art systems are now equipped with more
antennas, e.g. WiFi, laptops, and mobile phones. With the bene ts of spatial diversity
being extensively studied in the localisation literature [7] the overall accuracy can be im-
proved with the use of multiple receiving antennas. With the freedom to formulate and
develop a new low cost and low power localisation system that is not bounded by any
protocols, the hypothesis will be proposed after the literature review.

1.3 Novelty of proposed research

The purpose of this research is to introduce a novel approach to AoA estimation in in-
door and outdoor scenarios. Overall, the problem of localisation it is not one dimensional;
it is an issue of accuracy, deployment complexity, and hardware speci cations. This makes
the search of one suitable solution that satis es every aspect extremely dif cult. From the
examples of commercial systems presented in Section 1.2, two things are evident. First,
that the two most researched metrics use for localisation are RSS and AoA; and second,
the majority of RF solutions require multiple APs.

Considering the state of art systems and techniques, the aim of this research is to de-
sign a low cost, spatial, and frequency diverse system that utilises the metric of frequency
and merge it with the traditional metrics of RSS and AoA. Moreover, the system focuses
on having low power requirements by utilising the simplest signal possible, a carrier wave.
Also, using MF will provide extended information for the metrics of RSS, and the AoA
in different propagating environments [17, 18]. Therefore, with the application of MF,
the overall localisation accuracy is expected to increase and at the same the low cost, low
power system approach enables a wide range deployment.

State of the art systems mainly utilise the metric of frequency in radars. The main
difference between the proposed research is that the radar utilises high microwave and
closely spaced frequencies. Currently in research, there is no RF system that utilises large
frequency separation to achieve localisation. That is due to the fact that most of the
researched systems are bounded by protocol e.g. Radio-Frequency Identi cation (RFID)
and WiFi have a standard frequency band. Moreover, the utilisation of MF has been
primarily theoretical in the past, due to the high cost and hardware complexity. With
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recent technological advancements of Software De ned Radio (SDR), the overall cost of
MF transceivers has been reduced, enabling the development of reliable, low-cost systems.
The utilisation of MF gives rise to plenty of research questions such as: how many
frequencies with a high separation are required. Do further smaller frequency separa-
tions or (OFDM) provide extended information? These questions are solely dependent on
frequency and on the frequency diversity. To answer those questions real environment
measurements were performed to understand how ef cient and important the frequency
diversity is. Furthermore, most of the reviewed systems employ a high number of an-
tennas [7] or a high number of APs [19]. With the introduction of MF it is important
to understand how the spatial diversity changes, and how the antennas serve the MF
purpose. That creates a whole new research project that raises questions such as: how
many antennas are required? Are all the antenna elements necessary to achieve the same
accuracy? How close can they be and how different polarisation works? Some of these
questions are answered for Single Frequency (SF) systems. For example, the authors in
[20] examine the antenna element proximity, while the impact of diverse polarisation has
also been researched before [21]. Hence, the emerging question is how the MF affects
spatial diversity, and element spacing, as well as how can a novel system utilise MF to
increase accuracy, reliability and maintain a low cost. This proposed research answers
those questions and proves that MF can greatly increase accuracy by maintaining a low
cost.

1.4 Research contributions

The rst contribution of this research is a conference publication [22]. In [22] the
preliminary results of this research are presented. The paper highlights the importance
of localisation and highlights applications such as localising dementia patients. To move
forward with the research, a receiver array was required to perform measurements in real
environments. The cost of a industry standard ten element receiver array to perform the
measurements is £50k [23, 24]. To reduce the overall cost and allow other researchers
to perform similar MF RSS and MF AoA measurements, two low cost receivers were
designed.

The second contribution of this research is the novel tri-band antenna design presented
in Chapter 4. The bene t of the antenna design is that it can be recon gured to cover a
range of multiple bands. In this research three frequencies were used, f; = 434 MHz,
f, = 869 MHz, and f3 = 1595 MHz. It is evident that f, and f, are Industrial, Scienti c
and Medical (ISM) bands, but f3 is not. That is due to the receiver being unable to utilise
the 2.4 GHz band. Utilising the presented antenna design, an antenna able to operate in
all three ISM bands which can have wide impact in applied research.

Third contribution of this research are the low cost, time and frequency synchronised
SDR receiver arrays designed and employed for measurements. The rst receiver array
was designed using ten very low-cost Realtek (RTL)-SDRs [25]. Initial results proved
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that the RTL-SDR receiver array can be utilised to form an array, resulted to the second
conference publication [26]. The overall cost of the rst receiver array is £200 and it can be
used consistently for MF RSS measurements. On the contrary, for MF AOA measurements
the receiver array proved to be questionable due to stability issues. Therefore, the second
receiver array employing ten RSP2s [27] was designed and employed. The RSP2 has two
RF input ports which can be exploited to achieve time and frequency synchronisation
of the SDRs. The overall cost of the second receiver array is£1.7k and it can perform
complex measurements, such as AoA estimation in frequencies from 10 KHz to 2 GHz.
The developed receiver array is available for researchers and students of the University of
Shef eld to develop and test their own algorithms.

The fourth contribution was the result of indoor and outdoor environment simula-
tions to improve AOA estimation accuracy. The research on simulating indoor environ-
ments was used to simulate millimetre wave massive MIMO channel, which lead to the
third conference publication [28]. Moreover, since the scope of this research is MF AoA
estimation, the contributions in the millimetre wave massive MIMO channel is left out.

The sixth contribution of this research is the extraction of AoA from the RSS and it is
presented in Chapter 6. Traditionally, extracting the AoA from the RSS required complex
phased antenna arrays, that can change or shift their patterns. In early measurements,
it was found that the expected RSS was different than the one expected on each antenna
element. After further investigation, it was evident that this is due to the indoor propagat-
ing environment. Since the transmitted signal reaches the receiver from multiple paths,
the different rays that travel in space reach the receiver array in different angles. Since
each frequency has a different antenna gain in each angle, the Uniform Linear Array
(ULA) formulates diverse antenna patterns for each frequency depending on the trans-
mitter location. The developed system works by performing reference RSS measurements
in speci ¢ locations for MF. Then the transmitter is placed in random locations and the
pattern and the RSS is measured in MF. Then the developed algorithms compare the ref-
erence RSS with the measured RSS and a location is estimated. Findings prove that this
technique can achieve similar or some times better results compared to complex systems
proposed by literature. Therefore, the developed could be easier applied in a wide range,
dramatically reducing the overall cost. The results of this contribution are currently under
peer review in [29].

The seventh contribution of this research is the bene t of using MF when estimating the
Ao0A and it is presented in Chapter 7. To estimate the AoA, the phase difference between
closely spaced antenna elements is utilised. When there is only one propagating path be-
tween transmitter and receiver, the phase information is clean. In real environments, this
is never true; hence, the phase information is unclear on the actual AoA. When introduc-
ing multiple broad spaced frequencies, each frequency experiences different propagating
properties due to wavelength difference, uneven surfaces, and the re ection coef cient of
the materials. Two novel algorithms were developed Multi-frequency Spatial Fusion (MF
SF) and Multi-frequency Phase Entanglement (MF PE) in the scope of this research. Mea-
surement results proved that the developed algorithm MF PE can accurately estimate the
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direct AoA even in complex indoor environments, much better than any other system in
literature. Speci cally, from the measurements performed indoors it was found that com-
pared to the best performing system in literature SpotFi [19], MF PE improves the mean
direct AoOA estimation error by 6.2 degrees. Moreover, for the for 75% and 95% of the
measurements direct AoA estimation error is improved by 12.7 degrees, and 33.1 degrees.
The results prove that MF can greatly improve the AoA estimation even in extreme cases
were the best systems in literature suffer. The results of this contribution are currently
under peer review in [30].

1.5 Thesis organisation

The organisation of this report is as follows:

Chapter 2: Background Theory

This Chapter provides the necessary theoretical background information to under-
stand the fundamentals of the literature review, system model, and algorithms that are
implemented in the Chapters that follow. Section 2.1 presents an optimal receiver used
for AoA localisation, while Section 2.2 introduces the fundamental technigue of estimating
the AoA, which is interferometry. Section 2.3 is dedicated to the subspace algorithms that
the state of the art localisation systems utilise, Multiple Signal Classi er (MUSIC), and
Estimation of Signal Parameters via Rotation Invariance Technique (ESPRIT). Section 2.4
presents decorrelation methods that are required to mitigate re ections such as Spatial
Smoothing (SS) and Forward-Backward Spatial Smoothing (FB SS), which are also used
by state of the art localisation systems as well. Finally, Section 2.5 introduces three simu-
lations to further comprehend the MUSIC algorithm its spatial power, and why the use of
MF can improve AoA estimation.

Chapter 3: Literature review

This Chapter presents the literature review performed on systems or techniques that
perform localisation with one or more metrics. Section 3.1 presents systems or techniques
that perform localisation with the RSS metric, while the following Section 3.2 is dedicated
on systems or techniques that perform localisation with the AoA metric. Section 3.3
focuses on localisation that utilises MF as a metric. Section 3.4 concludes the literature
review by presenting systems that use multiple metrics, while Section 3.5 performs a
distillation out of the literature review performed in the previous subsections and presents
a table comparing all the systems.

Chapter 4: Novel antenna array design, simulation and measurements

This Chapter provides information regarding the novel antenna design and its per-
formance as a ULA. Section 4.1 introduces the prototype tri-band antenna design with
measurement of the return loss and simulation of the radiation pattern. Then Section 4.2
presents a performance evaluation of the antenna as a ULA receiver with measurements
of the return loss, the mutual coupling, and simulation of the radiation patterns.

Chapter 5: System design simulation, measurements, and characterisation This Chap-
ters provides the design, measurements, simulations, and characterisations of the trans-
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mitter and receiver used for the measurements in Chapters 6 and 7. Section 5.1 introduces
the transmitter design, while Section 5.2 is dedicated to the transmitter characterisation,
which is very important to understand the capabilities of the transmitter. Section 5.3
presents the RSP2 receiver array prototype and the necessary procedure to perform fre-
quency and time synchronisation. Finally, Section 5.3 is dedicated to the receiver charac-
terisation, which provides an insight on the receiver performance and capabilities.

Chapter 6: Novel technique extracting AoA from frequency diverse RSS patterns

This Chapter presents a novel technique for performing localisation utilising the RSS.
Section 6.1 serves as an introduction to the rst RSS measurements in an anechoic cham-
ber, while Section 6.2 presents the second set of measurements performed outdoors to
con rm the idea. Section 6.3 shows the effect of a theoretical indoor environment on the
RSS, while Section 6.4 is dedicated on the novel technique of estimating the AoA using
RSS, and presents the results and comparison with the state of the art systems. Finally,
Section 6.5 discusses the overall results and draws conclusions on how MF can be used to
produce similar results with the state of the art but to reduce the complexity and overall
cost.

Chapter 7: Novel direct AoA estimation utilising frequency diverse antenna array

This Chapter presents two novel techniques for performing localisation utilising MF
and estimating the direct ray AoA. Section 7.1 is dedicated to the introduction of MF
algorithms. Section 7.2 serves an introduction to indoor environment used for measure-
ments, while Section 7.3 presents the performance of the SF MUSIC subspace algorithms,
and explains the importance of MF. Section 7.4 presents the performance evaluation of
the MF direct ray AoA algorithms and its robustness in terms of frequencies, antenna
elements and methods of matrix decomposition. Section 7.6 presents the comparison of
the proposed system and algorithm with state of the art systems, that were discussed in
Chapter 1, SpotFi [19], LTEye [31] and CUPID [32]. Finally Section 7.7, discusses the over-
all results and draws conclusions on why MF is the only way on detecting the direct ray
AoA with high certainty.

Chapter 8: Conclusions and future research

This Chapter summarises the ndings of this research, draws conclusions based on
the ndings and highlights potential future research. Section 8.1 presents the ndings of
each Chapter with detailed results and explanations, while Section 8.2 provides a brief
description on future research this research could generate.







Chapter 2

Background Theory

This Chapter provides the necessary theoretical background information to under-
stand the fundamentals of the literature review, system model, and algorithms that are
implemented in the Chapters that follow. Section 2.1 presents an optimal receiver used
for AoA localisation, while Section 2.2 introduces the fundamental technique of estimating
the AoA, which is interferometry. Section 2.3 is dedicated to the subspace algorithms that
the state of the art localisation systems utilise, MUSIC, and ESPRIT. Section 2.4 presents
decorrelation methods that are required to mitigate re ections such as SS and FB SS, which
are also used by state of the art localisation systems as well. Finally, Section 2.5 introduces
three simulations to further comprehend the MUSIC algorithm its spatial power, and why
the use of MF can improve AoA estimation.

2.1 Optimal receiver for AoA detection

This Section presents the mathematical model of an optimal receiver for AoA detec-
tion. Such mathematical model is well de ned in the literature [33—35] but also it is also
important in the context of localisation.

Therefore, before this research progresses to the literature review and more complex
concepts, the trivial equations must be explained to establish a mathematical background.
First, a received sinusoidal signal as a function of time, for a single antenna is de ned as
[33],

y(t) = ARXcog(2p ft+ f)+ w(t) (2.1)

where, ARX is the received amplitude, f is the frequency of the transmitted signal, f is
the phase of the received signal, w(t) is the Additive white Gaussian noise (AWGN) in
continuous time, and t is time. To test the hypothesis, a ULA with M elements is de ned
and the received sinusoidal signal is expressed as [35],

ym(t) = ARXcos(2p ft + fm) + wm(t) (2.2)
where, ym is the received continuous time signal for element m 2 [1,M], ARX is the

11
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received amplitude at element m, f ,; is the received phase for element m, and wy, is the
AWGN in time of zero mean and variance sg for element m.

Finally, the representation of a discrete-time pass-band received sinusoidal signal of
element m is de ned as [35],

ym[n] = AR cos(2p fTsn + f m[n]), (2.3)

where, n = [1,2,...,N] are the samples in a frame with N samples, Ts is the sampling
interval, and f y[n] is the phase at elementm in sample n.

In practice, a SDR receives the signal as seen in (2.3). The received signal is then used
to perform the localisation with different techniques. RSS localisation techniques use the
received amplitude ARX from multiple receivers and attempt to determine the transmitter
location. AoOA localisation techniques on the other hand, use the phase information f .
During this research both methods were investigated, with the utilisation of the RSS being
presented in Chapter 6, and the utilisation of the AoA being presented in Chapter 7.

2.2 Interferometry

This Section presents the basic principle of AoA detection, interferometry. Interfer-
ometry requires a ULA system with at least two antenna elements resolving the phase
difference between the two elements. An example of such ULA is presented in Fig. 2.1,
where both angles g; and ¢ are part of a (red) triangle. To do so, the receiving system
requires to have all the antenna elements frequency locked and time aligned, receiving
samples simultaneously without any drift over the time period.

By setting the phase of the rst element as reference (2.3), the phase difference between
elements can be de ned as a phase difference Df ,, where, Df ; = 0, Df , is the phase
difference between elements 1 and 2,Df , is the phase difference between elements 1 and
M. By using Euclidean geometry in the red triangle of Fig. 2.1, the angles q; and @ can
be resolved. The hypotenuse is the distance between the two elementss, while the side
adjacent to g is the extra distance L travelled by the wave to reach element 1 compared
to element 2, causing the phase difference. The distancel is determined by the speed of
light c, and time of travel t, L = ct. Time of travel t can be seen as the phase difference
between the two elements, taking into consideration the frequency f of the wave, de ned
ast = Df /2 p f. By substituting frequency f to the wavelength as f = | c, the side is now
L = 1 Df /2 p. Finally, angles gq; and ¢p can be de ned by the trigonometric functions [36],

2ps @=sint D2 (2.4)

2ps

Ch = COS

For the scope of this research, the number of possible AoA detections from M antennas
was formulated as an equation. With multiple antennas, a multiple AoAs ( @) can be
estimated between pairs. Using binomial coef cient the number of estimated AoAs can
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Figure 2.1: Example of a ULA with M elements with an incident wave at angle q.

be found by,
M M!

By = 2(M 2V (2:5)
where, M is the number of antennas, and 2 is the minimum set of elements required to
estimate the AoA g. For example, having 4 antenna elements using equation (2.5) we can
see that 6 pairs of antenna elements can be made. Therefore, 6 AoAs can be estimated
from each pair. To combine the different AoA estimations there are different techniques,
such as Root Mean Square (RMS) or Total Least Square (TLS).

Having two or more receiving systems in known positions and by acquiring multiple
AOA a central processor can use the AoA and triangulate the source of the signal. This
requires a back-haul connection, such as Local Area Network (LAN) or internet connection
and a central processor. This is the most basic RF application of interferometry which is
also applied in many elds; such as, astronomy, ber optics and spectroscopy.

As the signal propagates through space, depending on its wavelength, it will re ect
and/or pass through objects. These re ections are very likely to be picked up from the
receiver and the outcome will be a mixing of direct signal and the different re ections,
which is the same signal delayed in time. Thus, the process of extracting the true Df y, is
not straightforward and the result will contain errors. In applications such as astronomy,
the transmitting source is located extremely far away and there are few re ections; these
re ections have a huge delay in time due to the extreme distance.

2.3 High resolution subspace algorithms

The concept of subspace is the existence of one space inside another space, meaning
that its points, elements, or signal are part of another space. In practice, the received signal
contains both signal and noise, thus, both signal and noise are subspaces of the received
signal. Subspace algorithms are fundamental to localisation and used by the majority of
the state of the art localisation systems. The two most researched subspace algorithms
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are the spectral, MUSIC [37], and the parametric, ESPRIT [38], which are presented in
Subsection 2.3.1, and Subsection 2.3.2 respectively. Both algorithms are presented later in
literature review, Chapter 3, but most importantly the most important research outcome

is based on MUSIC, Chapter 7.

Furthermore, both MUSIC and ESPRIT are able to obtain the AoA from multiple K
independent narrow band sources, offering a high spatial resolution compared to other
Ao0A techniques. The narrow band sources can be either Continuous Wave (CW) in dif-
ferent frequency i, or a frequency modulated signal at the same frequency i. Typically,
a received continuous time signal yn(t) intercepted by a ULA with M elements, such as
(2.3), can be expressed in a vector formy(t) as [39],

2
2 3 1 2 3
ya(t) exp j2pscosq wy(t)
yo = § Y2:(t) %z | | )+ g W2:(t) % |
Y (D exp _120(M_ Dscosg Wy ()
I
y(t) = a(a)x(t) + w(t), (2.6)

where, y(t) is the received vector in time t, a(q) is the steering vector, and w(t) is the
added noise in vector form. In the case of K sources, the steering vector a(q) will be
a MxK matrix A = [A(q),-..,A(gk)] and the the signal matrix will be a Kx1 vector
x(t) = [s1(t),...,s«(t)]', where | is the transpose of the vector. Thus, the received signal
with a vector representation and multiple sources is described as [39],

y(t) = Ax(t)+ w(t). 2.7)

2.3.1 The MUSIC algorithm

The MUSIC algorithm begins by computing the MxM covariance matrix Ryy to attain
the spectral and spatial information of the received signals, as per [39],

Ry = Efy()y"()g = ARwAl + sflu, (2.8)

where, Ryx = Efx(t)x! (t)g diagfs?,...,sZg is the eigenvalues of the K transmitted
signals of the K uncorrelated sources, and |y, is the identity matrix with size  MxM. In
case the signals are correlated, theRyx is not diagonal. This is due to re ections; since
correlation tries to nd similarities, if two identical signals appear as one. Further infor-

mation can be found in [39]. Subspace algorithms attain the optimal results only if Ry
is a full rank matrix. The rank of a matrix represents the maximum number of linearly

independent columns. When that hold true, the dimension of the space spanned in its
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rows is identical as well, the matrix has a full rank [40]. Furthermore, the matrix rank is
important because it de nes the dimension of the signal subspace. When the signals are
correlated (multipath propagation), then Ryy rank is de cient and a decorrelation tech-
nique needs to be applied, such as spectral smoothing [41] or forward/backward spectral
smoothing [42], which will be further discussed in the following Section 2.4.

In case that M K, the signal and noise subspace are part of the same subspace and
the subspace algorithms can not detect all the K signals. For M > K, AR,,Al is singular
thus, det[ARxAl] = det[Ry, sZ] = 0. This implies that s is an eigenvalue of Ryy,
the noise that scales all over the eigenvectors. Since the dimensions of the null space of
ARy Al are non-negative, their eigenvalues are K such ass,% > sg > 0. Thus, if the signal
variance is higher than the noise variance, the signals' AoA can be resolved. Let uy be the
kth eigenvalue of Ryy corresponding to slf [39].

8
Ss2>s2>0fork=1,... K

Ryyux = [ARxAl + sgilug = sfuy; . (2.9)
“sZ=s2  fork= K+1,....M
Moreover, (2.9) can be further expanded as [39].
ARAlu = (s sd)u,, k=1,2,... M
8
< 2 2 —
S S§)ux, k=1,... K case 1
ARwAlu = (S so)u ( ) (2.10)
0, k=K+1,....M (case 2)

That means the M dimensional matrix space of U can be partitioned into the signal sub-
spaceUy and the noise subspaceUy [39],

U:[Ux Un]:[ul,...,uK UK+1,...,UM] (211)

Furthermore, (2.10) case 1, shows that theK linear combinations of columns A are
equal to the signal subspace which is spanned over the columns of Uy, while (2.10) case
2, shows that the linear combinations of columns A are orthogonal to U,. That means
that the steering vector A(q), which is in the signal subspace, is orthogonal to the noise
subspace, Al (q)Un = 0. Utilising the steering vector which can be formulated for each
individual AoA, the MUSIC algorithm searches through all angles g and plots the spatial
spectrum P(q) using,

1 B 1
iAT(@Unji — Al (qUAULA(Q)’

pMUSIC (q) = (2.12)

where, wherever g = ¢, P(qg) exhibits a peak depending on the siz. The MUSIC algorithm
can be altered to work for different shapes other than ULA, but it is very sensitive to
antenna positioning, phase errors and gain; thus accurate calibration is required. The issue
of MUSIC is that it is required to search throughout all g, which can be computationally
expensive.
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Figure 2.2: Example of a two sensor pair y1 and y, for a ULA ESPRIT.

2.3.2 The ESPRIT algorithm

ESPRIT [38] algorithm was developed to analytically estimate the AoA q without re-
quiring to search all the possible angles. A ULA is split into two equally spaced identical
sensor pairs s as shown in Fig. 2.2. To form the two identical sub arrays, y; and y,, the M
element ULA is split into one sensor set, y; from elements (1 : M 1), and a second set,
y» from elements (2 : M). This one element shift creates a phase difference between each
pair of F. The identical sub arrays from the ULA have a received time signal in matrix
form such as [39],

yi(t) = Ax(t) + wy, (1)
yo(t) = AF X(t) + wy,(t), (2.13)

where, F = diagf é91,...,e9¢g, and &9 = 2pscog(q))/ | . The purpose of ESPRIT is to
estimate F , which contains the information regarding ¢,. In matrix form is formulated as
[39],
" # " # " #
2= VO oA, W

ya(t) AF W) Ax(t)+ Wz(t),  (2.14)

with A being the new steering vector. The covariance matrix Rzz with matrix size 2 (M
1)x2(M 1) is obtained from,

Rzz = EfZ(1)Z1(1)g = ARxA! + s2I. (2.15)

As per (2.11) the matrix is split in the signal subspace Uy with size of 2(M  1)xK and
the noise subspaceU, with size 2(M 1)x2(M 1) K. Now, the steering vector that
spans over the same subspace adJy is de ned as A. Therefore, there must be a matrix T
that satis es, Uy = AT. Partitioning Uy to satisfy the form of (2.14) as [39],

" # " #
Uy AT

Uy = = . 2.16
X Uy AFT (2.16)
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Both Uy and Uy are linear combinations of A, so each of them has a column rank K and
denes a (M 1)x2K matrix with rank K, Uy, = [Uyx Uy]. Therefore, Uy, has a null
space ofK, thus there is a 2KxK matrix F that UyyF = 0. Expanding to [39],

" #
F
[Ux Uy] FX = UxFx + UyFR, = 0. (2.17)
y
Substituting from (2.16) gives [39],
ATF+ AFTR, = 0% AFTR = ATk« (2.18)

Since T is a known full column rank matrix (if the sources are uncorrelated), it results to
[39],
F=TRFR'T L (2.19)

Overall, the nal result is always equal or worse to spectral based MUSIC, since its an-
alytical process does not consider every possible AoA. Imperfect element distances can
result to a large error which can be calibrated out only by altering the distances of the
physical elements. To further improve the result, ESPRIT is commonly combined with
TLS. This estimation is a single procedure and the computational complexity is much less
than MUSIC. In practice, MUSIC spectral search in a 180 degrees spectrum is executing
(2.12) 181 times for one degree resolution, or 1801 for .1 degree resolution, while ESPRIT
is executed only once.

2.4 Decorrelation techniques for coherent signals

This Section is dedicated to present decorrelation techniques to mitigate the effect of
re ections. As it was pointed in Section 2.3, the covariance matrix of the transmitted signal
Ryx should not be rank de cient. When a matrix is rank de cient the information that
reside within the matrix is insuf cient and therefore, the MUSIC algorithm to perform
an accurate estimation. In presence of multipath, the transmitted signal is re ected at
the receiver multiple times, which leads to a rank de cient Ryx. Since the success of the
subspace algorithms are dependant on the non singular covariance matrix Ryy, SS [41] or
FB SS [42] must be applied. Both techniques are used by state of the art systems, such
as SpotFi [19] and ArrayTrack [7]. Therefore, Subsection 2.4.1 presents the SS algorithm,
while 2.4.2 presents the FB SS algorithm.

2.4.1 Spatial Smoothing

Spatial smoothing divides a ULA with M antenna elements to a new ULA with the
of size Mgps overlapping antenna elements. The rst set of antenna elements will be
[1,... Mspd, second set [2,...Mgps+ 1], as seen in Fig. 2.3. The overall number of subar-
raysareL = M Mgpst 1, and y| denotes the vector of the received signal at the subarray
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Figure 2.3: Sub-array example of spatial smoothing with M antenna elements, and Msps
spatial smoothing elements.

Figure 2.4: MUSIC spatial spectrum for no spatial smoothing (red) and spatial smoothing
(blue) with a subarray size Mgps= 4, and M = 6 antenna elements, Signal to Noise Ratio
(SNR) = 3 dB, two coherent sources at -5 degrees, -20 degrees and one incoherent source
at 40 degrees.

I. Following the notation of (2.7), the new received vector is de ned as [41],
yi(t) = AD( Dx(t) + w(t). (2.20)

where, K is the number of incident signals, and D(") denotes thel 1 power of the (KxK)
diagonal matrix de ned as [41],

D= diagf e j2pscosqy/ | e j2p scosapy/ | ..., j2pscosqk/ | 0. (2.21)
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Furthermore, the covariance matrix of the subarray | is expressed as [41],
R = AD( DRyD( DAl + selm, (2.22)
The spatial smoothed covariance matrix R, is nally de ned by averaging the set of |

subarray as [41],

R= R. (2.23)

1

Il W
I Qo

For sake of space, the full proof that covariance of the transmitted signals is non singular
when L | is not shown here, but it is presented in [41]. Instead, Fig. 2.4 presents an
example with the effects of spatial smoothing for a ULA with M = 6 antenna elements,
SNR = 3 dB, two coherent sources at -5 degrees, -20 degrees and one incoherent source at
40 degrees.

The red line in Fig. 2.4 proves that in the presence of coherent signals MUSIC is unable
to determine the AoA and only registers the one at -20 degrees. By applying spectral
smoothing, blue line in Fig. 2.4, reduces the subarray size to Msps= 4 elements. Now the
MUSIC algorithm is able to distinguish all incoming AoA.

2.4.2 Forward-Backward Smoothing

Spatial smoothing is able to reduce the size of the array to Msps thus reducing the
maximum number of signals that MUSIC can identify. FB SS [42] is able to identify K sig-
nals with a M d 3K/2 e antenna elements. Thus, in an indoor environment where there
are multiple coherent re ections, FB SS helps to decrease the requirements for the overall
number of elements. Moreover, FB SS follows the same principle as spatial smoothing,
starting from (2.20), the V(Iactor of the forward received signal ! y| is used to de ned the
forward covariance matrix " R as in (2.22). Now, the forward spatial smoothed covariance
matrix is de ned similarly to (2.23) as,

Ly
R = é' R|. (224)

1

|~

Furthermore, the backward subarray is de ned by the same antenna elements but
backwards, as seenin Fig. 2.5. The backward subarrayy, is used to calculate the backward
covariance matrix R;, as (2.22). Finally, backward spatial smoothed covariance matrix is
de ned as,

L
a R. (2.25)

I
The forward-backward covariance matrix is the average between the forward "R, and
the backward R;. The nal spatially smoothed covariance matrices is estimated as,

|
"R+ R

R=
2

(2.26)
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Figure 2.5: Sub-array example of FB SS with M antenna elements, and Msps Spatial
smoothing elements.

The FB SS covariance matrix contains more information as it averages the covariance
matrix in two ways and it can identify K signals with M d 3K/2 e antenna elements.
Again for sake of space proof is not presented here but it can be found in [42].

An example of the FB SS performance can be seen in Fig. 2.5, where it is compared
with the standard MUSIC spatial spectrum, and the MUSIC with spatial smoothing. The
number of antenna elements is M = 6, the spatial smoothing subarray is Msps the SNR =
5 dB, and there are four coherent sources at -60 degrees, -30 degrees, -5 degrees, and 35
degrees. The gure shows that both standard MUSIC and MUSIC with spatial smoothing
are unable to detect all the sources. On the other hand, the MUSIC with forward-backward
spectral smoothing is able to detect all the sources at angles -57 degrees, -33 degrees, -3
degrees, -35 degrees. The RMS error is 3.4 degrees, which is good for being at the border
line of required elements, M d 3K/2e.

The main disadvantage of FB SS over spatial smoothing and MUSIC is the complex-
ity. When FB SS is implemented, the noise subspace must be obtained twice (forward
and backward). Taking into consideration that all literature implements Singular Value
Decomposition (SVD) to obtain the noise subspace, the overall complexity increases even
further. As explained in Subsection 3.2.1 the SVD complexity is higher than QR decompo-
sition. Therefore, if SVD is replaced by QR decomposition, the complexity can be reduced
and that is why it is studied extensively in Subsection 7.5.3. Finally, in terms of perfor-
mance comparison, it is evident that FB SS outperforms the other algorithms and that it is
featured later, in Section 7.1.
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Figure 2.6: MUSIC spatial spectrum for no spatial smoothing (red), spatial smoothing
(blue) with a subarray size Mgps= 5, FB SS (green), andV = 6 antenna elements, SNR =5
dB, four coherent sources at -60 degrees, -30 degrees -5 degrees and 35 degrees.

2.5 Comprehending the MUSIC power spectra estimation

This Sections presents simulations to provide insight on the estimation of the FB SS
MUSIC power spectra. In Subsection 2.5.1 the FB SS MUSIC power spectra is presented as
a function of SNR, while in Subsection 2.5.2 the FB SS MUSIC power spectra is presented
as a function of number of elements M in the ULA. Finally, Subsection 2.5.3 introduces
the FB SS MUSIC power spectra as a function of AoA noise. The three different scenarios
were simulated and the results are presented in Fig. 2.7.

2.5.1 MUSIC power spectra as a function of SNR

The rst simulation investigates the FB SS MUSIC power spectra as a function of SNR.
The number samples of the received signal was set to 1000, the AoA was set to 75 degrees,
and the number of ULA elements was setto M = 6. To simulate different SNR conditions
a complex AWGN was added on the simulated received signal to investigate its effect on
received AoA estimation. The FB SS MUSIC power spectra is presented in Fig. 2.7a, with
the SNR being 10 dB, 0 dB -10 dB, -20 dB.

From Fig. 2.7a it was evident that that for the high SNR cases of 20 dB and 10 dB
the measured oor imposed by noise was below -30 dB. On the contrary, for SNR -10 dB
and -20 dB, the measured oor imposed by noise was at -25 dB and -10 dB respectively.
Therefore, it was evident that as the SNR deteriorates the performance of FB SS MUSIC
decreases. Moreover as the SNR decreases the FB SS MUSIC power spectra peak becomes
less sharp, leading to broader peak. That means that the phase information of the trans-
mitted signal was affected by the complex noise, making the direct AoA estimation more
dif cult. Finally, the accuracy of AoA estimation under low SNR was a broad space of
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research, development, and improvement of algorithms [43]. For the scope of this research
it was made sure that the SNR was kept above 0 dB.

2.5.2 MUSIC power spectra as a function of ULA elements

The second simulation investigates the FB SS MUSIC power spectra as a function of
number for elements in the ULA. The number of samples of the received signal was set
to 1000, the AoA was set to 75 degrees, and the SNR was set to -20 dB. The FB SS MUSIC
power spectra is presented in Fig. 2.7b, with the ULA elements being M = 6, 8,10, 12.

From Fig. 2.7b it was evident that as the number of elements increase, the measured
oor imposed by noise decreases but also the peak becomes sharper. ForM = 6 the
measured oor imposed by noise was circa -10 dB, while for M = 8 and 10, the measured
oor imposed by noise was reduced to circa -12 dB. The only difference between M = 8
and 10 was that for M = 8 a false peak was formed at circa 40 degrees. Finally, forM = 12
the measured oor imposed by noise was reduced to circa -14 dB.

Comparing Fig. 2.7a with Fig. 2.7b it was evident that the increase of elements can
improve the SNR. As the number of elements increase both noise oor was reduced and
the spectral peak becomes sharper. The reason was because the amount the covariance
matrix at the start of MUSIC was increased in size. Therefore, the number of eigen values
was increased and therefore, the phase information attained by the receiver was increased.
This was another reason why ten ULA elements were selected for the receiver array. A
detailed comparison on the effect that the size of the ULA element has on the developed
MF algorithms and the the state of the art systems presented in Subsection 7.5.2.

2.5.3 MUSIC power spectra as a function of AoA noise

The third simulation investigates the FB SS MUSIC power spectra as a function of AcA
noise. This simulation is established to understand cases when the receiver is unable to
identify multiple rays that are closely spaced in angle domain. This scenario can occur
when a ray traverses through a wall or in a Line of Sight (LOS) scenario when the phase
of the direct AoA and re ection are added destructively. This effect is studied in literature
and it is de ned as when the steering matrix is tainted [44].

To simulate AoA noise the direct AoA steering vector was averaged with two steering
vectors, one with a positive offset in degrees, and one with negative offset in degrees. To
simplify the notation the symbol is used, with the offset in degrees. For example, a 5
degree offset, is notated as 5 degrees. The number of samples of the received signal was
set to 1000, the AoA was set to 75 degrees, the SNR was set to 10 dB, and the number of
ULA elements was setto M = 6. The FB SS MUSIC power spectra is presented in Fig. 2.7c,
with the AoA noise being 0,5, 10, 15 degrees.

From Fig. 2.7c it was evident that phase noise does have a constructive effect on the
FB SS MUSIC power spectra. For a AoA noise of 5 degrees the noise oor was circa
-25 dB; while for a AoA noise of 10 degrees the noise oor was circa -13 dB; and for
a AoA noise of 15 degrees the noise oor was circa -5 dB. Moreover, as the AoA noise



Chapter 2. Background Theory 23

(a) FB SS MUSIC power spectra as a function of (b) FB SS MUSIC power spectra as a function of
SNR, and M = 6. number of ULA elements, and SNR = 20 dB.

(c) FB SS MUSIC power spectra as a function of (d) FB SS MUSIC power spectra as a function of
AOA noise, M = 6, and SNR= 10 dB. SNR, 10 degrees AoA noise, andM = 6.

Figure 2.7: Simulation of MUSIC power spectra with AoA = 75 degrees for three different
cases, as a function of SNR in Fig. 2.7a, as a function of ULA elements in Fig. 2.7b, as a
function of AoA noise in Fig. 2.7c, and as a function of AoA noise and SNR in Fig. 2.7d.

increases the peak becomes broader, because the phase information was tainted. Also, as
the AOA noise increases the direct AoA estimation was offsets toward the centre of the
ULA. Speci cally for AoA noise of 0,5, 10, 15 degrees, the direct AoA estimations were
75, 75.3, 76.4, and 78.5 degrees respectively.

The main objective of this simulation was to comprehend the effects of AoA noise.
With this simulation taken into consideration two conclusions were made. First, when
destructive interference of rays occurs, or a wave traverses through a wall, the direct AoA
estimation error was expected to be increased. Second, as see from Fig. 2.7a in cases
where the SNR was low, and the performance of the FB SS MUSIC was worse in terms
of peak sharpness and measured oor. Since SNR degradation and AOA noise occurs
due to multiple walls, the effect of both could be destructive. To validate this conclusion
another simulation was conducted where the AoA noise was 10 degrees, and the SNR
was 0, -10, -20 dB. The results are presented in Fig. 2.7d. From the results it was evident
that the AoA noise formulates a new measured oor for SNR=0, -10 dB. When the SNR
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was decreased even further, the peak becomes broader and the measured oor imposed
by noise was increased even further, similar to Fig. 2.7c when the AoA noise was 15
degrees. Therefore, with low SNR and high AoA noise, the estimation of direct AoA is
even harder. But in real environments since the phase noise is random across frequencies,
the employment of MF will mitigate the effect.

Finally, to analyse results of the measurements the term "phase information" is utilised.
AoA and phase are directly related to the steering matrix, since the steering matrix is
the phase translation of the AoA. Hence, the term phase information refers to the AoA
noise, and if the steering matrix is tainted or not. Since all the measures are made with
an SNR> 0; when a measurement has a broad AoA power spectra peak it means that
the steering matrix is tainted, there is AoA noise, and therefore, the phase information is
uncertain and poor. In cases that the AoA power spectra peak is sharp; the steering matrix
is clean, there is no AoA noise, and therefore, the phase information is clear.



Chapter 3

Literature review

This Chapter presents the literature review performed on systems or techniques that
perform localisation with one or more metrics. Section 3.1 presents systems or techniques
that perform localisation with the RSS metric, while the following Section 3.2 is dedicated
on systems or techniques that perform localisation with the AoA metric. Section 3.3
focuses on localisation that utilises MF as a metric. Section 3.4 concludes the literature
review by presenting systems that use multiple metrics, while Section 3.5 performs a
distillation out of the literature review performed in the previous subsections and presents
a table comparing all the systems.

3.1 Techniques or systems that utilise the RSS metric

This Section serves as the literature review of this research in systems or techniques
that utilise RSS for localisation. Subsection 3.1.1 presents and discusses RSS and Chan-
nel State Information (CSI) ngerprinting techniques. The last presented paper is the the
best performing state of the art localisation system, DeepFi [8], which is also highlighted
in the nal Section of this Chapter, where the presented papers are compared and nal
conclusions are drawn. Moreover, Subsection 3.1.2 introduces systems that utilise diverse
arrays, such as Switched Beam Antenna (SBA) [45, 46] and Electronically Steerable Par-
asitic Array Radiator (ESPAR) [47, 48] which are used to directly compare the results of
this research in Chapter 7.

3.1.1 Fingerprinting with RSS or CSI

Modern literature offers plenty of localisation techniques that rely on RSS or CSI. The
difference between RSS and CSl is the level where they are extracted; the former is known
on a Media Access Control (MAC) level, while the latter on a physical level. Moreover, the
use of CSI mainly refers to WiFi or Long Term Evolution (LTE), and it contains additional
information such as scattering, fading and power decay.

The rst and most widely researched use of RSS or CSI, is the creation of indoor maps
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with measurements taken at speci ¢ locations, known as ngerprints [49, 50]. When a
signal is received from a node, the RSS or CSl is compared with the ngerprint database
and with the appropriate (researched) technique, a location is estimated. In terms of
ngerprint technique, in [49, 50] the authors proposed a deterministic method that use
K-Nearest Neighbour (KNN) position estimates and it utilises more than one WiFi AP to
gather RSS. Speci cally in [50] they use 5 APs in an indoor of ce area that spans over 22
by 42 m, and 49 locations for ngerprints. The mean and 90% error performance with
5 APs are 2.37 m and 5.97 m respectively. The 90% error performance is very important
because it conveys that in the majority of the cases, the error will be less than the presented
number.

Moreover, modern systems such as Horus [6] are a more advanced ngerprinting
method. To evaluate Horus's performance the authors have taken measurements in two
testbeds, rstin an area of 68.2 by 25.9 m with 6 APs, and second in an area of 11.8 by
35.9 m with 4 APs. The mean and 90% error performance of the rst testbed was 39 cm
and 89 cm; while for the second testbed was 51 cm and 132 cm. To achieve these results,
Horus required 110 measurements as part of ngerprinting for each testbed.

Overall, from the results of Horus [6], it is evident that ngerprinting is a high accuracy
technique. But there are two issues in practical applications. First is the high cost, since
the process of taking ngerprinting is exhaustive it requires highly trained people, and
second, the indoor environment changes, meaning that the ngerprints do not remain
static and change as well. Furthermore, even the presence of people in an of ce area
can change the ngerprints enough to reduce the accuracy. The fundamental issue of
the ngerprinting technique, which is accuracy uncertainty, is investigated in [51]. The
authors in presented a general probabilistic model to provide an answer regarding on
what are the accuracy limits of indoor RSS ngerprinting localisation. Also, the authors
presented an optimal ngerprinting reporting strategy to improve accuracy as a function
of reliability and the number of RSS measurements. Therefore, based on their model, an
optimal ngerprinting system could be designed, speci ¢ for the application environment.
On the contrary its application in real environments is questionable, but interesting and it
could be investigated in greater detail.

Furthermore, there are other techniques in literature that perform localisation using
RSS and require no ngerprints. Tomic et al.in [52] proposed a RSS localisation technique
for Wireless Sensor Networks (WSN) which applied a convex optimisation problem based
on RSS. The proposed technique took into consideration both non cooperative and coop-
erative localisation between multiple WSN. The passive receiving nodes collected noisy
RSS and formulated a relaxed convex estimation that was closely related to the non con-
vex Maximum Likelihood (ML) estimator. This allowed the search of the global minimum
since the problem was relaxed to a convex estimation. Also the proposed estimation was
expected to be very accurate, since it was related to ML. The performance was evaluated
using Monte Carlo Simulation (MCS) for both non cooperative and cooperative localisa-
tion of the transmitting location. The results were evaluated with the transmit power be-
ing known and unknown. For non cooperative localisation and known transmit power the



Chapter 3. Literature review 27

Figure 3.1: System model of the DeepFi [8].

proposed technique had an improved performance in terms of complexity and accuracy,
with an Root Mean Square Error (RMSE) of circa 1 m. Also, with the proposed three-
step procedure for cases of unknown transmit power and pathloss estimation, the authors
managed to achieve an RMSE of 3.4 m, which was a 15% improvement compared to the
state of the art techniques. For cooperative localisation and known power, the proposed
technique imposes a 0.5 m improvement compared to other techniques. For unknown
power and pathloss the mean error for 50% of the cases was less, circa 2.5 m. Overall, the
authors in [52] provided analytical results, and their system was not applied under real
environments. Even if their results prove that RSS with no ngerprinting can have high
accuracy, taking into account the complexity of convex optimisation and multiple nodes,

it is uncertain that this remains true in real environments.

DeepFi [8] is a state of the art localisation system that utilises CSI ngerprinting with
a deep learning approach algorithm. The authors performed OFDM measurements with
3 antennas and 30 subcarriers, acquiring 90 CSI values per measurement. By utilising the
CSI DeepFi [8] attains information regarding scattering, fading and power delay. Utilising
the power delay measured from the CSl, the authors hypothesised and proved that the CSI
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