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ABSTRACT

THE Internet of Things (IoT) is an enabler to new applications, such as smart metering and environmental
monitoring, intended to address current and future societal and ecological challenges. Things, possibly mobile
or in distant locations, require wireless connectivity for data collection and remote control. Low Power Wide Area
(LPWA) networks provide city-scale long-range, narrowband radio transmissions respecting the energy constraints
of battery-powered low-cost objects.

Being capable to localize these objects will add value to their data, enables tracking applications and is therefore
a demanded and recent research topic. Precise and accurate radio signal delay based positioning without integrating
additional hardware but taking advantage of intrinsic wireless communication signals is appealing in terms of device
complexity, cost and energy consumption. However, radio localization within LPWA networks is challenging due
to narrowband transmissions, resulting in a lack of delay precision as well as due to radio propagation channels,
which degrade the accuracy of location estimates.

This work addresses both challenges by investigating a multi-channel ranging system for LPWA networks.
Coherently combining multiple sequentially transmitted narrowband signals on different radio channels improves
delay estimation precision and allows resolving multipath channels for refined positioning accuracy. This scheme,
based on instantaneous narrowband signals, conserves the LPWA long-range feature and is hence compatible with
LPWA networks. A detailed signal model considering hardware imperfections as well as the required protocol
exchanges for time, frequency and phase synchronization is developed. Based on this model, the requirements on
radio transceiver architectures regarding the necessary phase coherence for multi-channel ranging are discussed.
Lower bounds on the ranging precision are derived for both, free-space and multipath propagation channels,
illustrating the improved precision compared to narrowband single channel ranging. Numerical simulations of
radio signals for the two-way multi-channel ranging protocol illustrate that the performance of developed range
estimators attains the theoretical precision bound and pave the way towards implementation. A flexible Software
Defined Radio (SDR) based demonstrator is implemented to validate simulation results. Field trials in real urban
outdoor environments are in accordance with simulation results and prove how scalable multi-channel ranging, in
combination with advanced signal processing methods, will be an enabler towards precise and accurate localization
in LPWA networks.

Keywords: Internet of Things (IoT); Low Power Wide Area (LPWA); Radio localization; Ranging; Frequency
hopping; Phase of Arrival (PoA); Coherent processing; Narrow-Band IoT (NB-IoT), LoRa, Sigfox






RESUME

‘Internet des objets (IoT, pour Internet of Things, en anglais) ouvre la porte vers la réalisation de nouvelles

applications, telles que les compteurs intelligents et le suivi environnemental, destinées a adresser nos
défis sociétaux et écologiques actuels et futurs. Les objets, possiblement mobiles ou distants, nécessitent une
connectivité sans fil pour la centralisation des données et le contrdle a distance. Les réseaux longue portée et
basse consommation (LPWA, pour Low Power Wide Area, en anglais) offrent des transmissions radio bande étroite
avec une couverture a I’échelle typique d’une ville, tout en respectant les contraintes de consommation énergétique
bas cotit des objets.

Intégrer la possibilité de localiser ces objets ajouterait de la valeur a leurs données et permettrait leur suivi
géographique. Voila pourquoi c’est un domaine de recherche trés actif actuellement. L’utilisation du temps de
propagation des signaux radio de communication, sans intégration supplémentaire de modules matériels dédiés
a la localisation, est une approche trés intéressante pour la complexité, la consommation et le colit des objets.
Néanmoins la radio localisation dans les réseaux LPWA pose des défis liés d’une part aux transmissions a bande
étroite qui n’offrent pas une résolution temporelle suffisante et d’autre part aux canaux de propagation qui peuvent
introduire des biais sur les estimées de position.

Cette these adresse ces défis en étudiant un systéme de mesure multicanaux de distance pour les réseaux LPWA.
La combinaison cohérente des signaux bande étroite transmis séquentiellement sur des canaux différents améliore
la précision d’estimation des temps de propagation et permet de résoudre en partie les multi-trajets pour une
meilleure précision de localisation. Cette technique basée sur les signaux a bande instantanée étroite conserve
la capacité longue portée des transmissions et reste compatible avec les réseaux LPWA. Un modéle détaillé prenant
en compte les imperfections matérielles ainsi que les besoins protocolaires pour la synchronisation en temps,
fréquence et phase est développé. Basé sur ce modéle, les variantes des architectures des émetteurs-récepteurs
radios et leurs impacts sur la cohérence de phase pour Pestimation multicanaux de distance sont discutés. Les
limites théoriques de précision sont dérivées pour la propagation en espace libre et dans des canaux de propagation
multi-trajets, illustrant ’amélioration de précision possible entre ’approche multicanaux et ’approche monocanal
pour Iestimation de distance. Des estimateurs de distance sont développés et appliqués aux signaux radio simulés
afin de montrer que leurs performances atteignent les limites théoriques. Ces résultats de simulation sont validés
avec des expérimentations menées avec un démonstrateur implémenté avec une radio logicielle (SDR, pour Software
Defined Radio, en anglais). Les tests terrains réalisés en environnement urbain permettent de confirmer I’apport
d’un systeme d’estimation multicanaux de distance, en combinaison avec du traitement de signal avancé, pour
fournir une fonctionnalité de localisation intrinséque et précise pour les réseaux LPWA.

Mots clés: Internet des objets (IoT); Réseaux longue portée et basse consommation (LPWA); Radio localisation;
Estimation de distance; Sauts de fréquence; Phase d’arrivée (PoA); Traitement cohérent; Narrow-Band IoT (NB-IoT),
LoRa, Sigfox
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INTRODUCTION

WIRELESS communication is a constantly evolving field of research and development, which profoundly changes
everyday life. With the experimental discovery of electromagnetic waves by Heinrich Hertz in 1886 and
the first long-range wireless transmissions performed by Guglielmo Marconi in 1895 a new era of communication
began. Later followed by the introduction of cellular mobile services and their worldwide standardization with
the Global System for Mobile Communications (GSM), wireless communication and data transfer was made
available to everyone. Together with the invention of the Internet, global communication, exchange and trade were
revolutionized and in return boost growth and development of new wireless communication standards. Nowadays,
the Second Generation (2G) to the Fourth Generation (4G) of mobile communication increase available data rate,
connectivity, coverage and offer more services, bringing communication closer to the user [Var12].

Currently, the Fifth Generation (5G) of mobile communication is about to be developed. Besides ever improved
quality of service for the user, the 5G will also be an enabler for inter-machine communication [NGM15]. Generally
called Internet of Things (IoT), the concept aims at connecting everyday-life objects to the Internet, allowing user
or machine interaction with these devices. Many of these objects, especially the mobile ones, such as temperature
sensors, air quality monitors or object tracking devices, have to be energy autonomous and require wireless
communication over possibly long ranges [RKS17]. Therefore, long-range, asynchronous wireless connectivity,
together with low power and low-cost mass market solutions are part of the key enablers for the IoT.

Wireless technologies addressing these requirements are called Low Power Wide Area (LPWA) networks.
Achieving long-range connectivity is a major challenge for these networks as transmit power is limited for energy
consumption and radio spectrum regulations reasons. Available LPWA technologies include proprietary industrial
solutions as well as standardized technologies being part of the 5G. Two approaches are used to attain low levels
of receiver sensitivity for long-range communication: narrow bandwidth or low spectral efficiency modulation
schemes [Rot17]. In both cases, data rate is traded against sensitivity, which is convenient as LPWA devices primarily
have payloads of only a few bytes to transmit. Besides the long-range communication capability, LPWA systems
and applications show a growing demand for geo-referencing and localizing objects and the data they produce [Eff].

Requirements on LPWA positioning vary in the demanded accuracy, availability, complexity and depend on
each application. A majority of LPWA devices will be Global Navigation Satellite System (GNSS) denied due to
energy consumption constrains or signal unavailability. Instead, LPWA signals transmitted for communication can
be used with radio signal based localization methods in order to determine device position. Subsequently, system
complexity, energy consumption and cost are kept at a minimum. Radio transmissions are altered in amplitude,
time, frequency and phase by the wireless propagation channel. Relating these signal alteration to device position,
allows location estimation based on measurements of radio signal changes.

This thesis investigates the feasibility and a proof of concept implementation of a localization method within
LPWA networks. The studied approach achieves both, accurate and precise ranging as well as fulfilling long-range
low-cost and low-power requirements. Time of Arrival (ToA) techniques which deduce inter-device range from
the propagation delay do not provide the required precision due to narrowband LPWA signals. Assuming
narrowband transmissions as an inevitable system constraint, multi-channel ranging techniques potentially offer
improved temporal resolution for precise ranging. This signal phase based approach coherently combines
multiple sequentially measured narrowband channel estimations on different frequencies in order to virtually
increase bandwidth and so ranging performances. Multi-channel ranging has been widely adopted in various
contexts, i.e. [PSSV09a; VKK16; SRW18]. However, its application to LPWA long-range transmissions yet remains
open and is the aim of the present thesis. This work studies attainable precision under different propagation
conditions, necessary requirements on transceiver architectures and oscillator specifications to achieve phase based
multi-channel ranging with low-cost LPWA devices. Extensive study by theoretical models, numerical simulation,
experimental validation and field trials demonstrate the potential of the solution.
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ReEviEwW oF THE CHAPTER CONTENTS

The first chapter introduces the principles of wireless communication in LPWA networks. It further motivates
why LPWA networks benefit or require a positioning function. Key performance indicators for localization
techniques are discussed and a detailed overview on radio signal based localization techniques and the underlying
metrics are presented. Existing LPWA technologies are reviewed regarding available positioning functions and new
positioning techniques are given.

In the second chapter a focus on challenges for LPWA radio localization is made. These are categorized
into system limitations such as limited bandwidth to achieve long-range communication and network topology.
Secondly, hardware impairments including oscillator frequency offset and their impact on radio signal based
localization are studied. The third category of challenges is related to the propagation channel. Various metrics
characterizing the radio channel are defined and their significance for precise and accurate positioning is studied.

Based on the literature review from the first chapter and the dressed challenges, the arising research questions
and the scope of the thesis are motivated.

The third chapter derives the signal model for multi-channel ranging based on a general radio transceiver
architecture including a numerical Intermediate Frequency (IF) mixing stage. The signal model is then adapted to
two-way ranging and the resulting requirements for the transceiver architecture are discussed. Theoretical CRLBs
on the ranging precision are derived based on the presented signal model. Preliminary numerical simulations are
used to validate the proposed ranging algorithms.

The development and implementation of a multi-channel transceiver testbed for experimentations and outdoor
field trials is presented in the fourth chapter. Ranging performances are evaluated through both numerical
simulations and experimentations in an Additive White Gaussian Noise (AWGN) channel. Hardware impairments
such as clock frequency offset are investigated. Simulations with an European Telecommunications Standards
Institute (ETSI) multipath channel model are used to predict ranging performances in multipath channels. Outdoor
field trials are performed to benchmark ranging precision and accuracy under real urban propagation conditions.
The comparison to an industrial LPWA ranging solution is given. Performances impeded by multipath propagation
are improved through a bias mitigation, outlier detection and elimination scheme.

The fifth chapter proposes advanced range estimation algorithms for multi-channel ranging in order to
improve the accuracy under real multipath propagation. A high-resolution Multiple Signal Classification (MUSIC)
based range estimator and a learning based Deep Neural Network (DNN) approach are compared to the initial
Inverse Discrete Fourier Transform (IDFT) based range estimator. Algorithms are compared on simulated data and
on real field trial measurements.
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"It is of great advantage to the student of any subject to read the original memoirs on that
subject, for science is always most completely assimilated when it is in the nascent state..."

— James Clerk Maxwell (1831 — 1879)
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1.1. PHILOSOPHY OF LPWA NETWORKS

THIS chapter motivates the need for a positioning functionality for Low Power Wide Area (LPWA) networks and
states some typical use cases. In the following, the basic principles of communication within these networks
are introduced and existing LPWA solutions and standards are presented. Further, an overview on radio based
localization techniques and the underlying metrics is given. Finally, LPWA positioning solutions and emerging
candidates are reviewed.

1.1 PHILosoPHY OF LPWA NETWORKS

Since the early days of wireless communication, research and development focuses on how the quality of
service for users can be improved. The standardization of global mobile communication services has focused
much on increasing data rate, reliability and coverage during the last generations (Second Generation to Fourth
Generation). With the advent of the Fifth Generation (5G) of mobile wireless communications not only user to user
communication but also inter-machine communications are in the focus of study [Pal+16]. This concept, called
Internet of Things (IoT) aims to connecting everyday-life objects to the Internet, allowing interaction with users
or other machines and objects. A majority of these objects is either mobile or dispatched on large areas, requiring
wireless communication. Wireless technologies addressing these requirements are called and grouped as LPWA
networks.

Typical applications for LPWA networks include water metering or smoke detectors, where information on
consumption or a possible fire alert is transmitted wirelessly to providers or fire fighters respectively. Other
applications, where the need for georeferenced data is manifest, are environmental or animal behavior monitoring,
parcel tracking or forest fire detection.

During the Second Generation (2G) to Fourth Generation (4G) of wireless communication an increasing number
of users became connected. Studies forecast that the 5G will provide a massive access to connected objects [NGM15].
The data as such, e.g. the temperature recording of a single sensor in the mountains has little value, however it
becomes meaningful for a large number of distributed sensors. Especially when the data is georeferenced [Eff], it
can serve e.g. to detect the risk of avalanches.

Location information can simplify network deployment as illustrated by the application of forest fire detection,
where wireless nodes comprising temperature and gas sensors can be dropped out of an airplane [TKL11]. Once
distributed on the zone of interest, the nodes automatically locate themselves, avoiding a manual place and note the
position procedure. Geo-located alerts enable efficient fire fighter intervention.

Passing information efficiently and rapidly from source to destination is crucial to all communication systems.
The process of routing information from source to destination has to consider the quality of the transmission
channel. This process can be aided by positioning knowledge of neighboring nodes, which then can serve strategies
that optimize data transfer e.g. by geographical routing [BP17].

Besides technical challenges, which come along the advent of IoT solutions, societal and ethical questions
have to be addressed as well. Smart metering applications, aiming at the reduction of water or electrical energy
consumption, face the paradox of consuming resources in order to save resources. The upgrading of existing meters
to enable wireless access consumes resources (e.g. installation, hardware), however it aims at real-time consumption
monitoring to save water or electrical energy.

Concepts on data ownership, privacy and security of the data transmitted by the huge amount of possibly
locatable things have to be reviewed. Particularly when data is traded in business, offering control and
power [Lia+18].

Wireless connected sensor nodes used in wide area monitoring for environmental studies, use rare natural
resources and increase electronic and electromagnetic pollution, i.e. rare earth metals and Electromagnetic
Compatibility (EMC). The whole lifecycle, comprising design, development, production, usage and recycling needs
to be sustainable by following an eco-responsible approach [Uni; LRV11].

1.2 LoNG-RANGE COMMUNICATION

1.2.1 REQUIREMENTS

Communication technologies designated for LPWA use cases typically meet the following
requirements [RKS17]:
e Low-complexity radio transceiver architectures.

e Low-cost devices due to a massive deployment and integration into consumer connected objects.
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FIGURE 1.1 — Requirements for legacy mobile communication networks and LPWA networks, according to [Rot17].
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FIGURE 1.2 — Typical link budget for a transmission between a node and a base station, considering the SRD 868 MHz band, Friis
law and a 4km distance in a LPWA network.

e Low-power consumption for autonomous battery powered operation over several years without space for
large batteries and the possibility for their replacement if devices are e.g. sealed.

e Low-payload size communication as most objects only transmit a few sensor values.
e Long-range communication capability to cover large areas with sparse base station density.
These requirements are not met by legacy mobile communication technologies, which provide low latency

and high data rate communication at a trade-off of massive access, complexity, cost, power consumption and
communication range as depicted in Figure 1.1.

1.2.1.1 PriNcIPLES OF COMMUNICATION

In order to explain the strategies to achieve long-range communication, basic principles of communication are
explained according to [Rot17].

Considering a wireless sensor node transmitting data to a base station as illustrated in Figure 1.2, average
transmit power Py and average received power Pr can be linked to the range d between node and base station
by the Friis formula [Fri46] for Line of Sight (LoS) communication

Aw )2
Pr = PG¢Gr (m) ’ (1~1)

with transmit G; and receive Gy antenna gain and wavelength Ay. Assuming wavelength and antenna gains to be
fixed, power and range are linked as follows Py = CgP;/d>.

For achieving long-range communication, either transmission power needs to be increased or receivers must
be capable of receiving at low levels of received power. Choosing arbitrary high levels of transmit power conflicts
with the requirement for low-power consumption and radio regulation. Hence, focus lies on methods for lowering
the minimum required received power in order to enable long-range communication.
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The receiver disposes of the bit energy defined by the received signal power Pr and the bit duration Tj,. The
energy available to achieve demodulation and information extraction is given by

P

with data rate R = 1/Tj,.
In addition, electronic systems experience thermal noise [Loy99]. For a receiver bandwidth B, the thermal noise
power is given by
Pn = NyB = kgTempB, (1.3)
with noise spectral density Ny, which is proportional to the Boltzmann constant kg (equal to

1.3806 - 1023 Joules - K1) and ambient system temperature Temp in Kelvin.
At the receiver side the Signal to Noise Ratio (SNR) is defined by

E R
SNR = Ir — PR

= b 1.4
Pn  NpB (L4)

In order to achieve communication with a specified level of error, a minimum Signal to Noise Ratio SNR;, is
required which can be linked to a required minimal received power, called receiver sensitivity

Preq = SNRpinNgB. (1.5)

As technically usual and in order to deal with very small and large values at the same time, quantities are expressed
on a logarithmic scale. The measure in decibels (dB) is defined as 10 times the base-10 logarithm. Received power
can be given in decibels by

dB
(Preq) ™ = (SNRpyin) ™® + (1010g10 (NO : 103)) "+ (1010gyq (B) ™. (1.6)

Due to imperfect receivers, which add a supplementary noise, the minimum required received power is rewritten
with the noise figure Ng

dBm
(Preq) ™™ = (SNRmin)® + (1010819 (No - 10%) )™ + (1010g1 (B))®* + (Ng) . (1.7)

Typical receiver architectures [Loy99] achieve noise figures between 1dB and 15 dB and 101og; <No . 103) is taken

equal to —174 dBm/Hz at Temp ~ 290K (~ 17°C).
Considering (1.4), the SNR can be rewritten as

SNR = —by, (1.8)

where 7 = R/B defines the spectral efficiency.
Finally, the minimum required received power can be rewritten with (1.7) and (1.8) as

E dB
(Preq) ™™ = (ﬁ;) +101ogy (7) +10log;q (Np - 10%) + 101ogyq (B) + (Ng)®®
req

E dB
= (—b) +101logy <N0 - 103) +10log;o (R) + (Ng)®B. (1.9)
No req

Long-range communication can be achieved by maximizing the link budget defined by
(L)dB _ (Pt)dBm_ (Preq)dBm~ (1.10)

While transmit power is limited due to legislation, three possible strategies exist in order to attain low levels of
receiver sensitivity:

e Decrease required bit energy to noise spectral power ratio (Ep,/ NO)req'
e Decrease spectral noise density N or the noise figure Ng.

e Decrease data rate R.
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FIGURE 1.4 — PSD for spread spectrum modulation, lowering spectral efficiency 17.

Designing transmission techniques that achieve specified error levels at a lower bit energy to noise spectral power
ratio allows optimizing receiver sensitivity [Rot17]. However, due to the fundamental limits of channel capacity
introduced by Claude Shannon [Sha48], bit energy to noise spectral power ratio cannot be arbitrary lowered as the
theoretical limit lies at (Ej, / No)ﬂ]él = —1.59dB. Lowering spectral noise density N or the noise figure Ng requires
optimizing the receiver hardware or decreasing the ambient temperature of the receiver, which is impractical in
LPWA scenarios. Remaining the possibility to attain arbitrary low levels of receiver sensitivity by sufficiently
decreasing data rate R.

Two approaches, both resulting in low levels of receiver sensitivity by lowering data rate are possible.
Narrowband transmission techniques on the one hand and low spectral efficiency approaches on the other are
equivalent concerning receiver sensitivity, however each offers different advantages and inconveniences [Las14;

Sem15].

1.2.1.2 NARROWBAND TRANSMISSION

Firstly, applying narrowband transmission techniques lowers the amount of captured ambient thermal noise
and hence reduces the required minimum received power as depicted in Figure 1.3. In consequence, signals are well
localized in frequency domain. This suffers the inconvenience that very accurate and stable oscillators are needed
as small carrier frequency offsets induce the loss of the signal. Furthermore, in-band interference may equally lead

to a missed reception.

1.2.1.3 Low SPECTRAL EFFICIENCY TRANSMISSION

Secondly, spectral efficiency # can be reduced while keeping a convenient bandwidth. The simplest approach
to lowering spectral efficiency is the repetition of the message to transmit. Techniques that are more complex
apply direct sequence spreading codes, frequency hopping or chirped waveforms [Pro01], resulting in a spectrum
as depicted in Figure 1.4. In all low spectral efficiency methods, the signal duration is increased, as it is the case also
with narrowband transmissions.

For further reading focusing on the aspects of optimized and flexible physical layers for LPWA refer to [Rot17].
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1.2.2 EXISTING TECHNOLOGIES

In the following, a short overview on existing LPWA radio technologies is given. The principles of the
physical layer, Medium Access Control (MAC) protocol specificities and available eco-systems are presented for
each technology.

Sigfox and LoRa technologies are proprietary LPWA technologies operating in the license free Short-Range
Device (SRD) bands of the radio spectrum, whereas Narrow-Band IoT (NB-IoT) is part of the Long Term Evolution
(LTE) standard and hence using the assigned frequency bands.

1.2.2.1 SiGrox

Sigfox is a network service provider for long-range low-power communication dedicated to IoT
applications [Sig]. Sigfox mainly deploys the network infrastructure including base stations and servers, and offers
the services for operating connected devices over the network. Different Sigfox network compatible radio modules
from various chip manufacturers [STM16; Tex16] as well as research prototype transceivers [Lac+17] exist.

The proprietary Sigfox physical layer achieves low levels of receiver sensitivity through the approach of
narrowband and Ultra-Narrow Band (UNB) radio signals. Differential Binary Phase Shift Keying (DBPSK) and
Frequency Shift Keying (FSK) modulation schemes with bit rates between 100 bps and 600 bps are employed.

In general, a Phase Shift Keying (PSK) modulator maps m bits to the alphabet of M =2™"

symbols {@’0,...,§M*1}. Before symbol shaping, the transmit waveform for the modulated symbol
set {&p,...,Ex_1} is given by

K-1
spsk(f) = ) Tk Spulse (t —KTs), (1.11)
k=0

with pulse shape s;,1¢c. Table 1.1 lists the receiver sensitivity for Sigfox compliant communication.

For the purpose of synchronization, a preamble of 4bytes and a Start of Frame Delimiter (SFD) of 2bytes are
transmitted. Payload lengths up to 12 bytes are supported. For bit error detection, a Cyclic Redundancy Check (CRC)
is employed. Together with the data fields for device identification and authentication a packet has the total length
of 26 bytes. Furthermore, a packet is repeated on three different carrier frequencies to ensure correct reception
through frequency diversity. Frequencies for the repetitions are predefined and known to the wireless node and the
base station. As a result, the total time-on-air for a Sigfox compatible packet with a maximum payload length and
a 100 bps bit rate without the three repetitions is

Tair = 26 -8- T, = 2.08s. (1.12)

Due to the duty cycle limitations imposed on the license free SRD bands [CEP18] (typically 1% for the
SRD 868 MHz band), communication is limited to 140 packets per day.

Another issue with UNB communication is Carrier Frequency Offset (CFO). Considering a 100 Hz bit rate Binary
Phase Shift Keying (BPSK) transmission, a relative frequency offset of 1 ppm equal to 868 Hz at 868 MHz carrier
frequency results in the signal being out of the receiver filter. This difficulty is addressed on the protocol level as
explained in the following.

The Sigfox proprietary communication mainly addresses asymmetric network topologies with low capacity
wireless nodes and less restricted base stations. In order to combat CFO, the wireless node always initiates
transmissions. Access to the radio spectrum is granted through a random, Additive Links On-line Hawaii Area
(ALOHA)-like access technique [Sig; Abr70]. Base stations are continuously scanning the whole frequency band
and are capable of receiving wireless packets possibly shifted in frequency due to CFO. If a downlink message
(acknowledge or other) is required, the base station responds after a predefined period following the uplink
communication when the node opens a reception window. In order to ensure that the downlink packet is within
the receive filter of the wireless node, the base station sends its message at the beforehand estimated uplink carrier
frequency, which is possibly different from the nominal defined channel frequency. Due to the long transmission
duration in the order of seconds, CFO time variations are still critical. Typical low-cost oscillators may exhibit
frequency drifts of 50 Hz /s, which is equal to ~ 50 ppb (see Chapter 2.2.1). Consequently, half of the downlink
transmission lies outside the receiver filter. In order to be robust against CFO variations and to keep complexity
of the receiver architecture at a minimum, three receiver paths search for the downlink message in parallel.
One receiver is tuned to the uplink frequency and two to an offset of £50Hz, allowing a decision on the best
match [Lac+17]. Requiring always an uplink message to initiate the communication is certainly a restriction
to certain applications, however this avoids the node to listen periodically for downlink messages by opening a
reception window. Hence, the reception part of the node can remain in a low-power consumption sleep mode
unless a downlink acknowledge after an uplink message is desired.
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1.2.2.2 LoRa

The proprietary LoRa (Long-Range) communication technology has been developed and patented [Sel16] by
Cycleo, which has been taken over by Semtech. The latter is commercializing multiple versions of the radio modem
chip, including node and base station architectures [Sem16; Sem17b]. LoRa based services are offered by various
providers.

Semtech offers radio chips in both, the SRD 868 MHz band [Sem16] as well as for the ISM 2.4 GHz band [Sem17b].
While the principles of the physical layer apply to both, available parametrization differs and hence attainable
receiver sensitivity. The SRD 868 MHz band version offers long-range due to low bandwidths whereas the 2.4 GHz
chip offers a ranging function and higher data rates at the trade-off of degraded sensitivity. The following description
of the physical layer applies to both versions and the MAC is explained based on the historical, already widely
spread SRD 868 MHz band version. Relevant details for the 2.4 GHz chip are reviewed in the context of localization
in Chapter 1.6.1.2 and Chapter 4.3.1.3.

In contrast to the Sigfox technology, LoRa attains low levels of receiver sensitivity through low spectral efficiency
modulation techniques. The waveform is based on the so-called Zadoff-Chu (ZC) sequences [FZH62; Chu72],

mapping m bits to the alphabet of M = 2™ symbols {CO, ..., eM-1 } where symbol time Tg and signal bandwidth B
are linked by

2m M
o= =% (1.13)
Bit rate of the m bit symbol is given by
m m
resulting in the spectral efficiency
R m
=13 = (1.15)
The transmit waveform for the symbol set {¢y,...,¢x_1}, is given by
SLoRa(t) = ) e]2n<f'§k(t 5)) (0 KTs) (1.16)

k=0

The symbol & of the alphabet has a up-chirped waveform with an instantaneous frequency linearly varying in the
interval [-B/2,B/2]

B P B, te o, §Ts)
i(t :——+B(———)+ ) (1.17)
f(;n( ) 2 s M {0/ te {I\Z/ITS' TS) .
Every symbol has also a complementary down-chirped waveform with instantaneous frequency f..(t) = — fgi (1).

Demodulation starts by "de-chirping" the received signal, sampled at Nyquist frequency, with the
complementary basis chirp Z0. After "de-chirping", a signal of constant frequency is obtained

e fa() 4 flo(t) = —B L 4 1O TE L ¥] (1.18)
i~ Jg 20 M’ \B ic %+1,M71].

Performing a Fast Fourier Transform (FFT) on the constant frequency signal results in a peak at frequency f;, from
which the symbol data can be extracted.

The physical layer is highly flexible and scalable due to this modulation technique, allowing to choose between
the two extremes of high data rate and low levels of receiver sensitivity, which is listed in Table 1.1.

For bit error detection, a CRC and for bit error correction, Forward Error Correction (FEC) techniques are
utilized. Time synchronization is achieved by transmitting a preamble of predefined chirps that are used to align
the symbol frames at the receiving side accordingly. A 125kHz bandwidth, a low spectral efficiency with m = 12
and a coding rate of 4/5 result in the packet duration T,;. = 925.7ms for a 6 symbol preamble and a payload
of 12 bytes [Sem16].

CFO is less critical due to wider bandwidths compared to UNB communication. For the LoRa physical layer, CFO
results in the whole chirp sequence being shifted in frequency domain on the transmitter side. As on the receiver
side, baseband signals are sampled at Nyquist frequency, spectral aliasing occurs. Consequently, CFO shifted chirps
appear as time delayed chirps. As a result, time and frequency synchronization are performed jointly and inherently
when synchronizing to a preamble. This type of frequency estimation is limited by the receive filter bandwidth,
which is designed as trade-off between tolerating CFO shifted signals and blocking out-of-band signals.
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Another property of ZC sequences is their orthogonality for different alphabet lengths M [Chu72]. This allows
sharing the same radio spectrum resource (in time and frequency) for simultaneous transmissions, where users can
be separated through alphabets of different length.

Due to the flexibility of the physical layer and the inherent robustness against CFO, symmetric communication
is possible. This gives rise to classical star topologies with multiple wireless nodes connected to a base station,
mesh networks with inter-node communication and mixtures of both approaches to optimize network throughput,
coverage and battery lifetime [OSMD18].

While the LoRa technology offers the possibility to develop application specific custom MAC protocols, an
industrial consortium, called LoRa Alliance [LoR18], drives standardization for the interoperability of devices. This
Long-Range Wide Area Network (LoRaWAN) standard is designed for bi-directional star topologies and addresses
different data rates, security and applications by dividing nodes into three classes (A, B, C), ranging from lowest
power to lowest latency [LoR18]. Uplink messages are send in an ALOHA-type spectrum access while downlink
is possible in defined reception windows after the uplink message (class A). Periodic, beacon aligned downlink
reception windows (class B) or continuous half-duplex reception (class C) allows reducing base station to node
latency at the expense of power consumption. The throughput and scalability of LoRaWAN-based LPWA networks
is studied in [GR17].

Multiple mobile communication providers offer LPWA services based on LoRa technology and LoRaWAN [Obj;
Act]. In parallel, the open source project The Things Network [The], allows joining the public LoRaWAN network
with both nodes and by deploying base stations.

1.2.2.3 NARrRow-BAND IoT

The LTE standard developed by the 3rd Generation Partnership Project (3GPP) working group and commonly
referred to as Fourth Generation (4G) of mobile communication aims to provide higher performance to the user.
Since the Release 12 (2015), besides improving performance, the standard also provides low data rate, low-complexity
and low-power operation modes [3GP15]. These standard compliant modes lead to the Machine to Machine
(M2M) communication solutions called NB-IoT, Extended Coverage GSM (EC-GSM) and enhanced Machine Type
Communication (eMTC) in the Release 13 [3GP16].

In the NB-IoT standard, the downlink uses one LTE resource block with a frame duration of 10ms and
a 180 kHz bandwidth. This Orthogonal Frequency Division Multiple Access (OFDMA) resource block is split
into 12 subcarriers with a 15 kHz spacing. In uplink, multi-tone Single Carrier FDMA (SC-FDMA) and single tone
modulations are used. Sensitivity can be improved by lowering spectral efficiency through repeating the preamble
up to 128 times (see Table 1.1). Transmit power is limited to 20 dBm and 23 dBm to reduce power consumption.

In downlink, OFDMA is used for flexible time/frequency resource allocation. The uplink employs SC-FDMA to
relax the time and frequency synchronization of different users and to limit the Peak to Average Power Ratio (PAPR)
in order to relax Power Amplifier (PA) requirements.

As NB-IoT is part of the LTE standard, transmissions are part of the cellular network. Users of the NB-IoT
standard hence need to subscribe to a telecommunications service provider to use the NB-IoT connectivity in the
licensed frequency spectrum.

1.2.2.4 IEEE 802.15.4x

The Institute of Electrical and Electronics Engineers (IEEE) provides the IEEE 802.15.4k as LPWA specific
amendment to the IEEE 802.15.4 standard, offering extended coverage through lower levels of receiver
sensitivity [IEE13].

The standard specifies both Direct Sequence Spread Spectrum (DSSS) and FSK physical layers, whereby the
DSSS specification provides a link budget up to 145 dBm compared to 94 dBm for FSK.

The DSSS physical layer defines a preamble with up to 4 bytes, a SFD and a payload of maximum 32 bytes. Error
correction is achieved by FEC techniques. The bits are spread with a Gold code of length 2415 = 16...32768
and then BPSK or Quadrature Phase Shift Keying (QPSK) modulated with chip rates between 200kchip/s
and 1000 kchip/s. The minimum transmit power is fixed at —3 dBm, leading to the minimum link budget of 145 dB
with a receiver sensitivity of —148 dBm at a bit rate of 6 bit/s, corresponding to minimum chip rate and maximum
spreading code length for maximum coverage.

The IEEE 802.15.4k is mainly designed for a star network topology. Synchronous and asynchronous operation
as well as a beacon-enabled mode are defined.
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Modulation R B 7| Preq | (Pt)max L || Band MAC
Unit n/a bits-s~1 Hz | bitss 1.Hz~1 | dBm dBm | dB || MHz n/a
Sigfox [Sig] DBPSK 100 100 1| —144 20 | 158 SRD 868 = Star
= ALOHA
® max. payload 12 bytes
® UL: 140 packets per day
® DL: 4 packets per day
Lora 868 [Sem16] CSS 183 125000 15-1073 | —147 14 | 161 SRD 868 = Star/Mesh
= ALOHA
® Full bi-directional
® DL: window, beacon,
continuous
Lora 2400 [Sem17b] CSS 595 203000 29.1073 | —141 14 | 156 SRD 2400 = Star/Mesh
= ALOHA
® Full bi-directional
NB-IoT DL [3GP16] QPSK 234 180000 13-1073 | —146 23 | 170 Licensed = Star
= SC-FDMA/OFDMA
NB-IoT UL [3GP16] BPSK 9 3700 24-1073 | —163 23 | 187 Licensed = Star
= SC-FDMA/OFDMA
Ingenu-RPMA [Ing] DSSS 61 | 1000000 6.1-1075 | —150 20 | 170 || ISM 2400 ® Star/Tree
= CDMA, slotted
Weightless-N [Wei] DBPSK 30 200 0.15 | —150 20 | 170 SRD 868 = Star
= ALOHA
IEEE 802.11.4k [IEE13] DSSS 6 200000 3.107° | —160 -3 | 157 SRD 868, 2400 | = Star
= ALOHA

TABLE 1.1 — LPWA technologies with key system and performance parameters for maximized communication range.

1.2.2.5 OVERVIEW ON LPWA TECHNOLOGIES AND STANDARDS

Besides the most prominent LPWA technologies and standards (LoRa, Sigfox, NB-IoT, IEEE 802.15.4k) several
others such as [Ing; Wei] exist. Table 1.1 gives a non-exhaustive lists on LPWA technologies with key system
and performance parameters. Receiver sensitivity is calculated from (1.9), neglecting the noise figure Ng and
taking (Eb/NO)dB from [Rot17].

req

1.3 TERMINOLOGY FOR LOCALIZATION

Localization describes the process of determining the place or position of an object or subject (see Table 1.2).
A position is always relative with respect to a reference system. Defining the position on the earth can be done

lo-ca-tion [lov'kerfon]
a particular place, especially in relation to other areas, buildings etc.

lo-cate [lou'kert]
to find the exact position of something

lo-cal-iza-tion [lovkelar'zerfon]
process of determining the location of a device

po-si-tion [po'zifon]
the place where someone or something is, especially in relation to other objects and places

po-si-tion [po'zifoniy]
process of a device, determining its position
TABLE 1.2 — Word definitions for Localization from [Lon19].

through the coordinates latitude, longitude and altitude above sea level, compared to localization within a building,
where floor and room numbers allow unambiguous localization. Hence, positioning and geo-referencing describe
the process of obtaining the location or position. These terms are used interchangeable throughout this thesis.

However, sometimes a distinction is made between positioning and localization. Whereby positioning describes
the process of determining the position of oneself, i.e. a device estimates its own position. Localization is this context
entitles the location estimation of a device by the reference system, i.e. the infrastructure.

In technical language, localization has also the meaning of adapting and customizing a product or service to suite
specific requirements for certain locations/regions such as regulation or customer taste. Unless otherwise stated,
this definition of the word localization is not used in the scope of this thesis.

Navigation is the process of guiding a user or object towards a target, possibly on a predefined route. This is
achieved by continuously iterating over the steps of first localizing and secondly providing instructions to follow a
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(a) Positioning/Geolocalization. (b) Navigation. (c) Regional product/service adaptation.

FIGURE 1.5 — Terminology for localization.

route or to attain the target. Therefore localization is required for navigation and the type, quality and constraints
of localization are linked to those of navigation. Figure 1.5 illustrates the different word definitions.

1.4 RaDIO LOCALIZATION PERFORMANCE INDICATORS

Localization performance indicators are used to qualitatively and quantitatively compare different positioning
techniques and to judge on their suitability for a given scenario and application. The main indicators are accuracy
and precision, availability, complexity and the protocol to acquire the necessary measurements as well as power
consumption. These indicators will be introduced in the following and used throughout the thesis to compare the
investigated localization methods and techniques from the state of the art.

1.4.1 ACCURACY AND PRECISION

Providing the location of a user or an object is the result of an estimation process. In general, estimation is based
on the observation of a measurable quantity and a system model, which describes the link between this quantity
and the wanted final quantity. For example, an electronic temperature sensor provides a voltage varying with
temperature. A dedicated model is used to translate voltage to temperature, possibly integrating former temperature
estimates and the fact that temperature changes follow a certain dynamic, which e.g. excludes arbitrary abrupt
variations. The estimated value £ possibly differs from the real value x, due to measurement noise and imperfections
in the observation process.

In order to characterize and quantify the error on a set of K estimated values {£...£x_7} for the set of real
values {x(...xg_1} the following error metrics are used

Error €k =X — xp, (1.19a)

Mean error/Bias 1 K=l

(Accuracy) He = Eq {e} K kgo e, (1.19b)

Variance 2 —FE {(e _ )2} —E {62}*]132{6 }=E {62}7 2 NlKil(e —pe)?

(Precision) e =16k~ He =B\ %k 11¢ks = 1%k He =% = k—He) s
(1.19¢)

RMS error erms = 1/ E1 {ei} =\/02 + 2 (1.19d)

Precision Accuracy

Estimation theory [VT04] provides different approaches to formulate the estimation problem and the
observation model, which will be introduced in Chapter 3.2. All methods aim at extracting the maximum
information from the available observations to obtain the most accurate and precise estimate possible. Accuracy and
precision of estimation with respect to the real value are depicted in Figure 1.6. Accuracy takes into account biases,
such as offsets and systematic errors, while precision is a measure for the statistical spread around the estimation
mean.
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FIGURE 1.6 — Accuracy and precision of an estimate X with respect to the real value x.
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FIGURE 1.7 — Accuracy and precision on the example of position estimation with real position at (0,0) and estimated positions (small
black dots).

Figure 1.7 illustrates combinations of the extremes of accuracy and precision on the example of position
estimation.

Estimation theory further provides tools to determine the absolute theoretical lower bound on precision, given
an observation as well as indications to the existence of an estimator capable of attaining the bound [Kay93].
Among those tools are the so-called Cramer Rao Lower Bound (CRLB) and Ziv Zakai Lower Bound (ZZLB)
which will be introduced in Chapter 3.3. Applied to the field of signal processing and more specifically to radio
signal based localization, these tools indicate the potential of a chosen localization technique from a theoretical
perspective (see Chapter 1.5.3 and Chapter 3.3).

1.4.2 AVAILABILITY AND REFRESH RATE

Performing observations of measurable quantities and applying dedicated signal processing schemes based on
adequate models results in an estimate of the user or object position. Availability and refresh rate of position
estimates depends on the availability and frequency with which observations can be performed and the required
processing time.

While for certain applications a position update every hour is sufficient, others require sub-second refresh rates.
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For packet tracking, an hourly estimate is satisfying to determine if an expected parcel is in the post office or still
in the depot. However, navigation applications such as those based on Global Navigation Satellite System (GNSS)
require regular location updates for continuous real-time navigation instructions.

Further, the more location estimations per time and real position are available, the better methods exploiting
the statistics of these estimates can be applied. If several estimates for one real position are available, techniques
such as averaging or outlier detection and elimination can be applied. This is however hardly feasible in mobile
LPWA applications with radio signal based localization techniques. Periods during which the mobile node remains
stationary are probably shorter than the intervals between transmissions, which are bound by power consumption
and duty cycle requirements (see Chapter 1.4.5 and Chapter 2.1.5).

1.4.3 CoMPLEXITY AND COST

Besides the indicators for the quality of the actual estimated location information, complexity and cost can
equally be used as criteria for comparing different positioning techniques.

Complexity can be split into deployment and hardware complexity on one side and computational complexity
on the other side. Localization techniques can differ in the deployment of a required infrastructure e.g. anchors,
georeferenced points or the creation of maps (see Chapter 1.5.1.4). Complexity on the side of the user or object
to localize can be described by the hardware that needs to be added in order to enable localization functionality.
To illustrate deployment and hardware complexity, the example of forest fire detection (Chapter 1.1) is considered.
Integrating a GNSS module to each wireless temperature sensor node adds more hardware to the device, possibly
increasing its energy consumption. However, from an application point of view, deployment complexity remains
low, as GNSS satellites acting as reference anchors are available and not part of the user specific deployment problem.
From a global system perspective however, GNSS deployment is very complex considering the satellite and the
control segement (see Chapter 1.6.1.5).

LPWA radio signal based localization methods can possibly avoid additional hardware on wireless nodes. Base
stations need to be capable to perform metric extraction for position estimation (see Chapter 1.5.2). Depending
on the hardware compatibility of existing base stations, these can be enhanced with positioning features by
straightforward firmware updates.

Depending on the localization technique, computational complexity can vary a lot, ranging from the simple
estimation of the received signal power (see Chapter 1.5.2.6) to solving complex integer-ambiguity functions, i.e. in
Real-Time Kinematic GPS (RTK-GPS) (see Chapter 1.5.2.8).

Another important, although more commercial, factor is the necessary initial investment and continuous costs
of a positioning system. Launching space vehicles to bring GNSS satellites into orbit is a huge investment and
operating the GNSS control segment produces continuous cost while adding a positioning enabled LPWA base
station to an existing radio telecommunication mast is a manageable effort.

1.4.4 ProTOCOL REQUIREMENTS

Positioning techniques can also be compared under the angle of protocol requirements. In the wider
sense, this includes the necessary steps to obtain the observations that then serve to estimate position.
For example position can be estimated by comparing the current observation to a beforehand acquired
map, e.g. fingerprinting (see Chapter 1.5.1.4) and interfering position from similarity to a specific point. Therefore,
a map must be generated and kept up to date for this purpose. Other methods rely on calibration measurements or
differential measurement methods e.g. RTK-GPS to eliminate unknown offsets.

More specifically for radio signal based localization, the number and type of required packet exchanges is of
interest. Operating in uplink or downlink, synchronized or asynchronous mode, in star or mesh networks will
affect channel occupation and power consumption. Intelligently splitting transmission time between localization
estimation and data transfer [Gha+18] or mutualizing both in RADAR-communication [Sit17], are approaches to
enable massive access required for IoT and to be regulation compliant.

1.4.5 PoweR CONSUMPTION

Power consumption is a critical design parameter for LPWA radio technologies and applications depending on
LPWA connectivity. Main reason for this constraint is the requirement for autonomous battery powered operation
over several years without space for large batteries, the cost for regular battery replacements or the impracticality
for replacement, e.g. for sealed devices.

LPWA radio chipsets and protocols are constantly optimized to consume less power. Likewise, a localization
function has to meet the demands for low-power consumption. GNSS based positioning requires additional
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hardware which increases the power consumption considerably as GNSS chips consume more power than LPWA
chips (see Table 1.3).

H Sleep in pyW | Idle in pyW | Transmission in mW | Reception in mW

Sigfox
Foxy [Lac+17] 0.50 1.50 | 10.0dBm 79.20 14.52
Si4461 [Sil16] 0.20 5.90 | 14.0dBm 122.10 45.21
S2_LP [STM16] 3.00 1050.00 | 14.0dBm 57.00 2.40
CC1125 [Tex16] 3.00 3900.00 | 14.0dBm 141.00 78.00
LoRa
S$X1276 [Sem16] 3.30 5940.00 | 14.0dBm 92.40 39.60
20.0 dBm 396.00

S$X1280 [Sem17b] 5.90 3960.00 | 12.5dBm 79.20 27.06
GNSS

typ.: 105.00
NEO-MSP [Ubl] n/a pe?:ﬁc 201,00

TABLE 1.3 — Typical power consumption for LPWA and GNSS chip sets.

LPWA radio signal based localization potentially offers the opportunity to add positioning without additional
power consumption, as radio signals are simultaneously used for both, data transfer and localization.

The number of packet exchanges and computational complexity and hence power consumption may vary
depending on the application specific refresh rate, the localization technique (see Chapter 1.5) and the underlying
ranging metrics (see Chapter 1.5.2).

Besides power consumption on the (battery autonomous) node to be localized, power consumption on the
infrastructure, including base stations and servers, needs to be considered, especially in a holistic approach and
from an eco-conception perspective.

1.5 LOCALIZATION TECHNIQUES

In this section, fundamental localization principles and models are explained. Following this description of
how observations are linked to position, an overview on localization metrics extractable from observation is given
in Chapter 1.5.2. The quality of extracted metrics as well as the localization scenario itself influences the quality
of the estimated position. This fundamental dependency is studied in Chapter 1.5.3 and provides a methodology
for comparing localization performance, especially accuracy and precision. Finally, existing LPWA localization
solutions, including their strengths and weaknesses are presented in Chapter 1.6.1 as well as a review on techniques
possibly providing higher accuracy and precision for LPWA positioning is given in Chapter 1.6.2.

1.5.1 FUNDAMENTAL LOCALIZATION PRINCIPLES

Localization can be performed in two or three dimensions in space. While airplane localization relies on
three-dimensional positioning, localizing for ships can be restricted to two dimensions. Principles are introduced
with the general case of three-dimensional localization, while examples are given for the two-dimensional case in
order to simplify the presentation. In the present work, the hypothesis is made, that LPWA localization focuses
on two-dimensional localization because most applications are ground based and hence require only horizontal
location information. However, in mountainous regions, three-dimensional localization might be necessary in order
to obtain correct three-dimensional location estimates.

1.5.1.1 TRILATERATION
Circular

A classical approach to determine position is based on measuring the distance to reference points, anchors, of
known location. Each distance measurement allows drawing a sphere around the corresponding anchor with radius
equal to the measured distance. A minimum of four anchors is needed theoretically, so that there is only one unique
intersection point, which corresponds to the position to be determined.

Figure 1.8a visualizes the localization scenario for the two-dimensional case, where spheres reduce to circles
and a minimum of three anchors is needed for unique intersection.
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F1GURE 1.8 — Circular trilateration in two dimensions.

In order to formalize the general three dimensional case, Kgg anchors at position (x;,y;,z;) are considered.
For mathematical traceability and without loss of generality, the coordinate systems origin is chosen to be at
anchor 0 (xg,y9,z9) = (0,0,0). The node whose position (x;,yy,zy) is to be determined and the anchors/base
stations are depicted in Figure 1.8a. The known distances d; ) from anchor i to anchor 0 can be expressed (in three

dimensions) by
dig =[x +y? +22. (1.20)

Equally the measured or estimated distances d,, ; from node u to anchor i are given by

B =\ (e — )2+ (= 9i)? + (2 — )2, (1.21)

After reformulation, the following equation relates anchor positions, known and estimated distances to the
unknown node position

—2(xux; + yuy; + zuz;) = di,i - d%:,o - d%o. (1.22)

For an unique solution, four distance estimations are required leading to the set of three equations in matrix
form

2 2 2
X1 | Z1 du,l - du,O - dl,O
Xy :
_ — 2 2 2
21y Yi z; Yu | = d i~ 0~ ’ (1.23)
Zu
2 2 2
YKps—1 YKps—1 ZKpg—1 Dy Kgs—1 ~ B0 ~ kg —1,0
or in short form
—2Xx, =d, (1.24)

where X holds all the information about the anchor placement, d the estimated ranges and x;,;, = [xy, yu zu]T is the
coordinate vector of the node whose position is to be determined.
This linear equation can be solved e.g. with a linear least squares approach given in Chapter 1.5.4

x= —% (XTX> “xTa, (1.25)

Considering estimation errors on the measured distances results in a localization error as depicted in Figure 1.8b.
The theoretical positioning precision bounds for given anchor deployment and range estimation errors are studied
in Chapter 1.5.3.
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FIGURE 1.9 — Hyperbolic trilateration in two dimensions.
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Hyperbolic

In certain cases, node to anchor distance is not accessible but only the difference of distance of the node to two
anchors is observable. An illustrative example is the underwater localization of whales that are communicating
with peers via acoustic signals [Sim+06]. Detecting the difference of arrival of these acoustic signals at multiple
synchronized anchors and knowing the acoustic propagation speed in water allows measuring the difference in
distance between a whale and two anchors. As a result, possible positions in two dimensions lie on a hyperbole as
depicted in Figure 1.9. Again, similar to circular trilateration, the intersection of sufficient hyperboloids (in three
dimensions) gives a unique estimated position.

The measurable distance differences of a node with unknown position (xy,yu.z4) at the anchor i of
position (x;,y;,z;) and the anchor k of position (x;,y;,z;) are expressed as

Ady ik = \/(xu — )2+ (yu — yi)? + (zu — 2)% — \/(xu —xg)? 4 (yu — yp)? + (z2u — )% (1.26)

This set of equations is non-linear and a least squares closed-form solution is given by [SA87]. Location solving
algorithms are outlined in Chapter 1.5.4.

1.5.1.2 TRIANGULATION

Instead of measuring distances to reference points, triangulation is based on estimating position by measured
angles between the node and the anchors with respect to a reference direction. Historically, maritime navigation has
relied on this type of position estimation with the help of a sextant to measure angles [Enc]. Figure 1.10 illustrates
the basic scenario for angular based positioning. For three-dimensional localization, azimuth and polar angles are
defined with respect to the x-axis and the z-axis respectively.
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2 Base station
e Node

FIGURE 1.11 — Hybrid localization: Ranging as well as azimuth angle in two dimensions.

Measurable azimuth az; and polar pol; angles are linked to node (xy,yu,z4) and anchor i (x;,y;,z;) coordinates by

Azimuth tan (az;) = u, (1.27a)
Xy — Xj

Zu — Zj

Polar cos (pol;) = .
TG )2+ = i+ oz

(1.27b)

In order to obtain a position in three-dimensional space, at least two anchors are necessary to obtain an
intersection of at least two direction vectors defined by azimuth, polar angles and anchor position.

1.5.1.3 HYBRID LOCALIZATION

Instead of exclusively relying on distance or angle measurements, a combination of these two approaches is
possible which leads to the so-called hybrid localization. Measuring azimuth and polar angle as well as the distance
from one anchor to the node is sufficient to get its position relative to the anchor. The principle is depicted in
Figure 1.11. Typical applications are airplane surveillance Radio Detection and Ranging (RADAR) systems that
measure angles with mechanically and electronically steered antennas. Distance is measured from the radio wave
echo reflected from the airplane, allowing its position estimation.

1.5.1.4 FINGERPRINTING

Airplanes are usually in Line of Sight (LoS) to ground based positioning systems and hence accurate angle
and distance estimates can be obtained for geometric localization. However, many applications exist where these
estimates are strongly biased and noisy. Localizing oneself in the streets of a city by estimating the distance to
distinctive points of known location such as churches or skyscrapers is challenging as these points might not be in
LoS. Instead of geometric positioning, an approach that infers location based on the similarity of observed features
to a given map, the so-called fingerprinting, is used. Regarding the example of localizing oneself in a city, the
fingerprinting analogy is given as follows. In order to determine position in an urban environment, street names,
prominent buildings and other features are observed. Searching and finding them on a street map results in position
information.

This principle can be generalized to any type of observable that varies with position. Depending on the scenario,
a sufficient large set of observations is necessary for precise localization, e.g. two street names are required to
determine the intersection and hence position. This approach further needs the construction of maps from which
position is estimated by similarity. The construction of these maps is based on the collection of large sets of
georeferenced observations. Besides the complexity for map construction, updating the latter is equally necessary
as the environment changes and hence observables too.

A standard algorithm for fingerprinting is the k-Nearest Neighbors (kNN) algorithm [JABW18].

1.5.2 OVERVIEW ON LOCALIZATION METRICS

Localization techniques are based on distance or angle estimates or other observations that carry information
about the nodes position as explained in Chapter 1.5.1. These observations are in return extracted from primary
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FIGURE 1.12 — Overview on localization metrics with a strong focus on radio signal based metrics.

metrics that are called localization metrics in the following. An overview on available localization metrics with a
focus towards LPWA localization is given in the following.

Figure 1.12 classifies localization metrics extractable from radio transmissions as well as non-radio metrics.

1.5.2.1 OpTICAL

Optical localization can be split into camera i.e. vision based localization and optical based localization
techniques that are based measuring the propagation delay of emitted light pulses. Analog to RADAR, light based
positioning techniques are called Light Detection and Ranging (LIDAR). It is hence a type of radio signal based
localization metric. However, in contrast to classical radio localization techniques, light based methods only extract
information from amplitude i.e. intensity variations. With regard to LPWA localization this requires additional
hardware i.e. a light source and an optical sensors, hence it can also be classified as non-radio metric [Zhu+18].

Earth-moon distance measurements with laser beams pointing to a mirror setup on the moon, are a prominent
example of LIDAR. Recently, LIDAR systems are integrated for vehicular localization [HFJK19; dBLD19]. Due to the
properties of light propagation, visible LoS condition is required for LIDAR operation. Regarding LPWA localization,
LIDAR are unlikely be integrated into nodes, however it is possible to address the problem of inter-base station
synchronization with optical links.

1.5.2.2 INERTIAL

Inertial positioning is based on accelerometers that capture acceleration. Acceleration a(t) is linked to
position x(t) by double integration

() =a(t),
x(tg) =, (1.28)
x(tg) ==xp

Positioning by inertial methods provides relative information to a given initial position x( and absolute position
can only be obtained with a prior knowledge of this initial position x(. Inertial localization consequently focuses
on navigation applications. Inertial navigation does not require an infrastructure of georeferenced anchors as only
the starting point x( and the initial velocity vy need to be known for absolute positioning. Major drawbacks of the
double integration are large location errors due to biases in the estimated accelerations. To combat this, sophisticated
calibration steps are necessary [Gro13]. Inertial navigation, providing good short-term position estimates, is often
combined with other modalities to keep long-term errors to a minimum. For indoor navigation, algorithms might
take floor plans of the building into account to constrain the positions [ZVL17]. In vehicular localization GNSS,
inertial localization information and street map constaints are fused to obtain e.g. precise location in tunnels where
GNSS is temporarily not available (dead reckoning) [KH06; Gro13].
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1.5.2.3 MAGNETIC

Magnetic localization takes advantage of distortions in the earth magnetic field inside buildings to localize.
Concrete reinforcement of walls and floors results in modifications of the magnetic field which can be used in a
mapping step to construct magnetic maps for fingerprinting based indoor localization [Ang+12]. Typical localization
precisions are ~ 5m [MS15] which can be degraded by moving metal objects such as lifts. This localization modality
is usually fused with e.g. inertial positioning, both available on modern smart-phones, for accurate pedestrian
navigation [Ash+13] or to provide initialization information for the orientation of a device [VFF19].

1.5.2.4 AcousTIC

A prominent example for acoustic localization is the rule of thumb for determining the distance of a
thunderstorm [Enc12]

"Count the seconds between the lightning strike and the thunder. Dividing the seconds
by three results in the distance of the thunderstorm from the observer in kilometers."

The principle behind this rule of thumb is the difference in propagation speed for electromagnetic and acoustic
waves. While electromagnetic waves, hence the lightning, propagate at ¢(, acoustic waves propagate at the much
lower speed cgyung @s listed in Table 1.4. The rule of thumb results from the simplification and hypothesis that

Electromagnetic Acoustic

cpinm/s | cgoung in m/s at 20°C

Vacuum 299792 458 n/a
Air 299700 000 343
Water 225000000 1480

TABLE 1.4 — Propagation speed of light and sound in different media.

the lightning is instantly and its propagation time is neglected. The most prominent field of acoustic localization
is underwater maritime positioning [Sim+06] where electromagnetic waves suffer extensively high propagation
attenuations and make RADAR based localization techniques impractical [Jim+16].

1.5.2.5 INTRODUCTION TO RADIO LOCALIZATION METRICS

Radio transmission based localization metrics offer the advantage that they can possibly be added and integrated
to existing communications systems. Hence position information becomes available without the necessity to add a
further sensor e.g. accelerometer or microphone. Therefore, radio based positioning is interesting in terms of system
complexity and cost, which are critical to LPWA localization.

As illustrated in Figure 1.12 radio based metrics can be separated into the two main groups of link and signal
based metrics. A comprehensive survey of localization, tracking and navigation technologies for networks is given
in [Lao+18]

Link metrics such as connectivity and packet error rate are obtained on the link level and serve to obtain
a rough position estimate. Connectivity to a base station of known location can be used to conclude, that the
wireless node is near the base station. Vicinity is hereby defined by the coverage of a communication system. LoS
propagation to a faraway base station and blockage to a nearby base station due to e.g. buildings, create significant
estimation errors and illustrate the limitation of such a simple localization metric. In meshed networks, algorithms
such as DV-Hop [NNO01] or the Centroid algorithm [He+03] allow to localize with connectivity metrics.

While link metrics are directly accessible when wireless communication is performed, the localization accuracy
is in the order of magnitude of the node to base station distance. For a sparse LPWA base station density, aimed to
reduce deployment effort and cost, link metric based positioning will only provide kilometer-level precision.

Signal metrics rest upon the idea to measure the impact, which the radio propagation channel has on the
transmitted signal. Main hypothesis herby is the variation of the propagation channel with node and base station
position.

A radio signal can be varied in amplitude, time, phase, and any combination of these. While time and phase
modifications by the radio channel are equivalent as they both arise from time delays, they are regarded separately
in the following classification.
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1.5.2.6 AMPLITUDE

Signal amplitude A and signal power Pr are exchangeable as linked by

(1.29)

with system impedance Z.

Considering free-space propagation between the wireless node and the base station, received power Pr depends
on distance according to Friis law [Fri46] given in (1.1).

Assuming transmit power P, transmitter G; and receiver Gy antenna gain as well as carrier wavelength Ay to
be invariant, they can be summarized in constant Cg; as

d -2

Py = Cqd ™2 = Cyo (7> , (1.30)
do

with Cgy9 = Catd 2 the received power at the reference distance dy. In logarithmic scale, received power and

distance are linked by

(Pr) ™ = (C0) ™ — 20 1ogy (di) : (131)
0

For known transmit power, antenna gains and a given carrier frequency i.e. known constant C, distance can be
deduced directly from received power

<_ (Pr)dBm*(csto)dBm )
20

d=dy10 (1.32)

If transmit power P and hence Cg; are not known to the receiver, a so-called Received Signal Strength Difference
(RSSD) or Power Difference of Arrival (PowDoA) technique, not to be confused with Phase Difference of Arrival
(PDoA), can be applied. Measuring the received power Pr; and Pr; at two base stations i and k and calculating
the PowDoA (Pri)dBm - (Prk)dBm of known position, allows to establish the distance ratio d;/d; [Guo+11; JWI11;
NCAC18].

The received signal strength metric is available on most communication systems, which provide it as Received
Signal Strength Indicator (RSSI). Besides indicating communication quality, it can be used to notify the transmitter
to increase transmission power. While integrated into almost all digital wireless radio transceiver chips, the RSSI
does not provide accurate positioning estimates due to the following reasons:

e Multipath propagation channels.

e Precision degrades with node to base station or inter-node distance and due to measurement noise.

Free-space propagation assumed for Friis law in (1.1) only applies in approximation to inter-satellite
and earth-satellite communication. However, the free-space condition is in general not given in terrestrial
communication scenarios, where multipath reflections result in constructive or destructive signal interference.

As a rule of thumb, 60% of the 15t Fresnel zone need to be free from obstruction so that there is no additional
attenuation [McL97].

These Fresnel zones are ellipsoid volumes between the two communicating nodes with the antennas in the
ellipsoid foci as illustrated in Figure 1.13.

The k™ Fresnel zone is defined as the volume in which the distance difference between the direct and the once
reflected path is in the interval [(k — 1)Aw, kAw]. The radius Rpyegnel k Of the k™ Fresnel zone with distance dq, dy
to the nodes can be calculated approximately (derivation in Appendix A) by

[kAwdqd
Reresnel k ~ dlw—l—ldzz' (1.33)

Fresnel zone radius in the center between the two nodes i.e. d; = dj is given in Table 1.5 for the SRD 868 MHz band
and ISM 2.4 GHz band as

kAwd
RFresnel,k ~ 5 - (1.34)

For scenarios where this condition does not hold, i.e. in multipath propagation channels, empirical channel
models are used, such as the Hata model [Hat80] for urban scenarios. These so-called log-normal models are given

by
d
(Pe)9B™ = (Cyp0) B — 1077 logy (%) + (Channel) ™ (1.35)
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FIGURE 1.13 — The first three Fresnel zones for radio signal propagation.

Fresnel zone radius Rg,qgne)  in M

f 868 MHz 24GHz

k| 2d | 10m | 100m | 3km | 5km || 10m | 100m | 3km | 5km

1 0.9 2.9 16.1 20.8 0.6 1.8 9.7 12.5
2 1.3 4.2 22.8 | 294 0.8 2.5 13.7 | 17.7
3 1.6 5.1 27.9 | 36.0 1.0 3.1 16.8 | 21.7

TABLE 1.5 — Center Fresnel zone radius of two nodes at distance 2d.

with path loss exponent y and Cgg = Cg¢d,, 7L On average, received power decreases logarithmical with distance.
In addition, to model actual received power, shadowing and small-scale fading effects are approximated with a

dB
. . dB . 2
zero-mean Gaussian random variable (rncpanner)” of variance <0Charmel> .

Performing an RSSI measurement is an estimation process where real received signal strength and estimated
RSSI are linked by

(B)™" = ()™ + (pssn) ™, (136

dB
with Gaussian distributed measurement noise (nRSSI)dB of variance (UI2<SSI) .

From (1.36) the theoretical lower bound on the distance standard deviation is given by the CRLB (derivation in

Appendix B.1) as
-~ dIn10 5 >
Var () = (Tm) V/%annet * TRssr (1.37)

From (1.37) it can be concluded, that the minimum achievable precision for RSSI based range estimation depends
on the actual range.

For numerical evaluation of (1.37), empirical path loss model values v and o nnel are taken from an existing
LPWA deployment scenario [Wd15]. It is assumed that the RSSI readings provided by the radio receiver have a
standard deviation of (‘TRSSI)dB = 1dB. The theoretical range estimation error lower bound is given in Table 1.6.

This illustrates the fundamental dilemma of RSSI based ranging and therefore RSSI based trilateration
localization (see Chapter 1.5.1.1) with long-range LPWA networks. Utilizing RSSI measurements for localization
remains however interesting due to its implementation simplicity. Fingerprinting techniques can possibly provide
more precise and accurate location estimates, as they associate a RSSI measurement directly to a position based on
the similarity of previously recorded geo-referenced RSSI measurements.

1.5.2.7 TiME

While signal amplitude decreases with distance due to attenuation, signals are delayed in time as electromagnetic
waves propagate at the finite speed of light cy. Compared to acoustic wave propagation at ¢y, 4> €lectromagnetic
signal delays are much shorter as listed in Table 1.7. Measuring the delay 7 of a wireless transmitted message allows
to calculate the distance d between transmitter and receiver by

d=coT. (1.38)
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Shadowing and .
. Distance error
small-scale fading .
Pathloss normalized to real
exponent standard .

P TL | deviation o(y e in distance v Var (d>

dB d
Free-space theoretical 2.00 0 0.12
Free-space realistic 2.00 3.00 0.36
Hata suburban [Hat80] 4.00 6.00 0.35
LoRa suburban [Wd15] 2.55 8.48 0.77

TABLE 1.6 — Range estimation error CRLB for RSSI based range estimation according to a log-normal path loss model.
Electromagnetic Acoustic

Tat (cp)uir in's | Tat (Cgound)yir N5 at20°C ‘ T at (Csound )water 10 at 20°C

lem 33.4-10712 29.2-107° 6.8-107°

Im 33-107° 29-1073 675.7 1070

1km 33-107° 29 675.7-1073

TABLE 1.7 — Delay of light/radio and sound waves for different ranges.

‘ PREAMBLE ‘SFD‘ HEADER ‘ PAYLOAD DATA ‘

Synchronization Data

FIGURE 1.14 — Typical wireless packet structure, comprising both synchronization and data.

Time of Arrival (ToA) Estimation

[T1,Ry]

In order to measure the propagation delay 7 , the transmitter adds a time stamp to the packet to send.

This time stamp represents the Time of Departure (ToD) tgﬂ when the packet was sent from transmitter T;. At
[Ro]
t

corresponds to the propagation delay 7[T1:Ra] and the distance d{T1/R2] between the nodes

dlfiRel — ¢ (tﬁzz} - tgl]) = (t][jm +rllRal tgﬂ> = ¢rlTiRel, (1.39)

the receiving side at receiver R, the time of packet reception i.e. the ToA is recorded. The time difference

Additional delays, such the time between adding the transmission time stamp and actually sending the packet and
radio frequency delays in the antenna cables are assumed constant or controllable and can be encountered for in a
calibration step.

The process of determining the time of packet reception is generally called synchronization in communication
systems. Wired communication systems, such as Peripheral Component Interconnect (PCI) or Serial Peripheral
Interface (SPI) buses, use dedicated clock lines to share a common time reference. This mutual clock ensures that the
receiver reads data lines at time instances when transmitted signals are valid. In wireless communication systems, no
such common clock is available and synchronization is part of each data transfer. In general, packets are composed
of a synchronization and a data part as depicted in Figure 1.14. The receiver searches for the preamble, a predefined
sequence known to both, transmitter and receiver. This sequence is used to align the receiver clock so that it is
synchronized with the following data part of the received packet. A SFD indicates the end of the preamble for clock
synchronization and the start of the data part. Synchronization can be achieved by correlating the received signal r
with the known preamble s of length Toreamble

T,

preamble

Qo) = [ rly+Ds5dr. (1.40)
0
The time shift corresponding to the maximum of the correlator output yields the ToA estimation

ta = argmax | Qs (1)] . (1.41)
t
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FIGURE 1.15 — ToA estimation illustrated on a root-raised cosine BPSK signal.

Due to this synchronization process, the receiver holds the estimated ToA f, of the received packet, which is
required for a propagation delay measurement according to (1.39).

Figure 1.15a illustrates a BPSK preamble of 128 bits. For a bit rate of 100 bit/s, symbols have sharp edges and ToA
detection can be more precise than for a lower symbol rate of 10bit/s in Figure 1.15b. This is due to the width of the
correlation peak, directly linked to bit duration. Further, noise blurs the exact maximum of symbols and degrades
precise ToA estimation as illustrated in Figure 1.15c. Intuitively, ToA precision depends invers proportional on
signal bandwidth for resolution and available symbol energy for averaging noise. For a delayed signal in Additive
White Gaussian Noise (AWGN) n

r(f) =sg(t— 1) +n(t), (1.42)

the lowest achievable ToA precision is given by the theoretical CRLB (see full derivation in Appendix B.2)

‘/Var t 1.43
A 2 ES BI%MS ( )

where the symbol energy to noise spectral density ratio Eq/N; accounts for the sequence used for ToA
estimation, i.e. the whole preamble sequence. The Root Mean Square (RMS) bandwidth is given by

T £215000) 2 af
BRMS = | —o5

I 1S0(f)12df

—0o0

(1.44)

where S (f) represents the spectrum of the baseband waveform sj,.
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(a) One-way protocol for synchronized nodes. (b) Two-way protocol for unsynchronized
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FIGURE 1.16 — ToA based ranging protocol.

Synchronized Nodes, One-Way

Transmit time stamp and receive time stamp obtained from ToA estimation can only be used in (1.39) to obtain
node distance if they are in a common time reference. This requires that transmitting and receiving node share the
exact time reference as depicted in Figure 1.16a. In mono-static RADAR systems [Sko90], where transmitter and
receiver are co-located and share a common clock, ToA estimation can be directly translated to radar-target range d
by

~ Fa—t
d= co%, (1.45)

with one ToA estimation f, and the known ToD tpy. The precision limit improves compared to pure ToA estimation

by

Var (E) = Varz(tA), (1.46)

due to the division by 2 in (1.45) accounting for the round-trip delay between the radar and the target.

Unsynchronized Nodes, Two-Way

When transmitter and receiver are separated and do not share a common clock, time synchronization needs
to be established in the range estimation protocol. Considering a time-offset ¢, between the clocks of node 1 and
node 2 according to Figure 1.16b the ToA estimation is given by

dlTiRa] — ¢ <t1[§2} - t[gﬂ> = <t][3T1] +rlTiRe) g — tgﬂ) = c (MRl 1) (1.47)

The propagation delay [T1.R2] cannot be derived from the time stamp tl[)T 1 and ToA estimation .2/ as time-offset to

is arbitrary and unknown. This time-offset f; can be eliminated in a two-way packet exchange where node 2
responds with a packet to node 1 as depicted in Figure 1.16b

dlTuRe) — 4(ToRe] — %0 thfﬂ _ t][DTﬂ) _ (t][sz] _ tgfz])}

= %0 thﬂ +7lTLRe] _ to) + (tgl] +7lTRe] 4 to) - (tl[)TZ] —i—tgl])}

=CQT. (148)

In practice, node 1 measures the Time of Flight (ToF) t/g[Rﬂ - t][DT 1) and the response time t][)Tﬂ - t/g[Rz} of node 2

is considered to be known to node 1. The precision limit is given by the average of two ToA estimates and evaluates
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FIGURE 1.17 — TDoA based ranging protocol.
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Independent clocks on node 1 and node 2 do not only introduced time-offsets but also different clock frequencies.
These are result of hardware imperfections and their influence on radio signal based ranging estimation methods
will be investigated in Chapter 3.2.

Differential, Time Difference of Arrival (TDoA)

Two-way packet exchanges allowing the elimination to unknown time-offset t; might be unfeasible in a given
application. Considering circular trilateration, one two-way exchange needs to be performed for each base station.
For two-dimensional positioning, at least three two-way exchanges are required. As a result, in order to obtain one
position estimate, six packets must be exchanged. Further, node and base stations must operate in bi-directional
mode.

In LPWA networks, wireless nodes are often transmitter only. To comply with this requirement, TDoA
measurements can be performed on a single uplink packet only. For two time synchronized base stations (i, k)
that receive the same uplink packet from a node the two ToA measurements are given by

tl[f,-} _ t][DTﬂ +7lTUR 4 g, (1.50a)
tl[fk] _ t][DTﬂ 4 TR 4, (1.50b)

where f( accounts for the fact that the node is not synchronized with the base stations, as depicted in Figure 1.17a.
The difference of these two ToA estimates is given by

AT[ATl] _ t&fk} _ tz[fi] _ T[Tlka] _ T[Tl,Ri}, (1.51)

where the unknown #; cancels. This time difference multiplied by the speed of light ¢( translates to a range
difference. All possible node positions satisfying this range difference lie on a hyperbola between base station i
and k given by (1.26). Unique position can be estimated based on at least three TDoA estimates using a hyperbolic
trilateration approach. The approach can equally be inversed, where the base stations transmit beacon messages
and position estimation is done in downlink, e.g. GNSS localization. The precision limit of a TDoA range difference
is given by the sum of the variances of two independent ToA estimates as

\/Var (8d) = CO\/Var (?g[Rﬂ) + Var <§[Rﬂ> = Vg Var (3), (1.52)

assuming equal variance for both ToA estimates.

Time synchronization of base stations required for TDoA estimation can be achieved using synchronization over
the network backbone or by adding a GNSS module on the base station e.g. [LoR18] where power consumption and
integration constraints are less restrictive than on a wireless sensor node. Moreover, base station synchronization
can also be performed by using a reference node of known location e.g. [PSSV09a; Sch11]. Such a reference node
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will allow aligning the base station clocks as illustrated in Figure 1.17b. In addition to the Time Difference of
Arrivals (TDoAs) of the node of unknown position, the set of TDoAs of the reference node are available

Node of unknown position tgl’Ri] = tgﬂ + TRl t([)Ri], (1.53a)

T1,R T R
R I TR R (1.53b)
Reference node of known position tgz’R"} = tgﬂ + T2 Ri] 4 t([)Ri], (1.53¢)

T5,R T R
(TR _ ([To) oy (T Rl f[Re] (1.53d)

Unknown base station time-offsets t([)Ri] and t([)Rk] can be cancelled by calculating the double TDoA
AAT, = AT — AT
_ (t[Tlka] _ t[Teri]) _ (t[Terk] _ t[TZ/Ri])
A A A A

- (T[Tlka] _ T[TlfRi]) _ (T[Terk] _ T[TZ/Ri]) , (1.54)

The TDoA 7!T2-Rk] — £[T2.Ri] s known due to known reference node position with respect to the base stations and
hence the problem reduces to hyperbolic TDoA. The accuracy and precision with which the ToAs of the reference
node can be estimated will directly affect the quality of base station synchronization and hence the quality of
estimating the position of the unknown node. The precision limit is given by the double-difference of four ToA

estimates
\/ Var (A/A\d> = 2cg4/ Var <t/1§> (1.55)

Accurate and precise ToF and TDoA localization relies on the hypothesis that the measurable propagation delay
is directly linked to the actual range between the nodes. In this case, a single delayed path with amplitude 4 and
delay 7 can express the channel impulse response

Channel Impulse Response /()

h(t) =agd (T—19) - (1.56)

In multipath and None Line of Sight (NLoS) propagation scenarios this hypothesis is violated and the channel
impulse response becomes the superposition of multiple paths (see Chapter 2.3)

P

h(t) =Y aps (t—1p). (1.57)
p=0

With Ultra-Wide Band (UWB) ranging technologies, it is possible to resolve the different propagation paths due
to short pulses. Assuming that these pulses are much shorter than the delay between adjacent multipath components
it is hence possible to get an estimate of the channel impulse response h according to Figure 1.18 and

hsy (T) = so(t) * h(T). (1.58)

Adequate algorithms are used to track the temporal evolution of multipath components and to predict the
range i.e. LoS component during NLoS phases [MDDU17]. Other approaches combine the estimated channel impulse
response with geometric information of the propagation environment to infer position [Meil4; Leil5].

1.5.2.8 PHASE

Besides observing amplitude or time delay modifications of the radio signal to estimate position, it is also possible
to extract location information from the signal phase. As stated in the introduction, time delay 7 and carrier phase
shifts ¢ are equivalent and linked by

¢ =—-2nft. (1.59)

Hence, the techniques and the protocols in order to obtain ranging information are analog to those introduced for
time based ranging. In the following, the basic steps as well as specificities for the phase metric are outlined.
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FIGURE 1.18 — Estimation of the channel transfer function through UWB signals.

The sinusoidal carrier signal generated by the local oscillator X in node i, where X stands for transmitter T or
receiver R, is given by

' (o7 fXi) [Xi]>
s () = e]< SR ) (1.60)

Considering the baseband signal s, the signal transmitted in a free-space channel from node i and received by
node k at a distance dTi-Rkl = COT[Tf'Rk] is given by

SITiRK () — ALTiIRk] ,ggi} .ggzk} solt— lTi-Re) .S[L@(t — 7lTiRely -s;[gk](t), (1.61)

with antenna gains gg"} and gl[f il and path loss ALTi’

Combining (1.60) and (1.61) yields

Ry]

TR [T GRS R

s TiRg] (t) = AL ‘SR .g{fk] st — T[Ti/Rk]) e (1.62)

This signal has a frequency offset and is phase shifted compared to the original baseband signal. In the following,
it is assumed that both oscillators have identical frequency f Tl = f (Re], a hypothesis that does not hold for
independent oscillators but which is chosen here for illustration of the principle. The general case of CFO will
be discussed in Chapter 3.2. Remaining the phase shift which is called Phase of Arrival (PoA) analogue to the Time
of Arrival (ToA). It can be estimated through the correlation Q5 of received r and original signal s as follows

—[T;,R —
(PA[ 1 k} — arg{Qr,so (tA)}
= —2mflTil (TR 4 4>I[{T"} - (pﬁw, (1.63)
where f, corresponds to ToA estimate defined in (1.41).

Phase Synchronized Nodes

Besides the hypothesis of identical carrier frequency at both nodes, the unrealistic assumption of

phase-synchronized oscillators is made. For phase synchronous oscillators initial phase (pl[{Ti] = ‘PI[{R k]. With these
two hypotheses the inter-node distance can be estimated from the PoA by
—|T;,R
TR _ —¢g 4’A[ ' k]. (1.64)
27 fITi

Phase Unsynchronized Nodes

The more general case considers two independent nodes with identical carrier frequency but different initial

phase 4)1[?] # 4)LR"]. A two-way ranging protocol as illustrated in Figure 1.16b will cancel the initial phases,
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as 4)1[{1] = 4)1[51'] due to the same local oscillator for transmission and reception. After PoA extraction on each receiver,
the distance can be estimated from the sum of the two PoAs as
TR | [T Ri]
~|T;,R
41T H::4{0¢A +PA . (1.65)

4anf

Differential, Phase Difference of Arrival (PDoA)

Analogue to the principle of Time Difference of Arrival (TDoA) measurements, the Phase Difference of Arrival
(PDoA) technique extracts range information from phase differences. Considering a pair of frequency and phase
synchronized base stations (7, k) and a node 1 of unknown position but synchronized in frequency with the base
stations, the PoAs are given by

plRT — oMl TuRi] 4 p[Ti] _ o [Ri] (1.66a)
plRK = oDl cTuRid 4 g1 lRe] (1.66b)
The difference of these PoAs results in a PDoA estimate where the nodes initial phase cancels
A(Pgl/Ri/Rk} _ (Pgeri} _ ¢f1/Rk] — _opfIT] [o[TLRi] T[Tl,Rk]] ) (1.67)
as cpl[{Ri} = (pI[{R k]. Range difference is given by
TR o (TR Ry
gl TiRiRe _  APa (1.68)
an[Tﬂ

Relaxing the requirement of phase synchronized base stations and including a frequency synchronized reference
node 2 of known location, PDoA allows cancelling the initial phase of the sending node. However, the initial phases
of the base stations remain unresolvable

A(PA[ATl,Ri,Rk} — (P[ATllRi] _ (Pglka] — —27'[f[T1] [T[TllRi] _ T[Tlka}] +¢1[QRI] _ (P][QRk]/ (16921)
A¢§2/R1/Rk] _ 4,1[3231] _ ¢§2/Rk] = —onflDl [T[Tz,Ri] _ T[Tlek}] + 4>LR1'] - ¢I[{Rk]. (1.69b)

They cancel in the difference of the PDoA of the node and the reference node. The Double Difference Phase
Difference of Arrival (DPDoA) is given by

T,,T»,R:, R Ty,R;,R Ty,R;,R
AA(P/[%l 2R k}:A(I)[Al ; k]iA(P[AZ iRy]

_ {¢g1/Ri] _ ¢§11Rk]} _ {¢§2/Ri] _ ¢£\T21Rk]}
= —2xfMl [T[Teri] _ T[Tlle]} +2nf(Tl [T[Teri] _ T[Tlek]} ) (1.70)

Range difference can be directly extracted with (1.68)

AA¢E1'T2'Rf'Rk] — 2rfT] [T[TLRJ - T[Tlek]}

Al TiRiRe] ¢ -
27‘(f[ 1]

, (1.71)

[T2,R;] T Rg]

where the reference node delays © and ! are known.

Ambiguity

The 27 periodicity of phase measurements translates to a range ambiguity concerning all previously introduced
phase based ranging methods. Compared to (1.59), where phase periodicity was neglected, the observable phase is
within [0, 27)

¢a = —27fT mod 27 (1.72)

and the ambiguous distance estimation from a phase observation ¢, is given by

dpoa = —Co% € [0, Aw). (1.73)
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H Carrier frequency fy in MHz | Carrier wavelength Ay, in mm

ISM 169 169.000 1773.37
ISM 433 433.000 692.15
SRD 868 868.000 345.27
ISM 2400 2400.000 124.88
ISM 5000 5000.000 59.94
GPS (Ls, Ly, Lq) 1176.450, 1227.600, 1575.420 254.75, 244.13, 190.23
GLONASS (L3, Ly, Lq) 1201.000, 1246.000, 1602.000 249.54, 240.53, 187.08
Galileo (Es, Eg, L1) 1191.795 , 1278.000, 1575.420 251.47, 234.51, 190.23
Beidou (B, ;, B3, By 1) 1207.140, 1268.520, 1561.0980 248.27, 236.26, 191.98

TABLE 1.8 — Carrier frequency and wavelength for LPWA communication in SRD and ISM bands and GNSS systems.

Phase ambiguity will not be of concern for systems where the carrier wavelength is larger than the distance to
estimate. However, as Table 1.8 reveals, range ambiguity has to be considered for LPWA localization with sub-GHz
signals as well as for GNSS where the wavelength is in the decimeter range.

In order to resolve the range ambiguity several different approaches are possible:

e Resolving ambiguity on the system level, e.g. based on street constraints.
e Push the ambiguity further away by using multiple carrier frequencies.

e Resolving ambiguity by resolving the number of integer cycles between node and base station.

These main approaches will be explained in the following. Examples of real systems applying these approaches
or their combination are discussed.

To extract the PoA, a correlation between template and received signal is performed, which also provides the
ToA based range estimate d,,. This ToA estimate can potentially be used to resolve range ambiguity. If the ranging
accuracy and precision of the time based ranging method is smaller than the range ambiguity, range can be estimated
by [SVPS08]

d= EPOA + 1w, (1.74)

with integer phase ambiguity

I = arg min ‘ (EPoA + )\wk> — Aol - (1.75)

keZ

This approach however fails for time-based errors larger than the range ambiguity. Considering a sub-GHz
LPWA system and the CRLB for time based ranging (1.43), it is obvious that this approach will not work for
narrowband long-range localization as decimeter ToA accuracy cannot be achieved in theory.

As the range ambiguity is conditioned by the carrier wavelength, it is sufficient to increase carrier wavelength
and the ambiguity will be further away automatically. Changing i.e. lowering the carrier frequency for a given
communication system is not practical. However, it is possible to virtually create large wavelengths as the difference
of two adjacent channels with carrier frequency f; and f,

_ %
Ay = A (1.76)

This means that not the absolute phase between node and base station is of interest, but the relative phase difference
on two or more carrier frequencies. For a set of carrier frequencies {cAf + fw} with ¢ € [0...C — 1], the observable
phases in a LoS channel are given by

PpoFe = —2 - 271(cAf + fw)T + APR. (1.77)

Range information can be extracted from the slope of the set ¢pop, withc € [0...C —1]

i _ o APporc
POF,SIOPE - 47TAf Ac

= T¢p- (1.78)

The typical sub-GHz SRD band channel spacing of 100 kHz results in a range ambiguity of 1500 m. This ambiguity
can then be resolved with a time-based method according to (1.74).

While range information can be extracted directly by differentiation in a free-space channel with (1.78), it is
also possible to interpret the PoA measurements as the argument of the channel transfer function H(f) at the
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FIGURE 1.19 - Principle of an electronically steered antenna.

frequency cAf + fiw. Combined with an amplitude estimation of the received signal in the same channel the
sampled version of the channel transfer function can be reconstructed. This sampled channel transfer function
can be converted to the estimated channel impulse response with the inverse Fourier transform. In multipath radio
channels this approach takes into account that phase is not linear over frequency. Range can be estimated by
detecting the first path component in the estimated channel impulse response.

Alternatively, the double difference phase measurement from (1.70) can be converted to a double difference
distance by determining the number of integer cycles !

[T1,T2,R;,Ry]

_ . AA

T RR) ‘Péﬂf . (1.79)
W

Estimating this actual number of integer cycles ! between the transmitting and receiving node is called
integer-ambiguity resolution. This technique is used e.g. in the Real-Time Kinematic GPS (RTK-GPS) processing,
that is capable to provide centimeter accuracy for positioning [KH06]. With a set of four satellites, the user position
can be determined in three dimensions through a TDoA approach, resulting in a location estimate with a +2 m error.
Adding a reference node of known position to the setup, allows establishing four DPDoA estimates. With a range
ambiguity of about 19 cm (see Table 1.8), the unknown number of integer cycles can be constrained to +11 solutions
by constraining the problem with the time based estimates. An exhaustive search within the resulting 23% ~ 300000
possible solutions is computational complex and impractical. Therefore, DPDoA estimates on different frequency
bands are used to create larger wavelengths i.e. AAwp 1, ~ 86cm. The set of solutions reduces to +3 per satellite

and 7* ~ 3000 for positioning. The set of solutions is further reduced until only one solution remains due to satellite
motion during measurement epochs.

Trying to resolve the integer cycles for LPWA localization is impractical. A LoS channel, for clear phase estimates
cannot be guaranteed, base stations are fixed and a network deployment where only a few base stations receive the
same node are in contradiction with the requirements for integer cycle resolution.

The previously presented amplitude, time and phase based localization metrics provide range information for
trilateration techniques. Moreover, phase or in more general, angular information can also lead to triangulation
approaches.

1.5.2.9 ANGULAR

Angular information in form of the Direction of Arrival (DoA) or Angle of Arrival (AoA) can be obtained with a
directional antenna. Due to the directional radiation pattern of the antenna and depending on the orientation of the
emitting node to localize, received power will vary. Rotating the antenna around its axis, will result in a temporally
varying received signal strength. The angle at which the received power is maximized corresponds to the AoA.
Antenna rotation can be achieved by mechanically rotating the antenna. Mechanically steering the antenna works
very well when AoA estimation is required only in one dimension such as in maritime positioning, however when
both azimuth and elevation angle are required mechanical rotation becomes complicated.

Therefore mechanical rotation in one dimension (horizontal) is combined with an electronically antenna beam
steering in the second dimension, or beams are steered fully electronically in both dimensions. Electronically
steered antennas further offer the advantage of non-moving hardware. The principle of electronically steered
antennas is based on the constructive or destructive combination of the radio signal on multiple antenna elements.
It is illustrated in Figure 1.19 with a linear antenna array with K, antenna elements. Electronic beam steering is
explained for the receiving case, however the principle remains valid also in transmission. Depending on the AoA az,
the signals received by the adjacent elements are phase shifted by

D
App = 21— sin (az), (1.80)
Aw



1.5. LOCALIZATION TECHNIQUES

D X
AR
D X
Digital Signal Digital Signal A %
. D X )
Processing  H — X Ka Processing Ka
(DSP) Al LA (DSP)
D X
AR
(a) Analog. (b) Digital.
FIGURE 1.20 — Beamforming radio hardware architectures.
90 90°
120° 60° 120° 60°
150° 30° 150" 30°
180° o 180° e oXKe o 0
10dB 0dB —10dB 0dB
210° 330" 210° 330°
240° 240°
300° 300"
270° 270"
(a) Element spacing D = 0.4\yy. (b) Element spacing D = 0.75Ay. (c) Element spacing D = 2.0A,.

FIGURE 1.21 — Azimuth radiation pattern of an antenna array with four omnidirectional elements (black dots).

with antenna element spacing D.

In order to determine the AoA, the received power of the sum over all antenna element signals r; needs to be
maximized. This can be achieved by appropriately weighting the amplitude and dephasing the received signal of
each element with the complex gain g; as depicted in Figure 1.20a.

Amplitude and phase weighting can be realized by adding on each antenna element an analog amplifier and
phase shifter, called analog beam steering/beamforming. Element signals are summed in analog radio frequency
domain (see Figure 1.20a). In contrast to this, numerical beamforming requires on each antenna element a
complete receiver including radio frequency to intermediate frequency or baseband mixing, and analog to digital
conversion. The numerical architecture depicted in Figure 1.20b provides K data streams that can be arbitrarily
amplitude and phase weighted to steer into different directions. Moreover, sophisticated algorithms such as Multiple
Signal Classification (MUSIC) [Sch86] or Estimation of Signal Parameters via Rotational Invariance Technique
(ESPRIT) [PRK85; RK89] may take advantage of special signal characteristics for precise AoA estimation. Hybrid
architectures of analog and digital beamforming combine advantages of both approaches [Bek+18].

Numerical beamforming relies on a common phase reference for all antenna elements, which can be achieved by
feeding all mixers with the same local oscillator signal. Assuming independent but phase synchronized oscillators
on each antenna element results in the same architecture as for PDoA with synchronized nodes.

While for PDoA the nodes have an arbitrary distance, antenna array-element spacing is usually chosen to be
less than Ay /2. This design rule arises from the fact that for D > Ay, the same signal phase shift corresponds to
multiple AoAs leading to angular ambiguities called grating lobes. These grating lobes are characterized by the same
amplitude as the main lobes. An illustration for grating lobes with different antenna element spacing is given in
Figure 1.21. These ambiguities are identical to the range ambiguities in PDoA. Hence, each grating lobe corresponds
to a hyperbole.
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FIGURE 1.22 — Delta-Sigma monopulse direction finder with passive radio frequency combiner.

1.5.2.10 Exotic LOCALIZATION PRINCIPLES

In the following, some techniques are listed that are special cases of traditional amplitude, time or phase based
methods, which use these signal properties in an original manner to provide location information.

Radio Interferometric Localization

In radio interferometric localization [Mar+05] two transmitters simultaneously transmit the same signal (pure
sinusoidal) at slightly different frequencies (frequency offsets from independent clock reference are sufficient). At
a receiving node, these two signals interfere and after down mixing the envelope of the power of the sum signal
varies with the frequency difference of the two nodes. At two receiving nodes at different locations, the envelopes
of the received power variations have a phase shift. This phase shift is directly linked to the sum-difference range
between the two transmitting and two receiving nodes. This theoretical concept translates range information via
phase shifts to received signal strength, easily measurable with radio transceivers. While this technique has been
implemented with sinusoidal signals in an interference free environment, the application to modulated signals has
not yet been demonstrated.

Delta-Sigma Monopulse Angle of Arrival (AoA) Estimation

Similarly, the so-called Delta-Sigma monopulse approach translates the AoA to an amplitude signal [Sko90].
A two element antenna array as depicted in Figure 1.22 and a passive radio frequency combiner provide the
difference r, and sum ry, signal of the two antenna signals r; and ry

1A = rq(t) — rp(t) = so(t)e J@fIHIR) _ g (4)e T 2TftHR—APA), (1.81a)
ry =11 (t) + o (f) = so(t)e TRTIHHIR) 4 5o (1)~ QflHIR—APA), (1.81b)

where s the baseband waveform. The ratio of the difference to the sum signal yields a waveform independent and
constant amplitude signal that varies as function of AoA az

ra(t) _r(t) —ro(t) 1 — e/ . App\ . nD sin(az)
w0 nOtn0  1rdsa (*) - e (T) / (1.82)

2
with antenna spacing D. This technique is widely used in RADAR direction finding systems [Sko90; Zha+16] due
to its simple setup, its robustness and the fact that a single RADAR pulse is sufficient for detection, hence the name
monopulse. Extensions with four antennas arranged in a two-by-two array allow both azimuth and elevation/polar
angle estimation [Sko90; FJ18].
The CRLB on Delta-Sigma Monopulse AoA estimation is given according to Appendix B.3 by

7D sin(az)

T o (2R
cos
= ) sl <2n gry (7D
Var (az) > \/ I,z =0 D cos(az) R~ D o8 Awaz . (1.83)
W

Assuming small angles close to the broadside u, i.e. |az| < 27 and an antenna spacing D = Ay /2 allows evaluating
the CRLB. For a rp/ry ratio estimation precision ¢ = 10%, the lower bound on the angle estimation evaluates
to y/Var (az) > 20/m =~ 3.6°. Considering an even lower precision for ¢ shows how precise angle estimations
with the Delta-Sigma monopulse are possible under LoS conditions. However, the CRLB does not take multipath
propagation in urban LPWA scenarios into account which will significantly degrade angular accuracy.

Doppler Direction Finder

The Doppler direction finder principle [LVST08] extracts AoA information from the Doppler signal received by
an antenna placed on the edge of a rotating disc as illustrated in Figure 1.23. The AoA corresponds to the axis defined



1.5. LOCALIZATION TECHNIQUES

\‘\\\\ fd A

\\\\\
\t\\\\
S
N / az
az;
fd ‘> 0
(a) Principle. (b) Doppler signal as function of AoA.

FIGURE 1.23 — Doppler direction finder.

by the two angular positions of the rotating antenna when the Doppler frequency is zero. The DoA is given by the
side where Doppler passes from positive to negative frequency. Variations with a circular placed antenna array
where antenna elements are electronically switched in a circular order avoid mechanically moving parts [PO97].
Generalization of the principle to non-circular moving antennas is given in [AW08].

The CRLB is given according to Appendix B.4 by

(=] 2
\/ Var (az;) ﬂZz fw wpRp VT (1.84)

For practical implementation a disc radius Rp = Aw/2 is assumed. If a Doppler variation (fy),,, = 500Hz
should be achieved, the minimum rotation speed is given by
A
wp = (ﬂ");ﬂ =2.500Hz = 1000rad/s. (1.85)
D

It is hence most convinient to realize rotation at this angular speed by electronical switching. Under the assumption,
that the Doppler variation can be estimated with a precision o = 10 Hz (equivalent to 10 ppb at fiv = 868 MHz), the
CRLB on AoA estimation evaluates to \/Var (az;) > v/8-10Hz/1kHz ~ 1.6°. This 1.6° angular precision converts
to ~ 20 m tangential position error at a distance of 1 km and scales proportional with distance. Although this method
is precise, LPWA typical multipath channels will impede accuracy of Doppler Direction finding.

Lighthouse Angle of Arrival (AoA) Estimation Principle

In the lighthouse method [R6mo03], a directional, non-divergent beam is rotated around its source as depicted in
Figure 1.24. The distance between a receiver/detector and the source can be determined by measuring the time the
receiver dwells in the beam Tj,.,,,, and the time the beam needs for a complete rotation Ty, according to

d>D
gz b (1.86)

i Theam
2sin [T[ ( Trurn >}
As this method requires non-divergent beams, practical implementations rely on laser beams.
The CRLB is given according to Appendix B.5 by

w242
/ / 1 1.
Var oz T D (1.87)

Besided the fact that parallel, non-diverent beams are required, (1.87) reveals, that the ranging error grows with the
square of the distance making it impractical for long-range LPWA systems. For numerical evaluation, a lighthouse
ranging system with two parallel laser beams of baseline D = 1m, a revolution time Ty, = 1s and a dwell time
estimation error o = 1ys is considered. The ranging error for a distance d = 1km is bound by

Var( ) \/7~1ps m 2( lkm) ~63m. (1.88)

For a 10km distance the CRLB is given by , / Var (3) > 630 m and hence impractical for LPWA localization.




CHAPTER 1. LOCALIZATION FOR LPWA NETWORKS

Turn

FIGURE 1.24 — Lighthouse ranging approach requiring parallel beams.

1.5.3 RANGING AND LOCALIZATION

Localization metrics (see Chapter 1.5.2) provide range, range difference or angle estimates that allow
determining position according to the adequate localization technique (see Chapter 1.5.1). Noisy and biased
observations of the localization metrics result in errors on range, range difference or angles. These errors translate
to errors on position.

In the following, a framework for converting range and range difference errors to position errors is given for
circular and hyperbolic trilateration (see Chapter 1.5.1.1).

This framework is then used throughout this thesis to extrapolate the ranging errors obtained by simulation and
experimentation, to predict achievable localization precision. Furthermore, this methodology allows comparing the
extrapolated localization precision to existing state of the art LPWA localization functions (reviewed in Chapter 1.6).

1.5.3.1 CIRCULAR

As introduced in Chapter 1.5.1.1, the observable range between the node of unknown position (xy,yy,zy) and
anchor i of defined position (x;,y;,z;) is given by

dyi =\ (u = x0)2 + (v — 91)? + (2u — 2)2 (1.89)

In the process of acquiring and processing any underlying localization metric, such as RSSI, ToF or Phase of
Flight (PoF), the estimated range is given by

du,i = du,i + ”Rangei/ (1-90)

with noise MRange;"
In the following, it is assumed that noise MRange; 1S Gaussian distributed with zero mean and variance ‘TRange?'
This hypothesis is rather restrictive as it excludes e.g. multipath introduced biases (Chapter 2.3). However, this

allows to apply the CRLB to transform ranging errors to positioning errors.
For Kgg base stations, observation is given by

d = d+ nRanges (1.91)

: F Fi T _ T _ T :
with d = [du,O e du,KBSfl} , d= [du,O du,KBSfl] and MRange = [”Rangeo s ”RangeKBS_l} with
T
2 _ 2 2
URange = |9Rangeq " - URangeKBS_l

The variance of the estimated position x;, = [xy yu zu]T is bound, according to [Kay93], by

Xy UJ%M
Var(xy) = Var |y, | = gﬁu > diag (1;1 (xu)> , (1.92)
Zu 0’221{

with Fisher Information Matrix (FIM) Iz (x;) of the range observation d (see Appendix B.6 for full derivation).
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FIGURE 1.25 — Geometric intepretation of the GDoP..

The Position Error Bound (PEB) is defined as

PEB (xy) = \[trace (I (xu)) = \/od, +F, +o2,. (1.93)

The analytic PEB expression in a two-dimensional localization scenario derived in [Spi01] is given by

Kpg—1 -2
1';0 (‘TRangei)
PEB (xu) = — , (1.94)

Kps—1Kps—1 -2 ’
L (URangeiURangek> |uj X |

i=0 k>i
with the unit direction vector pointing from the node (x4, yu) to anchor i (x;, y;)

1 [xi—x
w=— | . (1.95)

i\ yi = yu

In the following it is assumed, that all Kgg node to base station range estimations have the same error
distribution, resulting in URange; = URange: Hence, (1.94) can be simplified and the PEB becomes a product of

range estimation standard deviation ORange and a purely geometry dependent term called Geometric Dilution of
Precision (GDOP)

PEB = 0Range GDOPc

— o Kps
ange | Kpg—1 KB%—1| |2
ui X uk
i=0  j>i

_ Kgs
= ORange Kps—1Kpg—1 ’ (1.96)
)y w2

ik

i=0 k>i

with the parallelogram area W; ; spanned by the two unit direction vectors u; and uy

, (1.97)

Wi = |uj X uge| = [u [ ‘Sin <®i,k>

where ©; | the angle between the two direction vectors as illustrated in Figure 1.25.

In order to reduce the PEB, either ranging precision needs to be increased i.e. lower ORange OF the GDoP. needs
to be decreased. Maximizing all areas Wik minimizes the GDoP¢, which is achieved when unit vectors u; and u;
have a maximum angular distance i.e. ©; , = 77/2 [Spi01].

Figure 1.26 illustrates oy, and oy, normalized to oRange as well as the GDoPc for a minimal base station
deployment (Kgg = 3).

Low GDoPc is achieved for the center point of the equilateral triangle spanned by the three base stations as well
as on imaginary half circles where the angular distance is 77/2 (Thales theorem). For minimum GDoPc, W;  has to
be maximum, which is the case if the base stations i and k are span a 7r/2 angle with the node

. T
Wik = [sin(@®; — O)| = \sm(5)| =1 (1.98)
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FIGURE 1.27 — GDoP.. for hexagonal network deployment [Spi01] and theoretical limit (1.99).

This assumption is not feasible in a two-dimensional configuration with more than two base stations, as not all
angles can be 7t/2. It is only considered to find the absolute lower bound

K 2
GDoPc > (GDoPe )y, = KBSfUEis*l = %(BS — (1.99)
Yy X1
=0 k>i
with
Kgg—1Kgg—1 Kgg—1
Bi Bi 1= Bi Koo _i— Kes(Kps—1) _ Kpg! _ [Kes (1.100)
L : £ "BS 2 (Kgg — 2)!2! ' '
i=0 k>i i=0 2

Simulated GDoP values for hexagonal network deployment from [Spi01] as well as (GDoP¢)}; ;¢ from (1.99)
are plotted in Figure 1.27 as function of the number of base stations Kgg.

In conclusion, under the hypothesis that all node to base station range estimates are Gaussian zero
mean distributed, deploying more base stations does improve the Position Error Bound (PEB) only marginally
(factor 2...0.5). However, increasing the number of base stations, increases the chances that there are sufficient
precise and unbiased range estimates so that the PEB can be decreased. Selecting the set of range estimates out of
all the available estimates that minimizes the position error is achieved with adequate algorithms (see Chapter 1.5.4).

1.5.3.2 HYPERBOLIC

Analog to the analysis for circular trilateration, the hyperbolic trilateration PEB can be derived from the
observation

Adu,i,k = Adu,z',k + "Range’

= \/(xu = x)2 4+ (yu = i)? + (zu — 2))? — \/(xu = 2%+ (Yu — yi)? + (zu — z)2 + MRange-  (1.101)

A full analysis including mixed mode between circular and hyperbolic trilateration are discussed in [Spi01].
Figure 1.29 illustrates the hyperbolic trilateration PEB for three base stations on logarithmic scale. Compared to
circular trilateration, the achievable precision in the center area improves (see Table 1.9). However, errors for
hyperbolic trilateration are increasing drastically outside the area spanned by the base stations as illustrated in
Figure 1.28.
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FIGURE 1.28 — Hyperbolic trilateration in two dimensions for a node outside the area spanned by the base stations.
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FIGURE 1.29 — GDOP normalized to 10log;, (URange> for hyperbolic trilateration for a base station deployment spanning an

equilateral triangle (white dots), considering all possible range difference measurements.

(GDOPC)min 1.15
(GDOPy) min Range differences only with respect to the serving base station 0.92
All range differences 0.67

TABLE 1.9 — Minimum achievable GDOP for circular and hyperbolic trilateration (in two dimensions).

This position error bound analysis has shown that precise and accurate range estimates are required to achieve
precise localization. Providing such precise and accurate range estimates is the aim of this thesis and investigated
in Chapter 3, Chapter 4 and Chapter 5.

1.5.4 INTRODUCTION TO LOCATION SOLVING ALGORITHMS

Localization metrics presented in the previous section provide the input to location solving algorithms that
according to a localization model, estimate position based on these metrics. For a known anchor, i.e. base station
setup (x, . . "xKBs—l)’ the set of localization metrics M;(x;) depends on the actual user position x; according to
a given model M. This model depends on the used localization metric (see Chapter 1.5.2). A basic approach to
estimate position x;;, aims at minimizing the error between the set of measured localization metrics .//\/l\, and the
model. The problem can be formulated as weighted least squares minimization problem

2
Xy = argmmZ:wZ ‘./\/l — M;(xy)| (1.102)

Xy

with weights w;. These weights can take the reliability of the corresponding localization metric measurement
into account. Weights can be deduced eg. from the SNR or an indicator for a biased single link ranging
measurement (see Chapter 4.3.2). Various algorithms exist in literature to solve this optimization problem.
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1.6 LPWA NETWORK LOCALIZATION

1.6.1 ExISTING LOCALIZATION SOLUTIONS FOR LPWA NETWORKS

In the previous sections, Low Power Wide Area (LPWA) technologies and localization techniques have been
introduced. The following section brings these two fields together by giving a state of the art overview on LPWA
localization techniques and systems from both a scientific and a product or service point of view.

1.6.1.1 SIGFOX

The Sigfox service providers offers a geolocation service called "SpotlIt" [Sig17]. The geolocation functionality
is based on a fingerprinting method utilizing the uplink Received Signal Strength Indicator (RSSI). In order to
enhance precision of the estimated position, complex machine-learning algorithms are employed. Due to the highly
variable propagation scenarios, errors will be about 1km — 10km according to Sigfox [Sigl7]. Semi-parametric
models achieve a 2km — 4 km mean error for RSSI-based localization [BPE18]. Because of long transmission times,
the number of packets per day is very limited, leading to an equally low number of position estimates. This almost
excludes continuous tracking and any form of filtering over multiple location estimates.

Sigfox equally holds patents [SF13; SF16] for time based localization techniques. It is however hardly possible
to achieve accurate time-based positioning with signal bandwidths of 100 Hz resulting, according to (1.43), in

acy,/Var (t;) ~ 26km at E}, /Ny = 10dB and a 4 bytes preamble.

Extensive RSSI kNN-fingerprinting studies [ABBW18] have shown that mean location estimation errors
around 700 m are achievable. The results are however, sensitive to the available training set and vary depending on
the propagation scenario (i.e. rural/urban). Relying on some geo-referenced nodes equipped with a GNSS module
allows constructing and updating the fingerprinting training set with sophisticated machine learning algorithms.
Positioning accuracy in such a setup can be significantly improved [SCRP19].

1.6.1.2 LoRa
The 868 MHz LoRa technology employs signal bandwidths between 7.8kHz and 500 kHz. For the typical
configuration of 125kHz, a theoretical ToA precision of ¢y4/Var (tX) ~ 15m is achievable at E, /Ny =10dB

combining 6 symbols of each 12bit for ToF or TDoA localization techniques. Compared to Sigfox where time base
positioning remains impractical, the LoRa technology is compatible with both RSSI and ToF/TDoA based localization
techniques. Semtech holds patents for both RSSI [Pen17a] and time based localization [Pen17b; Pen18; Sel14; Sel18].
Due to the possibility to send packets at a higher rate and hence of shorter duration than for Sigfox, tracking and
filtering become options to enhance the positioning performances. The LoRa Alliance [LoR18] gives a summary
of geolocation implementations. For RSSI based positioning a 1km — 2km accuracy is announced. In [ABVVW18]
RSSI kNN fingerprinting has equally been applied to a LoRa data set. Mean errors are as low as 400 m, and the
discrepancy with the Sigfox performances is explained by the difference in the data set sizes.

In a mesh network topology, with an average internode distance of only 20 m, RSSI based localization achieves
positioning errors as low as 8m [GJ18]. While applicable to specific application scenarios with small internode
distance, errors scale with distance in LPWA deployments, see CRLB for RSSI in (1.37).

TDoA localization is most adapted to the star-of-stars LoRaWAN topology. Base station synchronization is
achieved via GNSS, allowing to time stamp received packets with a GNSS timing precision of about 20ns. Field
trials [LoR18] indicate accuracies between 20 m — 200 m in 90% of the cases, depending on the propagation scenario.
In an urban geolocation enabled public LoRa network [Pod+18] errors are smaller than 480 m in 90% of the cases.

In order to further improve ranging accuracy, Semtech provides a version of the LoRa technology
with higher bandwidths (406 kHz-1625kHz) at the trade-off of degraded receiver sensitivity [Sem17b]. The
SX1280 chip operates in the ISM 2.4GHz band, where more bandwidth per channel is available. However,
free-space propagation attenuation increases and obstacle penetration degrades, which results in less long-range
connectivity (see Chapter 2.3.9).

1.6.1.3 NARROw-BAND IoT

NB-IoT supports positioning since the 3GPP Release 14. The positioning technique is based on TDoA
measurements in downlink operation. A NB-IoT node observes the TDoAs of several pairs of synchronized base
stations emitting special designed Positioning Reference Signals (PRSs). These TDoAs are used by the node to
calculate its position with a hyperbolic trilateration technique.
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A design target for a 50 m horizontal positioning accuracy has been specified in Release 14 and simulations
assuming perfect network synchronization achieve less than 150 m in 90% of the cases [Lin+17]. Simulations
of TDoA based positioning in static and mobile scenarios report errors between 30m and 300m for Extended
Pedestrian A (EPA) and Extended Typical Urban (ETU) channel models respectively. Depending on the channel
model, outliers up to 2km are possible [Rad+17]. Specifically designed algorithms improve positioning precision
despite the limited temporal resolution due to low analog radio front end sampling frequency [HBLR17].

A NB-IoT compatible System on Chip (SoC) implementation with TDoA capability achieves a positioning
accuracy of 100 m [Kor+18].

1.6.1.4 IEEE 802.15.4x

No specific work concerning ranging and localization exists for the IEEE 802.15.4k standard. However, due to
the signal bandwidth of 200 kHz, performances comparable to NB-IoT localization are expectable. Work concerning
the IEEE 802.15.4 (ZigBee) standard [PSSV09a; Sch11] is reviewed in Chapter 1.6.2.

1.6.1.5 GNSS TRACKER

Due to the low accuracy of localization features based on the inherent LPWA radio signals, presented in the
previous section, highly accurate positioning is currently only achievable by adding supplementary systems such as
a GNSS receiver that can provide precise location estimates. At the expense of an increased power consumption and
more hardware on the device, meter-level accuracy is possible in outdoor environments with clear sky vision. For
seamless outdoor-indoor localization other modalities such as UWB localization in indoor environments overcome
the unavailability of GNSS signals indoors [CL].

1.6.1.6 WIiF1 SNIFFING

“Wireless Fidelity” (WiFi) proximity methods can overcome the drawbacks of GNSS based LPWA localization
in terms of energy consumption and limitation to outdoor environements. For this purpose LPWA nodes integrate
a WiFi module that allows monitoring nearby WiFi Access Points (APs) and their respective RSSI. To keep energy
consumption at a minimum, the WiFi module does not connect to the networks, but only sniffs their Basic Service
Set Identifiers (BSSIDs). The LPWA node of which position is to be estimates, sends over the LPWA radio link
BSSID and RSSI information to the network. In an offline mapping step a database with WiFi APs and their location
is created. The online step determines position of the LPWA node based on the measured WiFi AP RSSIs. The
upper positioning error limit is theoretically given by the coverage of WiFi and field trials achieve an 39 m mean
error [JWB17].

1.6.2 NEw LocaLrizaTioN CANDIDATES FOR LPWA NETWORKS

Either the reviewed localization features for LPWA technologies rely on inherent radio signals allowing
low-power, low-complexity implementation at the expense of accuracy or they require additional hardware to
provide precise positioning information. Low signal bandwidth and complex propagation scenarios are hence the
main challenges for accurate LPWA localization. These challenges are formalized and studied in detail in Chapter 2.

Currently research pursues two complementary approaches in order to improve LPWA localization accuracy:

e Collecting as much radio metrics as possible and applying sophisticated algorithms such as machine learning
and Deep Neural Network (DNN) algorithms to the data to extract precise position information.

e Provide new radio metrics that offer improved localization precision.

According to the ToA CRLB in (1.43), more bandwidth improves ToA estimation precision. Thereby
it is insignificant whether bandwidth is available instantaneously, e.g. UWB systems or sequentially while
respecting certain conditions. Step Frequency RADARs (SF-RADARs) combine large processing bandwidths while
maintaining narrower instantaneous bandwidth, which relaxes the requirement for wideband analog to digital
conversion [Sko90].

A general signal model framework for sequential multi-channel ranging with active transmissions instead of
passive RADAR reflections integrating CFO and adapted estimation algorithms being asymptotically efficient are
proposed by [Kaz+18; KRJd19].

The idea of sequential multi-channel ranging has been applied to short-range communication technologies
where applied frequency hopping schemes cover the total available bandwidth e.g. 80 MHz in the ISM 2.4 GHz band
while instantaneously transmitting in a much narrower channel. Prominent examples are scientific demonstrations
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FIGURE 1.30 - Positioning accuracy/precision and coverage of localization techniques from Table 1.10.

with Radio Frequency Identification (RFID) [PS11], ZigBee [PSSV09a; Sch11], WiFi [VKK16] or commercial,
proprietary implementations such as the Atmel [Atm13; Atm14] or Nanotron [Nan] chips.

In the case of RFID communication, a tag is sequentially interrogated on different frequencies. Decimeter-level
accuracy has been achieved by covering a total virtual bandwidth of 26 MHz at a communication range of 2.4m.
Due to the instantaneous and possibly passive response from RFID tags, the setup is very similar to radar systems
that rely on passive reflection of the electromagnetic waves.

The same principle of frequency hopping has been applied to indoor ZigBee standard compliant communication
in a differential setup with a transmitter of unknown location, a reference transmitter for anchor synchronization
and multiple receiving anchors [PSSV09a; Sch11]. The work focuses on carrier frequency offset mitigation and
investigates how performances are influenced by multipath propagation. A commercial ZigBee transceiver [Atm13]
implements a ranging feature based on the Phase of Flight (PoF) principle, however the ranging signals within the
ZigBee packets are not compliant with the standard.

The WiFi Chronos implementation [VKK16] adopts a multi-channel phase coherent PoF approach between
commodity WiFi cards. The implementation covers a virtual bandwidth of up to 2.6GHz as both the
ISM 2.4 GHz band and the Industrial, Scientific and Medical (ISM) 5 GHz band are utilized. PoF ranging performances
improve by a factor 30 compared to time base ranging and a 0.5m error is achieved in indoor scenarios.

Nanotron [Nan] provides a proprietary communication and localization feature based on Chirp Spread Spectrum
(CSS) modulation covering the total 80 MHz of the ISM 2.4 GHz band. Nanotron claims a 1 m accuracy for ranges
up to 500 m.

The key system parameters such as frequency band, bandwidth, sensitivity as well as ranging performances are
summarized in Table 1.10.

Figure 1.30 illustrates the localization performances, i.e. positioning accuracy/precision and the corresponding
system coverage for each technology.

In conclusion, all these practical implementations and proprietary solutions focus on short-range
communication and no adaptation to LPWA transmissions is yet available. However, the listed implementations
demonstrate the potential of multi-channel phase coherent ranging/localization with the PoA metric. Accuracy
is improved by overcoming constrains of limited instantaneous bandwidth with a virtual increased bandwidth by
sequential frequency hopping.

1.7 CONCLUSIONS
LPWA networks are key enablers for IoT applications that require long-range wireless connectivity combined
with stringent energy consumption limitations. Applications such as smoke detectors, distant temperature sensors

or water meters have only a few payload bytes to transmit. This allows employing narrowband or low spectral
efficiency modulation schemes to attain low levels of receiver sensitivity required for long-range communication
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o Ranging/
Band B | Preq Local.lzatlon Localization | Remark
metric
error
Unit n/a Hz | dBm || n/a m | n/a
Sigfox
Spot’It [Sig17] SRD 868 100 | —144 || RSSI Fingerprinting 1000 — 10000 | = Machine learning
Aernouts [ABBW18] SRD 868 100 | —144 || RSSI Fingerprinting 700 | = Sensitive to training data set size and
propagation environment
LoRa
LoRa Alliance [LoR18] SRD 868 125-10% | —147 || RSSI Ranging 1000 — 2000
LoRa Alliance [LoR18] SRD 868 125-10% | —147 || TDoA Ranging 20 — 200 | ® GNSS synchronized base stations
Public Network [Pod+18] SRD 868 125-103 | —147 || TDoA ranging 480 | ® Commercial available base stations
Aernouts [ABVVW18] SRD 868 125-10% | —147 || RSSI Fingerprinting 400
Konica Minolta [GJ18] SRD 868 125-103 | —147 || RSSI Ranging 8 | = Mesh setup
= Maximum distance between
nodes < 20m
S$X1280 chip [Sem17a] ISM 2400 406.25-10% | —122 || ToF Ranging <5 | = Spreading factor m = 10
® Requires a two-way packet exchange
® 170 m distance
® Includes frequency hopping and
averaging
NB-IoT [Rad+17] Licensed 180kHz | —160 || TDoA 30 —300 | = Downlink
® Simulation  (EPA/ETU  channel
model)
NB-IoT [Lin+17] Licensed 180kHz | —160 || TDoA 150 | = Simulation
® Perfect network synchronization
= 46 dBm transmit power
NB-IoT [Kor+18] Licensed 180kHz | —160 || TDoA 100 | ® SoC implementation
GNSS Tracker ie. based || Licensed n/a n/a || TDoA, PDoA <1 | ® Extrahardware: GNSS module
on [Ubl] ® Clear sky visibility required
WiFi Sniffer [JWB17] SRD 868 n/a | n/a || RSSIFingerprinting/ 39 | = Extra hardware: WiFi module
Ranging
802.11.4k
Zigbee [PSSV09a] ISM 2400 2.10° ? || TDoA 2 | = 9m distance
® Virtual bandwidth 80 MHz
® 16 channels
PDoA 0.2
ATMEL [SZW15] ISM 2400 ? ? || PoF 1.63 | ® 50m distance
RFID [PS11] ISM 900 ? ? || PDoA 0.14 | = Virtual bandwidth 26 MHz
= 100 channels
® 2.4m distance
WiFi
Wifi Chronos [VKK16] ISM 2400+5000 40 - 100 ? || ToF 15 | ® Virtual bandwidth 2.6 GHz
= 15m distance
PoF 0.5
Nanotron [Nan] ISM 2400 80-10° | —97 || ToF Ranging 1

TaBLE 1.10 — Overview on the state of the art on LPWA localization and new candidates (? indicate unknown information).

respecting low-power requirements. Many of the cited IoT applications require positioning information, e.g. for
tracking purposes or for geo-tagging data produced by the sensors.

Localization techniques in this context can be compared based on their accuracy, precision, availability,
complexity, cost, deployment requirements and power consumption. Although GNSSs offer high accuracy and
precision, they are limited to outdoor applications and they considerably increase complexity, cost and power
consumption on LPWA enabled sensor nodes. For these reasons it is preferable to take advantage of the transmitted
radio signals carrying sensor information. An overview on different radio signal based positioning techniques and
their requirements is given.

RSSI based methods are straightforward to implement on LPWA networks without supplementary
complexity, cost and power consumption. However, RSSI measurements vary largely with actual propagation
conditions, e.g. blockage and fading, yielding poor positioning performance in large scale LPWA networks. Current
RSSI based positioning solutions achieve approximately 500 m error in urban city setups.

Accuracy and precision can be improved when using time based methods. Typically, errors down to 200 m in
real environments are achieved. The lack of large signal bandwidths for good time resolution is one of the main
limitations of time based techniques. Low temporal resolution results in a limited capability to resolve multipath for
accurate delay estimation. In order to achieve long-range communication, instantaneous bandwidth is intrinsically
small on LPWA transceivers and hence precise positioning challenging.

In order to overcome this bandwidth limitation, phase based techniques allow combining multiple sequentially
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transmitted narrowband signals to a virtually increased bandwidth. This method has proven to provide significant
precision improvements compared to time based techniques when applied to various radio solutions and standards.
The application of multi-channel ranging in the LPWA context yet remains open and is the subject of this thesis.
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CHAPTER 2. CHALLENGES FOR LPWA RADIO BASED POSITIONING

RADIO signal based localization for Low Power Wide Area (LPWA) systems faces particular challenges, including
system limitations, hardware specificities and impairments. Moreover, radio propagation channels impede
positioning performances. In this chapter, limited signal bandwidth, topology of LPWA networks and clock offset
implications on localization are investigated. Further, the impact of the radio channel, i.e. multipath propagation on
the performances of wireless positioning techniques is studied. Based on these considerations, the arising research
questions are outlined and the coverage of the present thesis is motivated.

2.1 SysTEM LEVEL CHALLENGES

2.1.1 NARROWBAND LPWA WAVEFORMS

Low Power Wide Area (LPWA) technologies apply low data rate transmission schemes in order to achieve low
levels of receiver sensitivity and hence long-range communication. Practical implementations of LPWA transceivers
combine the low data rate with narrowband or even Ultra-Narrow Band (UNB) waveforms [Sem16; Sig].

Narrowband signals are hence well localized in frequency domain, resulting in a degraded ability to localize
them in time domain, impeding precision of time based positioning techniques.

Ultra-Wide Band (UWB) technologies, in contrast, use large signal bandwidths, ie. at least 500 MHz or
bandwidths larger than 20% of the carrier frequency fw as defined e.g. by the Federal Communications
Commission (FCC) [Fed02].  Excellent ranging precisions on the centimeter-level are achievable with
UWB [Dec15]. However, communication range is limited to a few 100m due to insufficient receiver sensitivity
of typically ~ —106 dBm /500 MHz [Dec15] and regulation constraints limiting the transmit Power Spectral Density
(PSD) [Fedo2].

Figure 2.1 illustrates the matched filter correlation output for a 2 kHz narrowband (Figure 2.1a, Figure 2.1c) and
a wideband (Figure 2.1b, Figure 2.1d) pulse of 1 MHz bandwidth with a delay 7. In the absence of noise, the delay can
be estimated in both cases through maximum peak detection. However, in a channel with Additive White Gaussian
Noise (AWGN), peak detection might be erroneous due to noise. The resulting delay estimation error depends on
the symbol energy to noise spectral density Eg/Nj. Further, the error is proportional to the width of the pulse and
hence inverse proportional to the pulse bandwidth (see CRLB (1.43)).

It can be concluded from this illustration, that narrowband waveforms enabling long-range communication
for LPWA networks, are contradictory requirements to precise radio signal based localization, requiring large
bandwidths for time resolution.

However, for improved precision, signal bandwidth can be increased. Simultaneously lowering spectral
efficiency e.g. through spreading codes (see Chapter 1.2.1.3), ensures that the receiver sensitivity (1.9) is maintained.
This approach is nevertheless limited by transceiver complexity and power consumption increasing with bandwidth.
Nonetheless, multi-user access to the radio resource, is often realized not only with Frequency Division Multiple
Access (FDMA) but also with Code Division Multiple Access (CDMA) techniques that increase bandwidth.
Multi-user access and larger bandwidth for improved ranging precision can hence be combined.
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2.1. SYSTEM LEVEL CHALLENGES

Ranging precision can moreover be improved according to the Cramer Rao Lower Bound (CRLB) from (1.43)
through increased Signal to Noise Ratio (SNR). This can be achieved with longer sequences, e.g. by performing
Time of Arrival (ToA) estimation on the entier preamble or even include the payload part into the ToA estimation
process [Sit+11; Sit17].

2.1.2 STATIONARY AND MOBILE NODES

Depending on the application scenario, a LPWA node will have various mobility profiles, reaching from purely
static to highly mobile nodes. Thus, the challenges for LPWA localization vary with node mobility:

e Stationarity: A fixed node is once placed and does not change position during its lifetime, e.g. a water meter.
Combining location estimates over long intervals allows improving positioning precision through temporal
averaging and by the rejection of biased outliers, e.g. due to temporal blockage by a vehicle in the Line of
Sight (LoS) path between the node and the base station.

The challenge lies in the design of appropriate averaging and rejection algorithms under the hypothesis
of a stationary node and a possibly varying environment. Rejection techniques classify e.g. ranging
measurements as biased due to None Line of Sight (NLoS) propagation. No range information is hence
available, however the rejection can be taken into account in the location solving process through proper
weighting (see Chapter 1.5.4).

¢ Changing location: A static node that changes position from time to time. Application data is only relevant
for the stationary phases, e.g. an intelligent dustbin.

Positioning algorithms that combine multiple estimates, as for the stationary case, need to detect location
changes in order to reinitialize correctly.

e Continuous mobility: The application induces a continuously changing node position. Application data
is constantly generated, e.g. for object tracking. Time varying radio channels (see Chapter 2.3) complicate
radio signal based localization. Position estimation in tracking applications often relies on e.g. Kalman
filtering [KHO6], requiring continuous inputs to the filter in order to obtain location estimations. In the
LPWA context, duty cycle limitations (see Chapter 2.1.5) impose a limited number of payload messages. This
makes it difficult to exploit the statistics and physics of successive position estimates. In the case of a moving
Sigfox node, allowed to transmit 140 messages per day, position between successive transmissions has totally
changed and such filtering cannot be applied.

The challenge hence consists in jointly optimizing position-tracking precision and the required number of
packet exchanges, hence power consumption, while respecting radio regulation limitations.

LPWA localization is best suited for stationary nodes and those that change position from time to time, offering
position information while conserving low-power operation. Continuous mobility applications can gain single
position estimates through LPWA localization, however tracking is most likely realized with Global Navigation
Satellite System (GNSS) based solutions providing high precision at the expense of increased power consumption.

2.1.3 TiME REFERENCE AND NETWORK TOPOLOGY

Usually LPWA networks operate in an asynchronous manner, i.e. base stations and nodes are not synchronized,
do not share a common time basis, i.e. clock source and transmissions are not aligned to fixed time frames as it is
the case for cellular communication.

In order to eliminate the unknown time reference #), a two-way packet exchange according to Figure 1.16b
and (1.48) can be applied. For two-dimensional circular localization in Figure 2.2a, this requires three two-way
exchanges with at least three base stations. This in turn increases time on air and hence power consumption. It
should be noted that in the case of two-way ranging, the LPWA node must be capable of estimating ToA, which is
not always compatible with existing LPWA chipsets, e.g. [Sem16];

Hyperbolic trilateration based on Time Difference of Arrival (TDoA) estimates, offers the advantage of less
packets to be exchanged at the expense of synchronized base stations. This synchronization can be assumed through
the network backbone i.e. fiber optic connection, GNSS based time synchronization [LoR18] or through a so-called
reference node of known position (see Figure 1.17b).

TDoA based systems can be operated in both uplink and downlink direction depending on where location
information is required, on the Medium Access Control (MAC) layer and on the processing capacity of the node.

Uplink message based localization as depicted in Figure 2.2b is most suited for nodes asynchronously
transmitting their data packet to available base stations while being otherwise in low-power sleep mode. The
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FIGURE 2.2 — Network topologies for LPWA localization.

hardware architecture of the node can be kept simple and existing LPWA technologies are compatible as required
processing is exclusively performed on the base station side. Drawback of uplink localization is that the number of
localizable nodes is limited to those nodes that are simultaneously received by at least three base stations in the case
of two-dimensional localization. Just as for communication, inter-node interference issues grow with the number
of nodes due to the asynchronous radio access. Systems such as GNSS positioning perform localization in downlink
direction (see Figure 2.2c) and overcome these types of interference problems. A finite set of satellites, analog to
base stations, transmits localization signals that can be received by an unlimited number of GNSS receivers that
thereupon determine their position. The unlimited number of supported devices is traded of against an increased
complexity of the receivers which require to acquire and track multiple satellites simultaneously and perform
location solving algorithms [KH06] which results in a notably increased power consumption compared to LPWA
transceivers (see Table 1.3).

Sigfox nodes will be limited to uplink localization, as nodes always have to initiate communication. Base stations
require a precise and up to date estimation of the actual Carrier Frequency Offset (CFO), so that a downlink message
lies within the receive filter of the node (see Chapter 1.2.2.1). Consequently, Sigfox does not propose a broadcasting
mode necessary for downlink localization as depicted in Figure 2.2c.

The Long-Range Wide Area Network (LoRaWAN) specification defines three device classes [Lor]:

e Class A: Default class supported by all devices. Nodes initiate communication in asynchronous manner. After
an uplink message, the nodes opens two reception windows for downlink messages. This is the lowest power
class and it is most adapted for uplink localization.

e Class B: Besides class A operation, nodes are synchronized to the base station by periodic beacons. The
node opens scheduled reception windows guaranteeing a defined downlink latency. In this mode, downlink
localization is feasible. However, current LoRa chipsets [Sem16] do not allow to receive multiple base stations
simultaneously, as do GNSS receivers.

e Class C:Nodes are in continuous reception when not transmitting. Besides a reduced latency and an increased
power consumption, implications for localization are the same as for class B.

The decision on uplink or downlink localization can also be viewed from the energy consumption perspective.
While uplink localization requires only a packet to be transmitted, downlink positioning requires reception and
numerical processing to determine location. Hence, if node power consumption is of primary concern, transmit
consumption has to be compared to receive plus processing power consumption (see Table 1.3).

2.14 ANTENNA AND ANTENNA ARRAY FORM FACTOR CONSTRAINTS

Omnidirectional propagation typically results in multipath scenarios due to various reflections of the emitted
signal in the surrounding environment. Figure 2.3a illustrates such a scenario. Definition and in-depth study of
radio channels and the arising challenges for localization is given in Chapter 2.3. In contrast to omnidirectional
antennas, directional antennas or beamforming allow implementing spatial filtering techniques to reduce the
impact of multipath propagation as depicted in Figure 2.3b. In general, directional antennas antenna arrays for
beamforming are larger than omnidirectional antennas. The higher the directivity, the larger the antenna needs to
be.
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(a) Omnidirectional propagation. (b) Directive propagation.
FIGURE 2.3 — Multipath propagation and mitigation through beamforming.

Due to the form factor constraints of LPWA nodes and their generally unknown orientation with respect
to the base station, nodes have an omnidirectional antenna. As a result, the node captures radio signals from
all directions including both, multipath reflections of the useful base station signal but also interference from
other communication signals. Implementing beamforming and Angle of Arrival (AoA) estimation techniques is
limited hence to the base station side, where the size of antenna arrays, associated hardware and processing is not
in contradiction with cost, power consumption and form factor integration constraints of nodes. Beamforming
possibly improves localization performances due to the reduction of multipath propagation and the limitation of
interferences outside the main beam. As base stations do not have prior information on the node position, they
need to start the positioning process with an omnidirectional configuration and refine the search space iteratively.

2.1.5 LEGAL REGULATION LIMITATIONS

Another system level challenge are legal regulation constraints. Radio regulation has two main purposes. Firstly,
legal limitations aim to protect from hazardous radio transmissions by restricting e.g. the maximum radiated power
or the ratio of active and inactive intervals, i.e. the duty cycle. Secondly, legislation sets a framework for the
coordination of the electromagnetic spectrum. By assigning different parts of the spectrum to different usages
and operators, it aims reducing interference and to guarantee to each user a fair access to the spectrum resource.

Table 2.1 summarizes the main aspects from Short-Range Device (SRD), Industrial, Scientific and Medical
(ISM) and licensed band regulation relevant for LPWA networks. The European Conference of Postal and
Telecommunications Administrations (CEPT) defines license free SRD and ISM bands that are mainly characterized
through a limited maximum transmit power and a low duty cycle or Listen Before Talk (LBT) techniques to control
the access to the radio resource. In the licensed bands, operators are permitted to transmit with higher power, as
interference is avoided through a centralized network coordination.

In terms of radio regulation, the SRD 868 MHz band and ISM 2.4 GHz band as well as the licensed bands are most
interesting for localization purposes, as they offer large bands, required for sufficient time resolution for precise
localization (see Chapter 2.1.1 and Chapter 2.3.6.2).

2.1.6 ComprARISON OF LPWA AND GNSS OPERATION CONDITIONS

It is interesting to compare LPWA localization to GNSS positioning and its operation conditions to understand
why legacy GNSS can achieve meter-level positioning precision and why LPWA localization with these levels of
precision remains challenging.

Link budgets of Sigfox, LoRa and Global Positioning System (GPS) signals are for this purpose compared
in Table 2.2. The considered LPWA and GNSS propagation scenarios, i.e. distance d and blockage/fading, are
typical and chosen such that received power levels are comparable. This is equally reflected by the typical
GNSS receiver sensitivity levels as low as —160dBm [Ubl], which is comparable to the best LPWA receiver
sensitivities (see Table 1.1).

The theoretical ranging precision (1.43) hence depends mainly on signal bandwidth, as Ep/N; levels are
comparable assuming integration durations only over a single symbol. Table 2.2 shows that GNSS achieves best
ranging precision while Sigfox time based ranging is practically impossible due to UNB communication.
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Frequency band i Channel (Pt) max .
q y Band in MHz bandwidth ERD Access techniques
ISM 169 MHz
. 169.400 — 169.475
CEPT Aq, f] Non-specifi < 7 <1% le or LBT
short range dlevji::les omspeete (750 kHZ) <50 kHz 27 dBm = 1% dUty cycle or B
169.400 — 169.4875
CEPT Aq, f4 Non-specif < 01%
hort range dlevé 4 Nonspecific (87.5KHz) n/a 10 dBm < 0.1% duty cycle or LBT
. 169.400 — 169.475
CEPT Ajp, b Tracking, dat < < 10%
acquisition 2 recne, (75.0 kHZ) < 50kHz 27 dBm < 10% duty cycle
ISM 433 MHz
. 433.050 — 434.790
CEPT A7,97 Non-specifi < 10%
short renge dlevi 1 Non-specific (174 MHz) n/a 10 dBm < 10% duty cycle or LBT
. 434.040 — 434.790
CEPT A1,93 Non-specifi <
short range &ev?czs oepeete (75000 kHZ) = 25kHz 10dBm n/a
SRD 868 MHz
< 0.1% duty cycle or LBT or
gEPhT o 863.000 ’(gﬁgg()’ < 100kHz 14 dBm < 1% duty cycle if
Noy—sp}:é:}ﬁc s]}é%t ranlg.g devices 865.000 — 878.000 MHz
CEPT Ay, ] Tracking, data 865.000 — 868.000 < 200 kHz 27 dBm < 10% duty cycle if access
acquisition (3MHz) - +APC | point, else < 2.5% duty cycle
. 863.000 — 868.000 < 10% duty cycle if access
CEPT Aj,a Wideband < = y ¢y
transmissions e (5MHz) = 1MHz 14dBm point, else < 2.8% duty cycle
NB-IoT/LTE 900 MHz
ETSI/3GPP e.g. 880.000 — 915.000 180kHz | < 33dBm licensed
(35 MHz)
ISM 2400 MHz
. 2400.0 — 2483.5 10 dBm
CEPT Aj,i Non-specifi
short range delvices oepeete (835 MHZ) n/a EIRP n/a
. 2400.0 — 2483.5 20dBm
CEPT As,b  Wideband
transmissions 3 e (835 MHZ) n/a EIRP eg. LBT

TABLE 2.1 — Overview on SRD, ISM [CEP18] and licensed band [ETS17] regulation relevant for LPWA network applications.

Localization precision for GNSS is further improved in the presence of clear LoS links between satellites in the
sky and the receiver. Whereas LPWA propagation channels are generally horizontally oriented and are impacted
by strong multipath and blockage in urban environments (see Chapter 2.3). GNSS receivers attain high precision
due to continuously tracking multiple satellites that allows profiting from satellite movement, to smooth temporal
variations and to detect outliers, i.e. by excluding low quality satellite signals from the location solving process.
Continuous operation of LPWA transceivers and dense network deployment for improved positioning performances
are contrary to long-range and power consumption constraints.
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Sigfox 868 MHz LoRa 868 MHz GPS C/A L1 1575MHz

Transmit power P 14 dBm 44 dBm
Transmit antenna gain G¢ 0dBi 13.4dBi
Friis free-space loss (1.1) —31.2dB-72dB —36.4dB—146dB
(d = 4km) (d = 20200 km)

—40dB —4dB

(Blockage/fading) (Atmospheric/polarization

(arbitrary chosen, but

realistic in the LPWA context) mismatch IOSS)

Receive antenna gain Gy 0dBi

Receive power Py —129.3 dBm —129.1 dBm
Data rate R 100 bit/s 0.366 kbit/s 1kbit/s

(m=12)

Noise figure Ng 6dB

Receive E, /Ny 18.7dB 13.1dB 8.9dB
Bandwidth B 100Hz 125kHz 1023 kHz
Ranging precision cg4/Var <t/1§) > 55km 84.4m 16.8m
(assuming a single symbol for estimation)

TABLE 2.2 — Link budget comparison for LPWA technologies and GNSS.

2.2 HARDWARE DEPENDENT CHALLENGES

Besides system-imposed limitations to precise LPWA positioning, hardware impairments and constraints are
equally limiting localization performances.

2.2.1 CLocCK IMPAIRMENTS

Digital systems require a clock source that sequences the different processing steps. For wireless communication,
clock sources are further used to derive analog signals such as waveform and carrier. An ideal clock source produces
regular oscillations characterized by the oscillation period Ty or frequency fw, linked by

fw= % (2.1)

The signal sy of a sinusoidal oscillator can be given in complex notation by
sto(t) = ), (2.2)

where oscillator phase ¢ is given by the temporal integration of instantaneous carrier frequency fiw (¢) and simplifies
for an ideal oscillator with fiw () = fw to

t

P(t) =27 / fw(y)dy = 27 fwt. (23)
0

Real oscillators however have various impairments and actual phase can be modeled by

t

p(t) =27 [ fur (1467 +84(1) dy + pon (1) (24)
0

The different contributions and impairments in (2.4) are given by:
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e Ideal frequency fy is the nominal defined frequency of the oscillator.

¢ Relative frequency offset J; is a time invariant discrepancy to the nominal frequency. Such a frequency
offset arises if the oscillator is not calibrated. Aging effects are slow variations over time intervals much larger
than time duration required for transmission and reception. In the following, they are therefore considered
as a constant frequency offset.

¢ Relative frequency drift 25}(1‘) is the short term variation of the oscillator frequency due to power supply
variations, thermal changes i.e. at the start-up of the device and other environmental influences.

e Phase noise ¢py comprises short to ultra-short term variations of the oscillator output. Phase noise
is due to the transformation of amplitude fluctuations into phase fluctuations, and hence, results from
the amplification and integration of noise sources in the circuitry, ie. white noise (fY) and flicker
noise (f 1). A standard model [Dem06] for phase noise, neglecting flicker noise, combines a white Gaussian
process g, i.e. amplification of white noise (f O) and a Wiener process ¢w, called Gaussian random-walk (f _2),
resulting from the integration of white noise

9eN (1) = 95 (1) + gw (1), 9g(t) ~ N (0.03), (2.52)

t
Pw(t) = /54>w(7) d, Spw (t) ~N<o,a§,), (2.5b)
0

with corresponding variances 0’§ and 03,

Figure 2.4 illustrates the time signal and spectrum of an ideal and a real oscillator with different impairments.
While a single spectral ray represents the spectrum of an ideal oscillator, frequency drift broadens this spectral
ray. The Gaussian phase noise process adds a constant noise floor to the spectrum, whereas Gaussian random-walk
introduces a f—2-dependent noise to the spectral ray.

Practical characterization of real oscillators is achieved by measuring, with a spectrum analyzer, their single-side
phase noise spectrum Lgjnole sige (4f) With f being the offset frequency from the nominal oscillator frequency. As
resolution bandwidth Bres of a spectrum analyzer cannot be arbitrarily small, phase noise spectrum measurements
for small offsets §f < 100 Hz are falsified.

In order to overcome this shortcoming of spectrum analyzer based characterization, phase noise at small
offsets, i.e. f ~1 flicker noise and f ~2 random-walk, can be measured in time domain. Therefore, the so-called Allan
Variance [All83] characterizes temporal frequency stability on different time scales. The Allan Variance is based
on multiple measurements of the average relative frequency gk over successive intervals [t + (k — 1)T,t + kT) of
duration T and it is defined by

(72 (T) B 1 Kil <
Allan 2(K—1) =

_\2
T —5fk) . (2.6)

As the Allan Variance compares the difference of frequency measurements in adjacent intervals, frequency
fluctuations over intervals shorter or longer than the interval T have no impact on the Allan Variance. As a result,
Allan Variance gives frequency stability as function of the observation interval T.

The relationship between Allan Variance Uillan in time domain and the phase noise power spectral
density Spp,, (df) is given according to [WA86] by

Tattan(T) = (fuTR

Bm
2 .
7 / Sppn, (0F) sin (S FTV(5F), 2.7)
0
with measurement bandwidth By, over which the phase noise has been measured.
For small phase variations, phase noise power spectral density Sp (0f) and single-side phase noise
spectrum Lg;oleside (0f) are linked through

S4’PN(5f) ~2: [’Singlefside((sf)- (2.8)

Figure 2.5 depicts the typical Allan Variance of different oscillator technologies. Frequency stability attains an
optimum, which separates short-term and long-term stability.

LPWA nodes integrate basic, low accurate clock sources, e.g. a quartz, to comply with low-cost and
low-complexity requirements. Hence, transceivers, modulation and communication protocols are designed to
support large clock offsets, e.g. up to £20 ppm [Sem16] and corresponding frequency drifts.
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(b) Real oscillator with a sawtooth-like up-down clock drift of £10kHz/0.5ms.
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(c) Real oscillator with Gaussian phase noise ((7§ = 0.082).
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(d) Real oscillator with Gaussian random-walk ((75, =0.052).
FIGURE 2.4 — Time signals and spectra of an ideal and real oscillators with nominal frequency f = 20kHz.

Besides the impact on communication, clock impairments have to be considered also for ranging and localization,
especially in time and phase based techniques. For illustration, the impact of time invariant frequency offset  on
time based ranging is studied according to [SGGO08] in the following. Considering Figure 2.6, the Time of Flight (ToF)
and the response time can be defined as

21X LX)

T =t =, (2.92)
Tr[gponse = t]g - tg]- (2.9b)

Due to constant frequency offset § I the time duration which a node measures or waits locally, and the real time
duration are linked by

local real

X — rlX] (1 +5}X]) . (2.10)

For a positive frequency offset 5, > 0, the local clock runs faster and a node measuring a time duration counts
more clock cycles than at nominal frequency, therefore the node locally believes it has measured a longer duration.
Analog, a node configured to wait a certain time duration, actually waits shorter as its clock is running faster.

Considering the basic two-way ranging in Figure 2.6a, the real ToF is given by
1 2
TToF][reLl =21+ Tresponse[ ]

real”’

(2.11)
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FIGURE 2.5 — Typical oscillator frequency stability ranges [Vig16].
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FIGURE 2.6 — ToF ranging protocols for frequency offset mitigation.
However, range estimation according to (1.48) is based on the locally measured or believed time durations
1] 2]
J= o TToFlgcal — Zresponselocal (2.12a)
2 1 2 2
(21’ + TresponseLL) (1 + (5} ]> - Tresponsel[reld (1 + 5} ])
= 5 (2.12b)
g2 o _ gt
1 2 1 2
=T + co T&J[‘. } + o TresponseEe]alf =T + co T(Sf[. ] =+ co Tresponsel[olali[z]' (212C)
(1507

The first term in (2.12) corresponds to the real range d, whereas the second term accounts for the clock offset of
node 1 with respect to real time. For a range d = 10km this induces a 1 m ranging error considering a frequency

offset (5}” =100 ppm. This error is no correctable without a precise external time reference, however it is small
compared to ¢y T and hence neglectable. The third term reflects the clock mismatch error between node 1 and

node 2 and the fact, that the actual response time TresponseELI, varies from the nominal time duration Tresponsel[g]cal
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known to node 1. Three cases exist:
e Identical frequency offset, 5}1] — 5}2] = 0: The real response time of node 2 is compensated by the same clock

offset on node 1.

e Node 1 running faster than node 2, (5}” - (5][(2] > 0: Node 1 counts more clock cycles on the estimation

of TTOFE%LI’ resulting in a over estimation of the ToF and hence a positive range error.

e Node 1 running slower than node 2, (SJ[[H - 5}2] < 0: The response time of node 2 is shorter than the nominal
duration known to node 1, resulting in a negative range error.

This third term is in general the dominant error and needs to be corrected to obtain valid range estimates.

Considering a relative frequency offset (5][(1] — (5][(2] = 2ppm and a LPWA typical response time Tresponseﬁil =1s

result in a range error ¢y - 1s-2ppm/2 = ¢y - 1ps = 300 m.
Different strategies can be adopted to compensate this frequency offset induced error:

e CFO estimation: Both nodes perform synchronization on the packet preamble (see Figure 1.14) in
order to align the receiver in both time and frequency, to correctly receive the data following the
preamble. The receiver has hence an estimation of the relative frequency offset between itself and

the transmitter. This CFO estimation (1+5][(1]) / <1—|—5][(2]) can be used to calculate the response

time Tresponsel[ﬂal <1 +5}1]) / (1 +5j[’2]) to use it for range estimation calculation in (2.12a) instead

2
of Tresponsel[olal~

For a maximum residual ranging error ('EE) , the required relative frequency offset estimation precision
max

can be derived from (2.12) and is given by

(e@)max < M. (2.13)

2
g Tresponse Eelll

. : . 2] - .
For a residual ranging error (eg) i < 1m and a response time Tresponse gy = 15 CFO estimation precision

of ~ 6 ppb is required. Techniques based on this strategy are adopted by e.g. [Sem16; DCM18].

e Multi-way packet exchange: Instead of performing only a two-way packet exchange, variations such as
depicted in Figure 2.6b or Figure 2.6c are possible and allow correcting the frequency offset error.

The three-way packet exchange depicted in Figure 2.6b supposes that node 2 responds with two packets

ensuring that the two response times Tresponsel[i]cal and Tresraonsegom are identical. This enables node 1 to

measure the real response time Tresponse[Zzleal in its own time basis as Tr%ponse[zl%ocap before using it in (2.12a)

1] (1]
4 _ . TToFlocal — Tresponsep jocal
=y 3
2 1 2 1
(21’ + Tresponse[llleal) (1 + (5} ]) — Tresponseglleal (1 + (5} ])
(1 + 5}”)
1 2
=T+ T&J[( } +cp (Tresponseglleal - Tresponsezlreal) 5 (2.14)

!
~0
To relax the requirement for sending two packets with identical response time, the double-sided two-way
ranging with three packets, where the middle packet is used by both of the two inversed two-way exchanges,
can be adopted as illustrated in Figure 2.6c. Range is calculated according to
1 2 1 2
TTOFl[o}cal ) TTOFl[o]cal — Tresponsel[o]cal ) Tresponsel[o]cal

= .
(1] 2] (1] 2]
TTOFIocal + TTOFlocal + Tresponselocal + Tresponselocal

)

(2.15)
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Defining 5}“ X _ (1 + 5}X]), (2.15) can be rewritten as
1 2 1 2
(ZT + Tresponsegﬂ) (5;_[ L (ZT + TresponsePeLl) (5;_[ - TresponseELI(S;—[ y Tresponseﬁlﬁ}—[ ]

[y Tresponsel[rgil(s;_ :

d

2 1 1 2 1
(2T + Tresponsel[rell) 5}_[ } + (ZT + TresponseLjﬂ) 15;_[ ] + TresponseLLlé}—

1 2 2 1 1 2
5;—[ }5}_[ ] {(21’ + TresponseQﬂ) : (ZT + Tresponsele]al) - TresponseL]al : TresponseEeLI

(5? [1] + 5}"" [1]) I:ZT + Tresponseﬁlll + Tresponseﬁlﬂ}
(5; mfs}r s {472 +27 (Tresponsel[,gﬂ + TresponseEL)} 20T [1](5? 2
=y =T . (2.16)
( of [ of m) {ZT + Tresponsel ), + Tresponse 1} 5 O 5 2]
After re-expansion, the estimated distance is given by
ol 2 (1 + 5}”) (1 + 5@) oI 4502 4 2512
- O B T Y (1) T ST )
foT top )ttty Fo
Distance dependent ranging error
[ s2]
6. +0
R~ co'r—l—coru. (2.17)

2

Frequency offset dependent ranging error is minimized and the error is only proportional to distance d, but
not to response time Trgsponse.

For phase based ranging and localization systems, frequency offset, frequency drift and phase noise become
even more dominant issues, as frequency errors integrate to phase errors over time. Therefore, GNSS systems
continuously track phase over time, to precisely estimate and correct frequency induced errors.

LPWA two-way ranging according to Figure 1.16b has to consider that the phase relation between node 1 and

node 2 varies over time in the presence of frequency offsets. As a result, the two phase measurements @[T"’Rk}

and @[Tk’Ri} in (1.65) need to be corrected by the phase offset resulting from relative CFO integration between the
two phase measurement times. A complete framework and details are given in Chapter 3.2.

2.2.2 CoMPATIBILITY OF EXISTING LPWA TECHNOLOGIES AND ACCESSIBILITY TO LOCALIZATION
METRICS

Gaining access to radio localization metrics from the physical layer is a necessary hardware requirement for
radio signal based positioning. UWB chips [Dec15] allow controlling Time of Departure (ToD) t1y and returning time
stamps of the estimated ToA £, for received packets. GNSS receivers pass raw code pseudo range i.e. ToA estimates
and carrier pseudo range i.e. Phase of Arrival (PoA) estimates directly into the integrated positioning/navigation
processor to derive location, dedicated GNSS chipsets grant access to these raw data [Ubl] for external, custom
processing.

LPWA radio modules are designed to meet low-power, low-complexity and low-cost constraints and are initially
intended for data transmission only. While most radio chips implement Quality of Service (QoS) indicators such
as the Received Signal Strength Indicator (RSSI), gaining access to precise time and phase information is not a
straightforward task. It is even impossible if chipsets are not designed for giving access to those metrics. LoRaWAN
networks provide node position estimation through uplink TDoA (see Chapter 1.6.1.2) with GNSS synchronized
base stations and specific base station hardware [Sema; Semc] allowing to time stamp uplink packets. LPWA nodes
with unmodified hardware can be used and a single uplink packet is sufficient for position estimation on the base
station side. New radio chips e.g. [Sem17b], combine LPWA features and ranging functionalities, such as a two-way
ranging protocol automated on the physical layer and range estimation.

LPWA localization has to consider not only positioning precision, but also the impact, that specific hardware
requirements have on system complexity, power consumption and cost.
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Channel impluse
s(t) : response h(T;t) % r(t)

FIGURE 2.7 — Tapped delay line channel model [Pro01].

2.3 CHANNEL LIMITATIONS

System and hardware limitations have a significant impact on positioning. However, addressing all these
through adapted techniques does not guarantee accurate and precise positioning as the physical propagation
channel remains as ultimate factor, possibly limiting localization performances. Multipath propagation and
interference add additional noise and biases to radio localization metrics, and hence need to be taken into account
in the location estimation process. These issues are outlined in the following and their specific impact for LPWA
positioning is compared to the one on GNSS and UWB localization.

2.3.1 TarpED DELAY LINE CHANNEL MODEL

The linear time variant filter channel [Pro01] depicted in Figure 2.7 is the standard model characterizing physical
radio channels. The time variant channel impulse response h(7;t) represents the impulse response of the channel
at time t. Considering multipath propagation, the channel impulse response can be given in the form

P(t)-1
h(t;t) = Zo ap(t)s (t—1p(t)), (2.18)
p=

with P being the number of signal paths, time-varying complex path amplitude a), and path delay 7. Its frequency
dual is given by the channel transfer function

P(t)—1 ‘
H(f;it)= Y. ap(t)e 2w, (2.19)
p=0

As a result, transmit s(¢) and receive signal r(¢) are linked by
P(t)—-1
)=Y ap(t)s (t—1p(t)) +n(t), (2.20)

0

r(t) =s(t) « h(t;t) +n(t
P

with Additive White Gaussian Noise (AWGN) n(t).

2.3.2 CLASSIFICATION OF PROPAGATION CHANNELS

Wireless radio channels can be roughly classified into three groups as illustrated in Figure 2.8:

e Free-space: The channel impulse response is characterized by a pure delay corresponding to the straight line
and hence distance between transmitter and receiver. The channel impulse response simplifies to

h(t;t) = ag(t)d (T — (1)) . (2.21)

e LoS: The transmitted radio signal arrives at the receiver via the direct LoS path but also via paths that are
reflected in the environment. For LPWA scenarios, such reflections arise e.g. from nearby buildings. It has to be
considered that optical LoS and radio signal LoS are not identical. A rough indicator for the LoS condition is the
clearance of the 15! Fresnel zone (see (1.34) and Appendix A). As visible light and sub-GHz wavelengths differ
by a factor Awgyb-GHz/ Awvisible light & 5.5 % 104, optical LoS does not strictly infer radio LoS propagation. For
the purpose of illustration, a distinction between the following two scenarios can be made:

— Weak multipath: The channel impulse response is composed of the direct path and multiple reflection
paths whose amplitude is weaker than the first/direct path |ay| < |agl, p =1,..., P~ 1.
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FIGURE 2.9 — Macroscopic propagation channel characteristics.

— Strong multipath: At least one multipath component has an amplitudes larger than the direct/LoS
path [ap| Z lagl, p > 1.

e NLoS: The direct/LoS path is strongly attenuated compared to the multipath components. This situation
may arise from obstruction of the LoS through objects. In this case of severe attenuation, the LoS path may
experience additional delays due to the materials it passes through.

2.3.3 Macroscopric PROPAGATION CHANNEL CHARACTERISTICS

Various macroscopic indicators can be defined based on the presented channel types, characteristics and the
underlying physical phenomena.

2.3.3.1 TIME DoMAIN CHARACTERISTICS

In the following, the delay profile from (2.18) is considered. An arbitrary channel in Figure 2.9 illustrates the
main macroscopic indicators presented in the following. The delays 7 include the overall propagation delay due to
the distance between transmitter and receiver, so in theory 1y = d/cy.
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Power gain

Average power gain of the delay profile h(7; t) is given by

P()-1
£ =E [InmoP] = L lap(n)* (222)
p=0
Maximum Amplitude
The maximum path amplitude is given by
hmax(t) = mr.;ax{|ap(t)\} . (2.23)

Delay of Maximum Amplitude or Power

The delay of maximum path amplitude/power is given by
T () = {Tp(t) - max { |ap(t)|}} - {Tp(t)  max { |ap(t)|2}} . (2.24)

Mean Delay

The mean delay T is defined as the first moment with respect to the delay 7 of the power delay profile |/(t; t)|?

P(t)—1

2

e (nwoP] A lap(5) 2 (1) N

T(t) = Eq [|(T:t)2]  P(H)-1 : (2.25)
FEO lap(t)[2

Mean Excess Delay

The mean excess delay T, is defined as the difference between the mean delay T and the first path delay T

P(t)-1
E; [|h(r; £)[2 )y lap (D)2 (tp(t) — (1))
rel =TT Eq [h(mhlP] 0 = 5 : (2.26)
T L 0P

Maximum Excess Delay

The maximum excess delay Tmax is defined as the time delay difference between the longest path still above a
threshold power y1,,,, and the first path

Timax(1) = max {Tp®)  ap())2 > Vemax } — 0(0). (2.27)

Root Mean Square Delay

The Root Mean Square (RMS) delay is defined by

P(t)-1

ap(t)|2T3(t
ts(t) = E [[h(T;H)[?] ,EO lap(t)[275(t) -
N\ Eq [Jh(t0)]2] P(t)—1 : :
\ Eq [[a(z;1)]?] Y lap(t)2

p=0

For channel responses with a long propagation delay, the overall propagation delay 1 will be large and so the RMS
delay. Without the knowledge of the first path delay 7, this metric does not allow to characterize a channel in terms
of multipath propagation.
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Delay Spread

The delay spread is defined as the standard deviation or square root of the second (central) moment of the power
delay profile

Sl J E2 (Il (E [l(z;1) 2] )2 _ =

Ey [Ih(z:0)] E ooR B [ron ) — Y s T

L lap(1)12 (tp () — T(1))
= P ) (2.29)
Y lap(t)2
p=0

It is a measure for the temporal dispersion of the channel. Different propagation environments can be characterized
by different delay spreads as depicted in Table 2.3.

Delay Profile Kurtosis

The Kurtosis [MGWW10] is defined as the fourth central moment of the amplitude delay profile

Eq [(1h(v;t)] — By [[n(;6)))*]

ke(t) = , (230
(Bx [(n(m: )| = Eq [In(m 012 )
and it is a metric capturing the tailedness [Pea05] of the Channel Impulse Response (CIR).
Rise Time
The rise time [MGWW10] measures the steepness of the rising edge in the amplitude delay profile
trise (t) = tr(t) — (), (2.31)
where
(1) = min {2 (1) a(t)] = 70, 0} (2322)
(1) = min (1) : ()] = 7oy (1)} (2:32b)

with noise floor oy, Yap, >0 and 0 < Yag < 1.

2.3.3.2 MULTIPATH SPREAD
Based on the low-pass channel impulse response i(7;t), the autocorrelation function can be defined, according
to [Pro01] as
1
Qh,h (Tl, Tz;At) = i]E [h*(Tl;f)h(Tz; t+ Ai‘)] . (2.33)
For uncorrelated scattering, i.e. when amplitude and phase shifts of delay 7; are uncorrelated with those of
delay 1, (2.33) simplifies to

%]E [I/l* (Tl;t)h(TQ;f+ At)} = Qh’h(Tl;Ai’)(s (Tl . Tz) (2.34)

and with At = 0, the autocorrelation function is called multipath intensity profile or delay power spectrum
Qh,h(T) = Qh,h(71;0)~ (235)

The multipath spread Ty, is defined as the range of delays 7 for which ‘Qh,h(f)’ > 0. Multipath spread Tm and
delay spread o are empirically proportional, as they measure the same physical phenomenon.
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2.3.3.3 COHERENCE BANDWIDTH

Analog to the multipath spread, the spaced-frequency, spaced-time correlation function of the channel transfer
function H(f;t) can be defined, according to [Pro01] as

Qp (Af;At) = %]E [H*(f;t)H(f + Af;t+ Ab)] . (2.36)

Considering At = 0, (2.36) simplifies to the spaced-frequency correlation function

Qp,u(Af) = Qy H(Af0). (2.37)

The relationship between (2.35) and (2.37) is given by Fourier transform. Subsequently, the coherence bandwidth
can be defined by

1
BCOh = E, (238)

corresponding to the bandwidth over which the channel transfer function has an approximately constant amplitude
and a linear phase shift. It can be deduced from (2.38), that coherence bandwidth B_,}, and delay spread o are
equally, empirically inverse proportional. Common definitions [Rap+96] are

09 _ 1
BCOh - %' for ‘QH,H (Af)‘ >0.9, (2.39a)
1
Bgfh = 5o for |Qp (Af)| > 05. (2.39b)

For signal and system bandwidths smaller than the coherence bandwidth, the channel is frequency flat, whereas
bandwidths larger than the coherence bandwidth require adequate channel estimation to compensate the frequency
selective fading. This can be achieved i.e. in Orthogonal Frequency Division Multiplexing (OFDM) systems through
subcarriers that are modulated with pilot symbols for channel estimation.

2.3.3.4 COHERENCE TIME

Considering (2.36) with Af = 0 allows to establish the spaced-time correlation function [Pro01]
Qp H(At) = Qp H(0;At), (2.40)

from which the coherence time T}, can be defined as the time over which the spaced-time correlation function is
above a certain level. The coherence time is the period over which the channel can be considered as time invariant.

2.3.3.5 DOPPLER SPREAD

Temporal variations in the channel impulse response are the result of movements in either transmitter position,
receiver position or the propagation environment, or a combination of the aforementioned. The time variant channel
is characterized by the Doppler power spectrum [Pro01]

Sp(f) = / Qp (0, A)e 12 A g, (2.41)

—o0

The Doppler spread By is defined as as the range f for which |Sp(f)| > 0. As (2.40) and (2.41) are linked by Fourier
transform, Doppler spread and coherence time are related by

(2.42)

2.3.4 FADING CHANNELS

The amplitudes of the different path components are varying due to different physical phenomena such as
attenuation on a reflecting object or obstacle to pass. This so-called large-scale fading depends on macroscopic
variations in the environment. Furthermore, multiple paths of similar delays combine in constructive or destructive
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FIGURE 2.10 — Amplitude probability distribution for Rician and Rayleigh fading with€ =1 and &}, = 9.

manner depending on their carrier phase shift (see Chapter 2.3.6.1). This phenomenon is called small-scale fading
as caused by variations on the carrier wavelength scale.
Transmitting an unmodulated carrier s(t) = e/27/w! through a multipath channel, results in the received signal

) P-1 ;
r(t) = s(t) x h(T; t) = /27 fwt Y ap(t)e_ﬂ”fwfﬂ(t), (2.43)
p=0

(8]

when noise 7 is neglected.
For a sufficient large number of paths P, the amplitude of the received signal |r(#)| can be modeled, according
to the central limit theorem, as Gaussian process:
¢ Rician fading: In the presence of multipath, i.e. the channel has a non-fading LoS path, called specular
component. Subsequently, the in phase I and quadrature Q component can be modeled by statistically
independent Gaussian random variables of mean pj and jq, respectively. The average specular, LoS power
gain is given by &1 o5 = y% + yé. Consequently, the amplitude probability distribution is given, according to
the so-called Rician distribution, by

pallr) = 5 A

_MztELoS) 2074/ E
Me< =) ( Irly/ LOS), (2.44)

Oth

with average channel power gain € according to (2.22) and modified 0'-order Bessel function of first kind Ij.

e Rayleigh fading: In the case of NLoS propagation, the specular component is not present and (2.44) simplifies
to a Rayleigh distribution given by

2 (-1F)

, |

pallrl) =g e £/, (2.45)
Figure 2.10 illustrates the amplitude distribution functions for both Rician and Rayleigh fading.

2.3.5 TypricAL OUuTDOOR CHANNEL MODELS FOR LPWA NETWORKS

For the design, benchmarking and comparison of telecommunication systems, i.e. signal waveform, modulation
or error correction schemes, numerical simulations are a crucial step before implementation and field trials. For
this purpose, channel models are used to simulate the real propagation environment with different degrees of
complexity and realness. These channel models are obtained through theoretical considerations or in-situ channel
measurements/sounding.

Typical outdoor channel models suited for sub-GHz communication scenarios and hence applicable to LPWA
networks are:

e The 3rd Generation Partnership Project (3GPP) Extended Typical Urban (ETU) channel model is designed for

benchmarking mobile communication systems [3GP08].

e The European Telecommunications Standards Institute (ETSI) European Co-Operation in the field of
Scientific and Technical research 259 (COST 259) channel models are designed for usage in Universal Mobile
Telecommunication System (UMTS) systems [ETS10]. Typical but simplified realization of the COST 259
channel model are:

— The Typical urban (Tux) channel model comprising a single cluster of Rayleigh fading paths.
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FIGURE 2.12 — Simplified ETSI COST 259 channel model realizations [ETS10].

— The Rural area (Rax) channel model comprising a single cluster of Rayleigh fading paths and a Rician

fading path.

— The Hilly terrain (HTx) channel model comprises two clusters of Rayleigh fading paths.

e The WINNER channel model offers besides the tapped delay line model equally modeling of angular

information [BRO7].

The aforementioned channel models can be compared to channel models used for GNSS and indoor i.e. UWB
systems, in order to illustrate the different channel imposed limitations for localization:

e GNSS channels vary largely depending on the terrestrial environment and the satellite elevation angle. LoS
and NLoS scenarios are possible and large delay spreads up to 15 ps are observed [JBH96].

e The International Telecommunication Union (ITU) indoor models A (low delay spread) and B (median delay
spread) are designed for the 2 GHz frequency band and indoor office environments [ITU97].

e The channel model adopted by the IEEE 802.15.4a standard [Mol+06] has denser multipath profiles and hence
presents harsher conditions than the I'TU models. [Mol+06]

Figure 2.11, Figure 2.12 and Figure 2.13 show realizations for the aforementioned channel models, while
Table 2.3 gives an overview on the macroscopic characteristics. It can be concluded that UWB systems usually
profit from short delay spreads compared to LPWA scenarios with strong multipath or even NLoS communication
inducing large delay spreads. GNSS and terrestrial LPWA both face large delay spreads. However, because high
elevation satellites are typically in LoS condition, GNSS channels are characterized by Rician fading, while LPWA

channels will most likely be of Rayleigh type.



CHAPTER 2. CHALLENGES FOR LPWA RADIO BASED POSITIONING

0.8 - B
0.6 - B
0.4 B
02r B

Amplitude [h(T;t)|

I I I . I L] I ] I . I Y I I I I I
0 5.170-201 015 02 025 03 035 04 045 05 055 06 065 07 075 08 08 09 095 1

Time in ps
(a) Indoor A.
1

0.8 =
0.6 - 4

2 T ;

0 I I I I I I I I I I
0 5.107201 015 02 025 03 035 04 045 05 055 06 065 07 075 08 08 09 09 1

Amplitude |h(T;t)|

Time in ps
(b) Indoor B.
FIGURE 2.13 — ITU indoor office environment channel model realizations [ITU97].

Channel Mean Excess Delay Coherence
model Delay 7, in ps Spread o7 in ps | Bandwidth Bgfh in kHz
ETU 0.561 0.991 202
HTx 0.894 3.040 66
Tux 0.500 0.500 400
Rax 0.089 0.100 2000
Indoor A 0.024 0.037 5402
Indoor B 0.068 0.099 2015

TaBLE 2.3 — Overview on macroscopic characteristics for LPWA, GNSS and indoor propagation channel models.

2.3.6 PROPAGATION CHANNEL IMPACT ON LOCALIZATION METRICS

In the following, the impact of channel limitations on typical LPWA localization methods is outlined with the
aim to summarize the challenges for LPWA radio signal based localization and to sketch up the research questions
as well as the hypotheses made in the following chapters.

2.3.6.1 RSSI

Parametric, model based RSSI ranging/localization will be feasible in close to free-space propagation scenarios.
However, finding a generally valid path loss model is difficult due to obstruction causing large offsets in the path

loss
Pr

L = —. 2.4
path = GGy (2.46)

Moreover, small-scale fading due to constructive and destructive combination of paths with similar delay result in
large RSSI variations over short-range variations in the order of the wavelength.

Considering a two-ray propagation scenario as depicted in Figure 2.14 with a base station antenna at height h;,
and a mobile node antenna at height /iy, the received signal can be given by

r(t) = so(t—(d) D) a(zy(d))
+50 (t—1(d)) 2tfw(t=11(d) g7 (a)), (2.47)

with attenuation a according to Friis law (1.1), delays 7; depending on antenna height and distance d. Considering
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the baseband signal s to be sufficient narrowband, i.e. s (t — 19(d)) =~ sg (t — 71 (d)), (2.47) can be simplified to
r(t) = sq (t — 1o(d)) 2fw(t=0(d) 5(,(d)) {1 + a(ry (d)) eﬁﬂfw(To(d)*ﬁ(d))} . (2.48)

a(t9(d))

Two-ray propagation impact — Lpath

Transmit signal
Figure 2.15 illustrates the path loss

Loath = , (2.49)

a(t(d)) {1 + % 27 (0(d) 7y (d))}

over transmitter to receiver distance d for the two-ray propagation model, considering perfect ground reflection,
as well as for free-space propagation according to Friis law with a path loss exponent y; = 2 and the Hata
model [Hat80].

The two-ray model illustrates how constructive interference of the two paths adds 3 dB compared to free-space
propagation, while destructive interference causes fading signals. The path loss according to the empirical Hata
model has a path loss exponent v} ~ 4. Deriving ranging information for the RSSI requires prior knowledge of the
present propagation scenario type/parameters, e.g. vy, in order to derive appropriate algorithms and associated
parametrization. While parametric estimation suffers from arbitrary obstruction and small-scale fading, these
features can be exploited in fingerprinting like approaches, which profit from large variations in the RSSI. However,
fingerprinting methods require up to date RSSI maps, which is a challenge in time variant environments, i.e. varying
obstruction through moving vehicles or the construction of buildings.

2.3.6.2 ToA

Free-space propagation is the ideal case for time based ranging methods, as the propagation delay is directly
linked to the inter-node range. Multipath propagation adds further paths to the channel impulse response that,
because of small-scale fading, can have larger amplitudes than the direct path despite their longer path. The ability to
resolve the different paths in the channel impulse response depends on the signal bandwidth. Figure 2.16 illustrates
the same radio channel, once sounded with a narrowband waveform and once with a wideband signal. The latter,
results in a clear distinction of the multiple paths. However, in the case of the narrowband waveform, neighboring
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(c) Wideband channel response (B = 10 MHz).
FIGURE 2.16 — Time resolution for ToA estimation in a multipath channel.

paths overlap and are superposed in the resulting channel response estimation. High-resolution algorithms [Sch86;
PRKS85; RK89] allow reducing the impact of multipath components on the estimation of the first path.

NLoS propagation, where the first path is strongly attenuated or completely absent, results in large ranging
biases as only the delay of longer multipath components can be measured. Direct path prediction can be achieved
in mobile scenarios based on the temporal evolution of multipath components [MDDU17]. Other methods include
prior knowledge of the reflecting environment in a geometric approach to derive position in first path denied
scenarios [Mei14]. These methods however require sufficient temporal resolution to track multipath components.
Demonstrations in real setups are limited to (indoor) scenarios with UWB waveforms. Considering the positioning
process, if more ranging estimates than the required minimum are available, a subset of unbiased ranging estimates
can be selected to exclude NLoS measurements.

2.3.63 PoA

Phase shifts and propagation delays are proportional. In a free-space propagation scenario, range can be directly
deduced from phase measurements considering ambiguity-resolving strategies as introduced in Chapter 1.5.2.8. In
the case of coherent multi-channel ranging, i.e. pushing the ambiguity further away, the bandwidth is virtually
increased through a sequential frequency hopping scheme Chapter 3.1, offering an improved temporal resolution
of multipath components. As the concept is based on the extraction of range information from phase differences
sequentially obtained over multiple frequencies, a time invariant scenario is required. Mobility during the sequential
frequency hopping will result in additional contributions to the phase differences. Considering indoor LoS
propagation with no/weak multipath, these additional phase terms can be linked to the node mobility and the
estimated range/position corresponds to the temporal average during the frequency hopping process [PSSV09b;
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Sch11]. The additional phase terms most likely become random in outdoor scenarios with strong multipath and
subsequently range estimation fails in mobile scenarios.

Resolving the ambiguity by determining the number of carrier cycles between the node and the base station,
as e.g. in phase based GNSS systems, requires almost free-space or LoS propagation with weak multipath. Strong
multipath and obstructed visibility through nearby trees result in random phase shifts and makes carrier phase
based positioning with centimeter-level accuracy very challenging [SD07].

2.3.7 TiME VARIANT CHANNELS

The time variation of the propagation channel can be beneficial as it allows statistical averaging of multiple
measurements, e.g. RSSI measurements can be averaged to mitigate small-scale fading. However, phase based
techniques, require either static conditions or a tractable mobility model combined with tight tracking of phase
variations as phase information becomes otherwise random and useless. In the case of GNSS positioning, performing
tight tracking of the carrier phase, satellite mobility helps algorithms to converge during the step of integer
ambiguity resolution (see Chapter 1.5.2.8).

2.3.8 INTERFERENCE, IMMUNITY AND SECURITY

The radio channel considered so far is characterized by multipath propagation and thermal noise. Furthermore,
real systems need to deal with different types of interference:

e Involuntary electromagnetic emissions, e.g. through electric motors or badly screened electrical devices.

e Other communication or Radio Detection and Ranging (RADAR) systems emitting in the same frequency

band.

Involuntary emissions are regulated through Electromagnetic Compatibility (EMC) standards, while the
cohabitation of multiple systems on the same spectrum resource aims at maximized spectrum usage and hence
interference becomes unavoidable. Especially in the license free SRD and ISM bands where many LPWA systems
operate alongside others, coordinated spectrum resource allocation between different, independent systems and
operators is missing. This makes interference unavoidable [Zhe+19; BFT19]. Regulation (see Chapter 2.1.5) imposes
techniques such as duty cycle limitations and LBT strategies that aim reducing interference and to guarantee to each
user a fair access to the spectrum resource.

Considering radio signal based ranging and localization techniques, interference can be viewed as additional
noise degrading the SNR of the useful signal, deteriorating localization metrics. In the case of too strong interference,
the useful signal becomes unavailable and so the ranging/localization estimation. In the worst case, interference
alters the radio signals in such a manner, that wrong positioning information is extracted, while the user is possibly
not aware of this situation. Such altered position information can occur accidentally or intentionally through
attacks. In GNSS systems different levels of voluntary interference [KH06] are called:

e Jamming: Voluntarily making the actual radio signal unavailable, i.e. through emissions of e.g. random,
Continuous Wave (CW) or chirp waveforms with sufficient power compared to the useful signal power.

e Spoofing: Intentionally transmitting altered radio signals misleading the user, i.e. through the construction
of radio signals corresponding to a different position.

e Meaconing: As spoofing requires the exact knowledge of the signal structure and their generation, meaconing
simply replays previously recorded radio signals.

These techniques are equally relevant for LPWA localization. Integrity and security is also of concern for Internet
of Things (IoT) applications and is hence widely studied for LPWA communication [ODDM17; ARLH17] and
positioning [AEY10].

2.3.9 CHOICE OF THE FREQUENCY BAND

When designing a communication system, the choice of the frequency band needs to be considered. Different
frequency bands can be compared under several technical, commercial and marketing criteria. Table 2.4 summarizes
such a comparison.

The SRD and ISM frequency bands offer the advantage of license free and hence low-cost operation. The
unavoidable interference in these crowded bands can be tackled with appropriate transceiver and waveform design,
but also by adequate MAC layers. Antennas can be smaller in the SRD 868 MHz band and ISM 2.4 GHz band in
comparison to the low frequency bands. Finally, the SRD 868 MHz band offers a long-range and an outdoor LPWA
systems suited compromise, in terms of antenna size, free-space attenuation, building penetration and available
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Frequency band ISM 169 MHz | ISM 443MHz | SRD88MHz | GSM 900 MHz | ISM 2.4 GHz
Wavelength Ay 1773.37 mm 692.15 mm 345.27 mm 333.33 mm 124.88 mm
Antenna size
Free-space —16.99 dB —25.17dB —31.21dB —31.53dB —40.05dB
attenuation
(Coto)™®™ at dg = 1m
Maximum transmit 27 dBm 10dBm 14 dBm 33 dBm 20dBm
power (P’t)max
Propagation Sufficient obstacle/building penetration
conditions
Interference Myriad of unlicensed devices, e.g. temperature No WiFi
sensors, remote controls, interphones Blue‘;o oth
Licensed No No No Yes No
LoRa SX127x [Sem16], Si446x [Sil16]
Existing LPWA
solutions CC1125 [Tex16] NB-IoT §X1280 [Sem17b]
S2_LP [STM16]
Specificities Easy transfer
to the GSM
900 MHz
band

TABLE 2.4 — Comparison of different frequency bands for LPWA technologies and localization.

existing LPWA transceiver and network solutions. Another argument for this frequency band lies in its proximity
to the 900 MHz Global System for Mobile Communications (GSM) band. This proximity offers network operators the
easy option of migrating an entire LPWA network from the license free SRD or ISM band to the licensed spectrum
in order to address interference issues. In the optimum case, this only requires a software reconfiguration of the
network and the associated nodes.

Based on these arguments, the thesis focuses on the SRD 868 MHz band. The studied concepts can however
be equally applied to other frequency bands. Utilizing the multi-channel technique, e.g. in the ISM 2.4 GHz band
is especially appealing as a total of 80 MHz of license free spectrum are available offering increased temporal
resolution.

2.4 MOTIVATION AND THESIS ORIENTATION

The IoT aims at connecting all sorts of objects to the internet. Many of these things are either mobile or
in remote locations requiring a wireless data transfer over several hundred meters to several ten kilometers.
Furthermore, these objects are constraint in power consumption and need to be low-cost and low-complexity.
Wireless connectivity to this type of objects is typically provided with radio transceivers belonging to the so-called
LPWA networks.

Various applications require not only a wireless data transfer between the internet and the objects, but also
knowledge about location of the latter. Obtaining positioning information for wirelessly connected objects can be
achieved by different means. A multitude of technical solutions to determine the location of a device is known in the
state of the art. Most likely and especially when precise positioning information is required, objects are equipped
with a GNSS module.

GNSSs offer worldwide coverage and are hence suited to LPWA applications, as no individual infrastructure
needs to be setup. Although meter-level accuracy is achievable by adding an extra GNSS receiver to the object,
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use cases are limited to outdoor environments with clear sky visibility. Adding a GNSS receiver increases power
consumption, hardware complexity and cost considerably.

These drawbacks are the main motivation why current research and development seeks to provide precise
and accurate position information to LPWA networks by other means. Utilizing the data carrying radio signals
transmitted by the LPWA transceivers of connected objects to the base station infrastructure, or vice-versa, is
appealing in terms of complexity, cost and power consumption, especially on the objects. The existing base station
infrastructure can be used for radio signal based trilateration or triangulation techniques.

However, radio localization with LPWA signals and the corresponding hardware poses several challenges. If
precise position information is to be derived from LPWA signals transmitted over long ranges, parametric, amplitude
based approaches can be excluded as ranging precision theoretically increases proportional with range. Mapping
methods, i.e. fingerprinting, allows improving precision, but require the construction of geo-referenced amplitude
maps. Temporal variations in the propagation environment and small-scale fading make meter-level precision
impossible.

Consequently, LPWA radio signal based techniques for precise localization have to rely on time or phase
metrics as GNSSs do, which achieve meter- or even centimeter-level precision. LPWA signals are typically
narrowband to enable long-range communication. This makes radio localization challenging as precision is inverse
proportional to available bandwidth. If narrowband transmissions are considered as an inevitable system constraint,
multi-channel techniques can be employed to increase bandwidth sequentially by coherently grouping multiple
signals of instantaneously narrow bandwidth.

The multi-channel technique has been applied to other radio technologies and standards, such as “Wireless
Fidelity” (WiFi), Radio Frequency Identification (RFID) and Zigbee. There, it has been shown that the multi-channel
approach improves precision compared to single channel time based positioning techniques. Its application to
LPWA networks yet remains open and it is very appealing to implement multi-channel methods with LPWA
signals. The technique allows combining sequentially transmitted narrowband to UNB transmissions for long-range
communication with a large as well as scalable virtual bandwidth to improve localization precision.

Several challenges need to be addressed when applying the multi-channel principle to LPWA systems.
Inter-device synchronization in time, frequency and phase has to be achieved and faces clock offsets, drifts and
phase noise of low-cost oscillators. If all these hardware dependent challenges are mastered, the propagation
channel remains as positioning accuracy and precision limiting factor. Multipath scenarios impede the geometric
relationship between the position and measurable localization metrics. The multi-channel method provides an
increased temporal resolution for the propagation channel estimation and allows hence an improved resolution
of multipath components compared to single channel measurements. If this channel estimation does not provide
accurate localization metrics, the quality information can at least be used to weight the metrics accordingly in the
location solving process.

Moreover, device mobility or dynamics in the propagation channel can have an impact on localization metrics.
The impact of mobility is expected to be an even greater issue when considering long transmission times due to
narrowband waveforms and multiple sequentially transmitted packets.

The research in this thesis is oriented to investigate the feasibility of applying the multi-channel positioning
technique to LPWA networks and addresses the aforementioned challenges. Trilateration based localization
techniques rely on range measurements for position estimation. The quality of the final position estimate is directly
linked to the accuracy and precision of multiple underlying range measurements. Hence, this thesis investigates the
performances of multi-channel ranging between two LPWA devices, which then allows extrapolating the achievable
positioning quality in LPWA networks. Advanced and prospective range estimation algorithms taking advantage of
multi-channel transmissions are designed. These innovative algorithms aim at extracting the maximum positioning
information from available LPWA signals.

The methodological approach of this thesis combines the derivation of theoretical ranging precision bounds with
numerical simulation, hardware experimentation and field trials in real propagation scenarios. Considering this
complete scope from theory to field trials allows studying all aspects and gives full understanding through iterating
between these different steps. Developing a detailed signal model and deriving theoretical performance bounds
provides transceiver hardware requirements and absolute lower limits of precision. Simulations allow confirming
the signal model and allow benchmarking the performances of range estimation algorithms. The implementation
of multi-channel ranging on a Software Defined Radio (SDR) based transceiver platform allows full flexibility and
rapid prototyping. Experiments in a cabled and hence controlled propagation channel validate hypotheses made
concerning transceiver hardware. Field trials are typically used for final validation and demonstration of a system
and its features under real conditions. Hence, outdoor field trials complete this global approach and demonstrate
the practical feasibility of multi-channel ranging with narrowband waveforms for accurate and precise localization
of wireless connected objects in LPWA networks.
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COHERENT MULTI-CHANNEL RANGING

"La science est un effort vers la Création. La religion est un effort vers le Créateur."

— Edouard Branly (1844 — 1940)
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CHAPTER 3. COHERENT MULTI-CHANNEL RANGING

ULTI-CHANNEL ranging allows combining narrowband instantaneous transmissions with large virtual

bandwidths for precise positioning and is hence compatible with Low Power Wide Area (LPWA) transceivers.
The principle of multi-channel ranging is discussed and a detailed signal model presented. Based on this signal
model, hardware requirements are deducted and theoretical performance bounds derived. Range estimation
algorithms are constructed and initial simulation results in an Additive White Gaussian Noise (AWGN) channel
are presented.

3.1 PRrINCIPLE OF MULTI-CHANNEL RANGING

Narrowband LPWA signals do not allow getting precise time based ranging/positioning as outlined in
Chapter 2.1.1. The fundamental limit for the ranging precision is given by the Cramer Rao Lower Bound (CRLB)

from (1.43) as
— 1
Jvar () = | —o— 61
2Es p2
477 N7 Bruis

with the so-called Root Mean Square (RMS) bandwidth conditioning the CRLB according to Appendix B.2

Brus = | [ f2150(f)df / [ 1sotn12ar, (32)

where Sj(f) represents the spectrum of the waveform s.

Time based ranging systems employ signals covering a possibly large instantaneous bandwidth B, e.g. Ultra-Wide
Band (UWB) ranging systems. Considering a rectangular shape of the spectrum S as depicted in Figure 3.1a, the
RMS bandwidth is given by

B/2 B/2 B
Brws = | [ f2|so|2df/ [ 15l df = (53)
B/2

—B/2 _

Increasing bandwidth B improves ranging precision. It is inversely possible to optimize the ranging precision
and simultaneously minimize the instantaneous occupied bandwidth B by modifying the spectrum shape Sy(f).
Intuitively, the solution to this optimization is given by two spectral peaks with an infinite spacing. Theoretically,
instantaneous bandwidth is zero, i.e. B = 0. Infinite spacing is technically not possible as frequencies cannot be
arbitrary high. Restricting the spacing to a maximum allowed spectum excursion By;, results in the spectrum
occupation depicted in Figure 3.1b with two spectral peaks at 4 By;;¢/2. The RMS bandwidth evaluates to

B _ _Bvirt 2 S 2 Byirt 2 S 2 S 2 S 2] _ Byirt (3.4)
RMS = 5 ) 1Sl + (=) IS0l IS0l +150l%] = =5~ :

In the case that these spectral peaks correspond to narrowband transmissions of bandwidth B as illustrated in

Figure 3.1c, the RMS bandwidth is given by
| B2 +3B2,
Brvs =\ — 5 virt, (3.5)

Comparing (3.3) and (3.5), it can be concluded that for equal ranging precision, it is not necessary to occupy
a contiguous spectrum, but it is sufficient to have a maximum excursion. Furthermore, there is no temporal
condition on when these spectral rays need to be transmitted. Simultaneous or sequential transmission are
possible. However, to maintain Sy(f) as a whole, relative phase coherence between the spectral peaks needs to
be guaranteed (see Chapter 3.2.3). This relative phase coherence is defined by the relative phase rotation, bound in
the interval [0, 27t], of the spectral peaks in the complex plane.

So far, the baseband spectrum S (f) has been considered, where relative phase coherence within the spectrum
is required. Absolute phase relation is obtained by phase ambiguity resolution, i.e. determining the integer number
of 27t phase rotations. If this absolute phase relation is guaranteed, the RMS bandwidth is given by

BZ
Brms =1\ 15 + fa, (3.6)
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FIGURE 3.1 — Signal spectrum Sy of the radio ranging waveform s for different ranging precisions.
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FIGURE 3.2 — Relation between real range d, phase measurement ¢ and 27t ambiguity.

with passband spectrum S of bandwidth B and carrier frequency fw as depicted in Figure 3.1d. Consequently,
ranging precision on the carrier wavelength scale can be achieved. This technique is applied by the Real-Time
Kinematic GPS (RTK-GPS), where absolute phase relation between transmitter and receiver is established
by resolving the integer ambiguity (see Chapter 1.5.2.8). Centimeter ranging precision is achievable with a
decimeter-level carrier wavelength Ay (see Table 1.8).

Obtaining a large RMS bandwidth through a peak spectrum as depicted in Figure 3.1c, and hence improved
ranging precision is compatible with the LPWA system constraint of instantaneously narrowband transmissions
to achieve long-range communication. Such a LPWA compatible peak spectrum can be generated by sequentially
transmitting multiple narrowband transmissions on different frequencies.

Transmitting a signal with a spectrum Sy(f) containing spectral peaks at frequencies f. can be interpreted
as sampling the channel transfer function H(f) at these frequencies f.. For sufficiently narrowband signals
representing the spectral peak, an amplitude and a phase measurement at the carrier frequency fw characterizes
the channel transfer function.

The two-way phase measurement between two nodes spaced by a distance dp,p is given according to (1.65) by
Pac = —4nfcdlc’—°F +27l. (3.7)
0

The 27t ambiguity of a phase measurement is taken into account with the integer cycle ambiguity /. The relationship
between phase measurement, actual range and integer ambiguity is depicted in Figure 3.2.

Solving (3.7) is not possible due to the two unknown variables ETPoF and ! which cannot be obtained from a single
phase observation. Assuming an arbitrary [, e.g. | = 0 allows determining distance dp,p with an ambiguity on the
wavelength scale. For sub-GHz frequencies, this distance estimation has hence a decimeter-level ambiguity.

However, considering two phase measurements at different frequencies f; and f, results in the equation set

_ )

N —4nfl% + 271, (3.8a)
0

_ 4

Ppap = —41tfy IC’OF +271ly. (3.8b)
0
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FIGURE 3.3 — Relation between the 27t ambiguity on phase measurements and the resulting range ambiguity Rmax for multi-channel
ranging.
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FIGURE 3.4 - Signal spectrum Sy of the radio ranging waveform sg for multi-channel ranging with C channels and a channel
spacing Af.

Calculating the phase difference and resolving for dAPOF results in

_ $a1— Par h-h
dpop = )
PoF =04 (F— fo)  O2(f - fo)

For sufficiently close frequencies f; and f,, the ranging ambiguity can be increased. Figure 3.3 illustrates how 27t
periodicity and range ambiguity are related. Large virtual bandwidth Byt = |f; — f2| is required on one hand
for large RMS bandwidth and high ranging precision. On the other hand, range ambiguity is proportional to the
virtual wavelength defined by the spacing of adjacent channel frequencies. Sufficiently large virtual wavelength is
required for large range ambiguity, so that the latter can be resolved by other means, e.g. through time based range
estimation (see (1.74), [SVPS08]).

Maintaining the total virtual bandwidth and increasing range ambiguity can be achieved by inserting further
peaks in the spectrum as depicted in Figure 3.4. Subsequently, for a total of C spectral peaks with an uniform
spacing Af, range resolution AR and range ambiguity Rmax are given by

(3.9)

€0 co
AR = = , (3.10a)
2BViI‘t ZAf(C - 1)
C
Rmax = ﬁ, (3.10b)

with virtual bandwidth Byt = Af(C —1). The RMS bandwidth for this case can be obtained by generalizing (3.5)
and is given by

Brms = \/B2 + Af122(C2 -1 (3.11)

Sequentially transmitting multiple narrowband signals between two LPWA nodes can be realized in a two-way
ranging protocol as depicted in Figure 3.5.

Adding supplementary peaks, i.e. inserting additional sampling points on H(f), gives not only an increased
range ambiguity but allows also reconstructing more complex channel transfer functions as illustrated in Figure 3.6.

In the case of multipath propagation the phase measurement can be modelled by

_ dy
0
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FIGURE 3.5 — Time-frequency plan for two-way multi-channel ranging with C narrowband signals of instantaneous bandwidth B
and a channel spacing Af.
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FIGURE 3.6 — Sampling the channel transfer function H(f) at discrete frequencies.

with the multipath induced phase shift .. For a channel spacing Af sufficiently small, e.g. smaller than the channel
coherence bandwidth B},, adjacent channels will experience similar multipath dependent phase shifts

Pc R Qi if Af < Boohs (3.13)

allowing to cancel their contribution by calculating the difference ¢ . — ¢ 1. In fact, this condition is equivalent
to the Shannon sampling theorem [Sha48].

The Shannon sampling theorem in time domain requires at least two sampling points per signal period.
Equivalent the sampling frequency must be larger than the spectral occupation. Likewise, the Shannon theorem in
frequency domain requires at least two channel measurements within the coherence bandwidth according to (3.13).
Utilizing the definition of the coherence bandwidth from (2.38), allows rewriting (3.13) as

1 1
Af<Bcoh:T7°<

7
m ™~ Tmax

(3.14)

with empircal proportionality between multipath spread T and the maximum excess delay tmax. A small frequency
spacing Af needs to be chosen such that the temporal support of the Channel Impulse Response (CIR) is larger than
the longest significant multipath component. Multipath components undergo temporal aliasing if this condition is
not fulfilled.

RTK-GPS positioning in contrast to multi-channel ranging relies on a phase measurement on a single frequency
and resolves the integer ambiguity through iterative processing in order to converge to an unique solution and
through more than the required minimum number of satellites. RTK-GPS operation in multipath scenarios adds the
supplementary unknown ¢ to the already underdetermined set of equations, which explains why resolving integer
ambiguities in multipath propagation scenarios is unfeasible.

Multi-channel ranging according to Figure 3.4 and Figure 3.5 can be compared to Step Frequency RADAR
(SF-RADAR) or channel estimation in multi-carrier communication systems e.g. Orthogonal Frequency Division
Multiplexing (OFDM). Channel estimation for communication purposes aims at overcoming frequency selective
fading, e.g. through channel equalization. Contrarily to multi-channel ranging, absolute time delay between
transmitter and receiver are not of interest, requiring no specific synchronization procedure such as two-way
ranging. In monostatic Radio Detection and Ranging (RADAR) systems, transmitter and receiver are co-located,
which simplifies synchronization issues. Furthermore, range estimation is performed with a passive target, which
is not required to be coordinated in terms of an active two-way exchange.

In the following, the general signal model for coherent multi-channel ranging is presented.
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FIGURE 3.7 — General radio transceiver architecture adapted to multi-channel ranging.

3.2 RANGING SIGNAL MODEL

3.2.1 GENERAL RaDIO TRANSCEIVER SIGNAL MODEL

Developing a general radio transceiver signal model for multi-channel ranging, allows the in-depth study
of performance bounds such as the CRLBs as well as simulating radio signals to benchmark ranging metric
extraction algorithms under various conditions. Furthermore, implementation related hardware requirements can
be illustrated based on the signal model.

The following signal model considers a general radio transceiver structure comprising a digital signal-processing
unit adapted to multi-channel ranging as well as digital to analog conversion and baseband to pass band frequency
translation through an analog mixing stage. Figure 3.7 illustrates such a general transceiver architecture, where the
baseband signal is up- and down-converted in both, a numerical and an analog stage to maintain the required phase
coherence.

The signal model and the underlying notation have been inspired by [PSSV09a; Sch11] and are modified for the
purpose of LPWA ranging.

The transmitter and the receiver of node i are denoted T; and R; respectively. Physical quantities assigned to a
transmitter or receiver X are denoted (-) (X] and variables concerning a transmission from transmitter X to receiver Y
are denoted (-)[X'Y].

Furthermore, the following hypotheses are made:

e Analog signals and sampling are derived from a common clock source, implicating that Sampling Frequency

Offset (SFO) and Carrier Frequency Offset (CFO) are linked (see (3.18) and (3.20)).

e Quantification of numerical signals is not taken into account by the model. Quantification noise can however

be integrated into the final noise term n([jT’R} (see (3.28)).

e Radio frequency blocks such as filters, Power Amplifiers (PAs), Low Noise Amplifiers (LNAs) and switches

are assumed to have a deterministic behavior which can be summarized in a complex gain gR(L I for a given

frequency fc/channel c as LPWA signals are assumed sufficiently narrowband (see (3.21) and (3.25)).
e The transmitted waveform s is sufficiently narrowband, so that frequency flat fading can be assumed and

the radio channel can be characterized approximately by a time variant complex amplitude ALT’R] (t) at fc

or fe <1 + (SJ[[T]) integrating a multipath scenario (see (3.24)).
e Interference is not considered in this signal model and AWGN is added on the final baseband received
signal (see (3.27)).

The signal model in Chapter 3.2.1.1 gives the step by step explanation details for all processing blocks from
Figure 3.7. The final signal model and parameters are presented in Chapter 3.2.1.2.
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3.2.1.1 SiGNAL MODEL DERIVATION

The samples of the baseband transmit waveform are described by sq [k'] with k¥’ € [0, Kg — 1] and a total of Kg
samples. The nominal sampling period is given by Tsamp- Considering a zero-order interpolation in digital to analog
conversion, the continuous version of the baseband waveform with transmission start time instant, i.e. the Time of

Departure (ToD) t][DT ], is given by

M, _ . :
sp (1) = kgo Mg (t— ty! — k Tsamp) s0 K], (3.15)

with a rectangular window

() = {1, fort € [0, TSamp)/ (3.16)

I t
Tsamp 0, else.

The waveform s [K] is a priori known to both the transmitter T and the receiver R. If the waveform constitutes
the preamble of a LPWA packet, the receiver knows this preamble for synchronization purposes. If the waveform
contains the entire packet, the receiver can first demodulate the packet and then reconstruct the transmit waveform
under the hypothesis that demodulation can be achieved free of error.

For the channel ¢, the baseband waveform is numerically up-converted to channel Intermediate Frequency (IF) fc
by

SIFLT] [k] = s([)T] (kTSamp) o2 fekTsamp o slpgﬂ (t) = s([)T] (1) ef2mfet, (3.17)

It has to be noted, that no phase shift term is added in this up-conversion since it is a pure numerical process.
For digital to analog conversion, the local time scale of transmitter/receiver X integrating time offset and time
dilatation, is given by

(Xl = (1 +5}X]) e+, (3.18)

(X] (X]

with global time ¢, normalized frequency offset 5~ and time offset ¢ .

Using (3.18) to pass from local to global time base and for ideal digital to analog conversion, the analog IF signal
is given by

spacLl) (f) = sl <tm) = sl ((1 + (S][(T]) t+ t([)ﬂ) . (3.19)

This analog IF signal is finally up-mixed with an oscillator of instantaneous phase

t
¢£T] (t)=2m / fwe (1 + 5}[?] + é}m (7)) dy + ¢1[)€\]r(t)
0

t
= 2n (1 + 5@) fwet+9re + 2tfe [T () + gy (o) (3.20)
—_— 0
(1
fue TAe
according to (2.4). The Radio Frequency (RF) signal is given in complex notation by
; (M, g, [T
(2l geDn)
spe (1) = grt spact (e ‘ Y, (3.21)

with actual carrier frequency fWLT], which is together with sampling, derived from the same clock source. For

the general case, carrier frequency can be different for every channel ¢, inducing a different initial oscillator

phase (pR([;T] e.g. through reprogramming of the Phase-Locked Loop (PLL). RF gains and phase shifts are summarized

in gRLT], these are deterministic and can be calibrated.
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The RF signal is transmitted over the wireless radio channel and received by receiver R. The received signal,
omitting AWGN, is given by
R T
B (1) = sl () n TR (1), (3.22)

with CIR h[T’R](T,’ t) between transmitter T and receiver R as deﬁned by (2.18). Under the assumption of a

narrowband signal s, (¢), the radio channel at frequency (1 + (5 ) ( fwe @+ fc) can be summarized as complex

coefficient A([:T’R] and the received signal is given by
O e O ] (3.25)
with
pITR] (1)1 3 [TR] () _ (TR
AR () = TR )EWLTR}( ) Z(:) ag,m(t)e ]27r<1+r5 )(fWC+fc)< (H-15 (t)), (3.24)
p=0

according to (2.18). The propagation delay between transmitter T and receiver R is denoted T([)T'R] = dlTR], co with

transmitter to receiver distance (TRl and radio wave propagation velocity c.
After down-conversion, the analog IF signal is given by

. [R],, = [R]
—jl 27 fwe "t Pre  (F)
rapc R () = gpl® TR (1)e < )

[R]

with gRLR}, fWLR} and unknown phase ¢r ¢ - (t) equivalent to those defined at the transmitter.
Analog to digital conversion on receiver local time scale ¢RI yields

, (3.25)

¢[R] _ 4[R]
e (f[R]) = rapct X 7[181 (3.26)
1+6 j;

The samples at R = kTsamp are finally numerically down-converted to baseband and adding AWGN 7. to consider
noise of all stages, gives the final received signal

ATR i) = gl TR (kTSamP) e P2k Tsamp [T K]y, (3.27)

The received signal in (3.27) can be expressed as function of the baseband waveform s, by combining (3.15) to (3.26).

3.2.1.2 FINAL S1GNAL MODEL
In summary, the received signal on channel ¢ yields

R]

[ Keo—1
kT -
£ k' =0

27'[(5 +fe)kT + k >
~e]< (ch fe)kTsamp 4’Ac [ ] N ”LT'R] W, (3.28)
with the following parameters given by:

(7]

e Hardware gains gg. * and gR[ I Various filter, amplifier and mixer gains are summarized in the complex
gains, which depend on the actual frequency and are hence channel and implementation dependent. The
complex gains can be determined and compensated in a calibration step.

e Channel amplitude
PITR]($)—1 _ix ST b £ Rl py_ 7T R]
w‘[:T,R](t): 'ALT,R](t)‘ _ y QLT,R](t)e j2 <<1+ )f c+f>< (-5 (t)> / (3.29)
p=0

as frequency flat fading can be assumed on each channel ¢ due to narrowband transmissions. The channel
amplitude varies on every channel, taking multipath propagation into account (3.24).
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e Time dilatation

(T]
146
f (3.30)

[R]”
1+5f

T,R]

sl

accounts for stretching or compressing of sampling time.

e Time of Arrival (ToA): In receiver time basis the ToA is given by

TR _ (14 R o[TR IR o m_m
+4
f
The ToA estimate will be greater for a larger propagation delay T(gT’R], the receiver being started earlier t([)R}
or a later transmission by the transmitter on tl[DT I, A transmission being started at an earlier t([)ﬂ reduces the
ToA.
e Frequency offset
[T] _ 4[R]
6,1 =90
5J[[T,R] _f [ 1{] ) (3.32)
146 i
e Phase of Arrival (PoA)
[R]
kT —t
T,R] T,R S
oAl = =2 (14.0]1) (e + o) ) o) | 5em D
146 f
) (aj[fﬂ —JJ[fR]> fuve + (1+5 )fc .
+27rfct([) ] —-2r t([) ]
1+ 68
f
(R] [R]
kT —t kT —t
~ [T S T,R - [R S
e e e e Yl (333)
146 f 146 i

The phase term comprises the phase rotation due to the propagation delay, phase offsets due to time offsets
between transmitter and receiver fj, as well as initial phase, integrating frequency drift and phase noise
according to (3.20).

. T,R .. . . . . . . .
o Noise n([: ¢ }, comprising thermal noise, quantification noise and as noise considered interference.

For the purpose of communication the receiver aims estimating sq[k’] from the received signal rLT’R] [k] in (3.28),
compensating the parameters given in (3.29) to (3.33). In contrast to communication, for ranging and localization,
the receiver, knowing sq[k'], extracts the parameters, i.e. localization metrics given by (3.29) to (3.33) from (3.28).
Localization metric extraction algorithms are presented in Chapter 3.4.1 and the estimates from such algorithms
can be described by:

@ [T,R] (t) _ O(LT,R] (i’) + eg(lg (3.343)
TRl GlTRE e([SAT/R], (3.34b)

T
tAc[T Ry ALT,R} i egﬁ/ (3.34¢)
SR _ STR -, TR (3.34d)

f of
(P/A\C[T,R} K = ¢A£T,R] K]+ e%ﬂk]’ (3.34e)

[T)R]

where € B denotes the estimation error on a given localization metric.
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3.2.1.3 COMPARISON OF THE SIGNAL MODEL TO PREVIOUS WORK IN THE STATE OF THE ART

The signal model introduced in this thesis, aiming at LPWA applications, differs in several points from the
transceiver signal model presented in [PSSV09a; Sch11] which is designed for ZigBee systems.

The work in [PSSV09a; Sch11] assumes a frequency synthesis for the local oscillator which guarantees
deterministic phase relation between the clock reference for digital signal generation and the carrier signal. This
can be achieved with an integer PLL and it ensures that the carrier to reference clock phase relation is time
invariant for a given carrier frequency. Furthermore, the signal model assumes constant and identical time intervals
between every channel and a specific symmetric up-down hopping scheme, which allows combining two phase
measurements on the same channel so that frequency offset related errors cancel. These hardware requirements
and a restricted hopping scheme, moreover allow estimating H(f) from H2(f) by determining the 2C-state error
function due to the fact that the square-root of a complex number has two solutions [SS10]. Estimating H(f)
instead of HZ(f) improves temporal resolution by a factor 2, as well as it avoids phantom propagation paths that
arise in H2(f) (see Chapter 3.4.2.3).

The signal model of this thesis does not make any hypothesis on the type of frequency synthesis, as phase
coherence between different points in time for a same channel is not required. Cancellation of frequency offset
related errors is achieved by classical CFO estimation.

In the LPWA context, where packet transmissions can last up to one second, it is advantageous or even necessary
to avoid restrictions regarding equal time intervals for packet transmissions. This degree of freedom, required for
low-power operation and in order to be regulation compliant, is traded against the ability to reconstruct H(f).

Furthermore, the signal model directly integrates multipath propagation modeling which allows deriving lower
bounds on the ranging precision in these scenarios (see Chapter 3.3).

Temporal frequency drift is integrated into the signal model to investigate its impact on LPWA transmissions
which last longer that Zigbee packets. Phase noise is equally integrated so that oscillator specifications can be given
as function of the required ranging precision.

3.2.2 Two-WAY RANGING SIGNAL MODEL

Performing an unique packet transmission between two nodes, does not allow estimating the propagation
delay T, as (3.31) contains also the time offsets between the two nodes. Therefore a Time of Flight (ToF) protocol
is applied in order to cancel unknown time offsets.

In the following, two protocols are presented. First, a protocol with an initiating node, sending a packet to a
node that responds after the reception of the initiating packet. The second protocol assumes that nodes are coarsely
aligned to timeslots via a Medium Access Control (MAC) protocol. Both two-way protocols are depicted in Figure 3.8
and the resulting localization metrics are detailed in the following.

For the purpose of simplification, the following restrictive hypotheses are made:

e Transmitter and receiver signals of a node i are derived from the same clock source

th =ty ", (3.35a)
(Tl _ SIRi]
15f = (Sf . (3.35b)
e Node 1 is assumed to be aligned to global time
T R T R
t([) - t([) iy, t([) 2 t([) 2 _ (3.36a)
(1] _ 5[Rq]_ [Ta] _ 5[Ra]_
spll=s, =0, oy =52=0p (3.36b)
e The radio channel is assumed to be reciprocal and time invariant
abfiRel () = o[l Ril (1) = g, (3.37a)
kel ) = [lRil (- o, (3.37b)
ALTRI gy = AlTR] (3.37¢)
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e Clock source frequency drift and oscillators phase noise are neglected

20 = el

(t) = ¢re (3.38)

3.2.2.1 PiNG-PonG Two-WAy RANGING PrRoTOCOL

According to Figure 3.8a, node 1 initiates the ranging process by sending a packet at local transmission time

instant t][DTﬂ = 0, corresponding to k = 0. Node 2 receives the packet in its local time at time instant ¢ ALTl’Rﬂ
as rng’Rz} [k]. The node synchronizes to the packet and obtains the ToA estimation @[Tl’RZ]. After reception,
node 2 switches to transmit mode and sends the response packet at time instant
7[T1,Ry]
T N
t][DZ] = [ 75 TSamp JrKSTSamp/ (3.39)
Samp

corresponding to the next integer sampling point. Meanwhile, node 1 has completed transmission and
switches after a sampling time k = Kg to reception mode. The return packet received by node 1 is described

by 7¢ [T2,Rq] m = rLTz’Rﬂ [fc + Kg].
The localization metrics (3.29) to (3.33) can be expressed for the two received signals rLTl’Rzl [k] and el T2Ra] [7(]
with the simplifications (3.35) to (3.38) as:

e Channel amplitude

pT2R1l (1)1 ‘
(TR TR Y ﬂpe—]2ﬂ(fwc+fc)(Tp—T0) ) (3.40)

p=0

where frequency offset is neglected as the channel is assumed sufficiently frequency flat fading.

o Time dilatation

MRo) _ 1
o1 R (3.41a)
ol — 1 4 5, (3.41b)
e ToA
pplTRal (1+¢7) 0+1o, (3.42a)

- [To,Rq] _ 1 [T>]
tac 2R —%er (tD —to ) = KsTsamp

=1+ ! {A‘\C[Tl,Rz} T + Kg T —tg | — KgT
=17 T (5f TSamp Samp S4Samp ~ 0 S4Samp

1

=21 — ﬁKSTSamp + H—ltsfeglc’RZ]' (3.42b)
The propagation delay 1 can be extracted from (3.42b) under the knowledge of frequency offset & £, in order to
compensate the second term corresponding to the fact that node 1 does not know the actual response time of
node 2 (see Chapter 2.2.1). The last term comprises the uncertainty in ToA estimation at node 2 and the timing
error arising from discrete time. For sufficient high sampling frequency, this error is negligible compared to
the ToA estimation error which depends on signal bandwidth and symbol energy to noise spectral density
ratio (see Chapter 3.3.1).

e Frequency offset

TiRa) _ _°f
(5f =17 ‘Sf’ (3.43a)
5}T2'R1] = 4. (3.43b)
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(b) Timeslot two-way ranging protocol.
FIGURE 3.8 — Two-way ranging protocols.
e PoA
—Offwe + f
T1,R We ¢ T R
oAl = 27 (fue + £o) % +9e —2m (fl+5f> o +or ! - grl?, (3.442)
~ [T, R T R
oac R = —2m (1486) (fuwe +f) 0 +oe+2fetp gt — gplS

+ 27825 (o + £2) K Tamp (3.44b)

3.2.2.2 TimesLoT Two-WAY RANGING PrRoTOCOL

In the timeslot two-way ranging protocol depicted in Figure 3.8b, both nodes are coarsely aligned to common
timeslots. It is assumed without loss of generality, that node 1 is the reference node perfectly aligned to these
timeslots, i.e. node 1 can be the base station serving as network coordinator scheduling the MAC layer timeslots.
Every node transmits or receives in its assigned slots, independently from any events, contrarily to the ping-pong
two-way protocol.

Localization metrics are the same as for the ping-pong two-way protocol with the difference of the ToA estimate

at node 1, as node 2 transmits at t][DTﬂ = KgTsamp- Hence, the ToA is given by:
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FIGURE 3.9 — Radio transceiver hardware architecture requirements for multi-channel ranging.

o ToA

ngTllRZ] = (1 + (5f> T0 + o, (3.45a)
~ [T,,R 1 T
tAc[ 2 1] T + W (tl[)ﬂ - t(]) - KSTSamp

1
=7+ m (TSampKS - tO) - KSTSamp

! tf(sifKT (3.45b)
14670 146 o Samp: ‘

=T —

In order to obtain the propagation delay 1, (3.45a) and (3.45b) have to be summed and in the ideal case, i.e. without
CFO and for perfect ToA estimation the time offset #; cancels and the ToF yields

Ideal case tA([:Tl’Rzl + tAC[T2'R1] =27. (3.46)

The detailed ToF expression taking ToA estimation errors and CFO into account is given in Chapter 3.4.2.1.

3.2.3 RADIOTRANSCEIVER HARDWARE ARCHITECTURE REQUIREMENTS

Multi-channel ranging reconstructs an estimation of the channel transfer function H based on amplitude

estimations aLT’R] and phase estimates (pLT'R] given by (3.40) and (3.44) respectively. However, as it is the case

[T.R]

with time estimates f5. * ', phase estimates depend on the unknown time offset #j, which can be cancelled by

summing ¢ ALTl’RZ] and ¢ ALTZ’RH equivalent to multiplying FII[,T(} 2] with Hp [Tz’Rﬂ

to obtain an estimation of HPoF
The argument arg (ﬁPoFc> is given by the sum of (3.44a) and (3.44b). In the ideal case, i.e. without CFO and for

perfect PoA estimation the time offset term 27t f¢t; cancels and the Phase of Flight (PoF) yields

(T1.R,] [T>,Rq]

+ Pac
= 2272 (e + fo) To + 29c + gl — g2+ g [ - g BT (3.47)
ZA‘PRC

The detailed PoF expression taking PoA estimation errors and CFO into account is given in Chapter 3.4.2.2.

The sum-difference of initial oscillator phases LA¢R,. = 4>R£Tﬂ — ¢Re [Ro] | + PRe T2) _ qugRﬂ

known or constant over different channels c, so that ranging information 7 can be extracted.
Different transceiver realizations can achieve these requirements:

Ideal case arg (ﬁpopc) Pac

needs either to be

1. Independent transmitter and receiver local oscillators combined with phase difference calibration:
(T3] [Ri]
— fRe

subtracted, i.e. ZA¢R,. is known. Calibration can be performed by exploiting the unwanted but unavoidable
transmitter to receiver leakage on a radio transceiver chip. Figure 3.9a illustrates the corresponding
architecture where transmitter or receiver PLL can be reprogrammed between channels but require to be
continuously running between calibration and operation phase.

The transceiver allows estimating ¢ and its contribution on arg <HP0FC> in (3.47) can be
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2. Independent transmitter and receiver local oscillators and numerical IF mixing by a
numerical local oscillator common to transmitter and receiver branch: Maintaining carrier
frequency fw, = fw = const. over all channels ¢ and running local oscillators without interruption
during the entire multi-channel two-way ranging protocol implies that there is only one initial phase per
oscillator, i.e. ¢ X] _ ¢[X}

> -4 PRe R =
phase rotation of the multi-channel transfer function estimation Hpgp, .

. Figure 3.9b illustrates this case where XA¢r, = LAPR = const. is a constant

3. Common local oscillator for transmitter and receTiver: Wlllzen transmitter and receiver share a common
oscillator as in Figure 3.9c, initial phases cancel as ¢ il dRe i], ie. ZApRr, = 0.

The transceiver realizations 1 and 3 equally allow switching the multi-channel frequency by changing the carrier
frequency fw, and keeping fc = const.. This is possible as ZA¢p. is calibrated (realization 1) or zero (realization 3)
for every channel. Performing multi-channel frequency switching only in analog domain, simplifies the transceiver
architecture as the numerical IF mixing stage can be omitted.

It is difficult to state whether commercially available LPWA transceivers (see Table 1.3) fulfill the radio
transceiver architecture requirements for two-way multi-channel ranging. In-depth study and testing is necessary
to determine the compatibility of chipsets with the requirements regarding phase coherence and access to the
localization metrics. Reverse engineering has to be applied when constructors do not disclose relevant information.

3.3 THEORETICAL PERFORMANCE BOUNDS

3.3.1 INTRODUCTION TO THEORETICAL PERFORMANCE BOUNDS

Estimating an unknown parameter 6 based on a given observation R(f) can be described with tools from
estimation theory [Kay93]. In real-world systems the observation R(6) is not ideal, e.g. noisy or biased. The statistics
of an observation R(6) for a given 6 can be described by the probability distribution function p (R(6)|6). Based on
this conditional probability, statistical lower bounds on the estimation quality of the unknown parameter 6 can be
derived. The so-called CRLB [VT04] or the Ziv Zakai Lower Bound (ZZLB) [CZZ75] can be used for this purpose.

While the CRLB is straightforward to derive, it is not tight in the strong noise regime. The ZZLB provides a
tighter bound in such a case, however it is more complex to derive.

3.3.1.1 CRLB AND ZZLB ror ToA ESTIMATION

Considering ToA estimation, the noisy observation is given by the received signal » which is a delayed version
of the transmit signal s
r(t, T) = so(t — 1) +n(t), (3.48)

with ToA delay 7 and noise n. Considering the noise n to be AWGN, the CRLB is given by (1.43) (see full derivation
in Appendix B.2) and the ZZLB by [DW09] as

T
P 1
Var (tA)ZZLB =7 0/ HT — )Py (£)dt, (3.49)
with observation window length T and
E ~
Pin(t) = Q (\/N?) 1- Qso,so(t)}> , (3.50)

with normalized autocorrelation function Qs s, of the transmit signal s of energy Eg.

Figure 3.10a illustrates the CRLB, the ZZLB as well as a numerical simulation of ToA estimation
through the Maximum Likelihood (ML) estimator. The transmit signal sy is given by a Gaussian pulse of
width Toulse = 11s corresponding to a bandwidth B = 1MHz. Simulations are performed with a sampling
frequency fsamp = 1000 MHz.

For low Eg/ Ny, the ZZLB gives the tighter bound to predict ToA precision. It actually takes into account that the
ToA estimation error is uniformly distributed in [0, T). Practically, the observation window T will be sufficiently
limited e.g. by the MAC layer.

Figure 3.10b shows the same simulation results for a lower sampling frequency fsamp = 10MHz, showing a
level out of the simulated ToA precision. In fact, ToA precision is no longer bound by the observation noise n but
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(a) Sampling frequency fsamp = 1000 MHz. (b) Sampling frequency fsamp = 10 MHz.
FIGURE 3.10 — ToA CRLB, ZZLB and ML estimation for a Gaussian pulse of bandwidth B = 1 MHz.

by the uniform distributed sampling resolution error [LZP11]

1

€T, = (3.51)
Samp V12f Samp

The following study only considers the CRLB due to the straightforward derivation. This is justified by the fact
that technically relevant Eq/ N levels for ToA estimation lie in the zone where the CRLB is tight.

3.3.1.2 GENERAL CRLB FORMULATION WITH AWGN

In the case of observations with AWGN the CRLB can be calculated in a simplified form [Kay93].
The unknown estimation parameter is given by 6= [, --- ,prl]T and the observation in the
form R (0) = [Ro (0), -+, Rg_1 (6)]T. For AWGN follows

R(6) ~ N (R(8), Zg), (3.52)

with observation model R (0) and noise covariance matrix X . The CRLB on estimators of the unknown estimation
parameter 6 is given by

Var (@) > trace [171 (6)} , (3.53)
with Fisher Information Matrix (FIM)
_qT -1
1(6)=7J7 (6) Z'J (6) (3.54)
and Jacobian Matrix (JM)
IRy (6) IRy (6)
690 e 891371
J(6) = : : : (3.55)
IRk_1(6) IRk _1(6)
aeo e asp,1

In the case that prior information on the unknown estimation parameter 6 is available, the CRLB from (3.53)
can be modified and is given by

Var (ﬁ) > trace ((1(9) + ):51>71) , (3.56)

with prior information covariance matrix Xy on the unknown estimation parameter 6. This covariance matrix allows
modelling e.g. constraints or other information available on the parameters 6y, prior to estimation of 6.



CHAPTER 3. COHERENT MULTI-CHANNEL RANGING

3.3.2 CRLB FORMULATION FOR MULTI-CHANNEL RANGING

In the following, the CRLB for multi-channel ranging according to the timeslot two-way ranging protocol from
Chapter 3.2.2.2 is derived. Without loss of generality, the bounds are calculated for the radio transceiver architecture

with independent transmit and receive local oscillator and a common IF mixing stage (see Figure 3.9b).

Nodes 2 and 1 obtain respectively the set of C received signals rLTl’RZ} and r£T2’R1] according to (3.28). With

parameters given by (3.40), (3.41), (3.45), (3.43) and (3.44). The signals received by one node on C channels are
combined into

TR = #TRIg] 4 al TR, (3.57)
with noise free received signal
R {ng'R] K] }
1 {%T'R} K] }
#ATRI[§] = : € RICx1) (3.58)
R {rl )

separating real (R, in-phase) and imaginary (Z, quadrature) part and noise
R {ﬁ([)T’R] %]

7 {ﬁgml 0 }
alT Rl = : € RZCX1, (3.59)
et

7 {afl N}

The overall noise free observation vector combining the two-way exchange yields

R{fz[

#T1R2]
RK =" I € R4CX1, (3.60)
#T2Ral k]

The observation R depends on the known system parameters

sampling period Tsamp-
transmit waveform S0,
number of samples Kg, (3.61)
number of channels C,
LO carrier frequency fw and
IF channel frequencies  {fo, f1, ..., fc_1}-
Equally the observation R depends on the unknown estimation parameters
propagation delay T,
channel amplitudes {ag, a1, ..., ac_1},
channel phases {90, 91, - 9c_1}, (3:62)
clock frequency offset ¢ I
time offset to and
initial LO phases ¢I[{T1], 4>I[{R2}, 4>I[{T2], (pl[fl].
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FIGURE 3.11 — Relative channel coefficient definition.

Considering (3.44) without inter-node delay (7y = 0) and perfect inter-node synchronization (fy = 0 and é = 0),
phase estimationson c € [0, ..., C — 1] channels are given by

¢A£T1/R2] . +4)I[{Tl] _ ¢1[<R2]f (3.63a)
4;A£T2/Rﬂ _— _,_4,1[32] _ ‘PI[le]- (3.63b)

For uncorrelated channel coefficients, which have to be assumed in the case of multipath propagation, follows
cov(g;, 9] =0, Vikel0,...,C—1] Ni#k (3.64)

The problem in (3.63) does not allow estimating the initial LO phases ¢£X] separately.  Only phase

differences 4)1@ — ¢£R] can be estimated. In order to ensure variable separability, a variable change is performed

as follows.
As multi-channel ranging is based on the principle of relative phase differences on different frequencies, the
channel coefficients are defined as relative amplitude and phase differences to a central channel x = (%-‘ -1

integrating initial LO phases

ay + Aae 2 g, (3.65a)
Px + Dpe £ e + ¢LT1] - ¢1[<R2], (3.65b)
Apg 2 (4;1[32] - ¢I[{Rﬂ) - ((pgﬂ - 4’1[52}) . (3.65¢)

By definition, relative differences are zero on the central channel c = x

Aa[%“il = O, (366&)
A(P"%" 1 =0. (3.66b)

An illustration of this relative channel coefficient definition is depicted in Figure 3.11. Consequently, (3.63) can be
rewritten as

Ty,R
‘PAL vl ¢x + Agc, (3.67a)
™ LTz,Rﬂ = x + Age + Agi. (3.67b)

The equation set in (3.67) shows that the newly defined variables are separable and can be estimated from the given
phase measurements. Consequently the unknown parameter estimation vector for the observation R in (3.60) with
system parameters from (3.61) is given by (3.62), utilizing the definitions from (3.65)

0=[t, A @, &, to, Apg]T € RECTHL, (3.68)
with A = [Aag... Ay 1 ax Aayyq...Aac_ 1] and @ = [Agy...Apy_1 ¢ox Apyiq ... Apc_q].
In the following, AWGN i is considered, which allows applying (3.54) for straightforward CRLB derivation. The

noise on successive samples is considered uncorrelated. The CRLB on the unknown estimation parameter 0 for the
observation R is given according to (3.56) by

Var (5) > trace ((IR(()) + 261)_1) . (3.69)
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with the overall FIM Iy and prior information g on the unknown estimation parameter. The overall FIM can be
given as the sum of the sample specific FIM due to the noise independence

Kg—1 Kg—1
Z IR(6,k) Z TRIK ER! JRrIK] € R(CH)x(2CH4), (3.70)

The sample specific JM Jg[k] contains the partial derivatives of the observation R to the elements of the unknown
estimation vector 6. Detailed derivation of the entries of the JM are given in Appendix C.

As the received signals rl[:T’R} are obtained sequentially on different channels, i.e. on successive LPWA packets,
the noise on the observations can be considered as independent. Hence the observation noise covariance is given

by the diagonal matrix
s m,Rz] TR TR\ (TR

R =438 (7R \9Z,0 ‘ ‘Rc-1) - \zc-1) -

2 2 2

(07[520,1{1]) ,(Ugé,m]) ( [TZC'R11]) ,(Ugé’f{])

3.3.3 RANGING PrEcIsioN BOUNDS IN FREE-SPACE PROPAGATION

€ RACX4C, (3.71)

The general CRLB formulation from (3.69) can be evaluated for the case of free-space propagation, i.e. frequency
flat fading on C channels. In this scenario, all channel amplitudes a. and phases ¢. are equal. This results in all
amplitude and phase differences to be zero, i.e. Aag = 0 and Agp, = 0 according to the definition in (3.65c). This
knowledge on amplitude and phase differences in the estimation problem can be modeled as prior information in
the covariance matrix

2
g,

0
0% ,

0 o2
0

lex/Aac,qu/Aq?c
(3.72)

2
(%
Adr

Amplitude and phase differences being zero is

with channel coefficient covariance matrix ZMIA&C’(PX,A?C.

modeled by U'i x. =0 and O'i =0. The center channel coefficient and all other parameters have no prior
c Pc

information, i.e. 0’—%0 = a,,%x = U%X = (Tgf = ‘tho = oi o = &

Analytical derivation of the CRLB from (3.69) is very complex due to the complex structure of the JM. Therefore,
analysis is based on the analytical expressions of the JM entries and numerical evaluation of the CRLB expression.
Table 3.1 summarizes numerical values for the system parameters used in the following numerical evaluation.

Figure 3.12 compares the numerical evaluation of the CRLB of (3.69) with system parameters from Table 3.1
to a modified CRLB formulation without clock frequency offset, i.e. §; = 0 and a reduced unknown estimation
parameter 6 — 6\ § - Both bounds are compared to the analytical CRLB from (3.1) with RMS bandwidth from (3.11).
Plots are given as function of single channel Eq/Nj as the sequentially received signals need to be processed
independently for communication purposes and to extract amplitude, ToA, PoA and CFO metrics. However, the
ranging relevant signal energy to noise spectral density ratio is given by

Eg ranging Eg
——=2 =C 2. 3.73

No Ny (3.73)
Figure 3.12 shows the delay CRLB for a frequency flat channel considering a signal model with and without CFO.

Delay 1 estimation in the two-way signaling scheme is not degraded by unknown CFO. Calculating the difference
of (3.44a) and (3.44b) and neglecting the factor (1 +94 f) on the delay 7, allows separating delay and CFO estimation

and hence there is theoretically no mutual degradation in two-way ranging. Figure 3.13 shows the analytical
CRLB (1.46) for single channel ToF and multi-channel ToF as well as for multi-channel PoF ranging with RMS
bandwidth (3.11) and Eg yanging / No-

The analytical CRLB is compared to the numerical evaluation of the CRLB in (3.69) on the detailed signal model.
The CRLB for multi-channel ToF ranging, i.e. when only time estimates are available, can be obtained by considering



3.3. THEORETICAL PERFORMANCE BOUNDS

Parameter Numerical value
Delay 1 uniform in [0, 10Jkm/cg
Time offset f uniform in [—-100, +100]us
Initial LO phase A¢r uniform in [0, 277)
Carrier frequency fuw 868 MHz
CFO 5f uniform in [—1, +1]ppm
Waveform s Hanning pulse

B=1kHz
Channel spacing Af 400 kHz
Number of channels C 16
Virtual bandwidth By 6 MHz
Maximum unambiguous range Rmax 375m
Range resolution AR 25m
Sampling frequency fSamp 16 kHz
Number of realizations 102

TABLE 3.1 — Parameters for numerical CRLB evaluation.

102 T T T T T T ]
b --- dAPDF without CFO estimation | |
-0~ dpop with CFO estimation
=0 dpo analytical

10-1 | | | | | | | | | | | | | |
0O 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30

Eg/Np in dB

FIGURE 3.12 — CRLB on delay 1y comparing analytical bound and numerical evaluation of the detailed multi-channel ranging CRLB
with and without CFO d¢ in the estimation parameter 6.

all initial LO phase to be random at each channel, i.e. (pl[gq — ([JRLX} which is equivalent to removing the prior

information on the phase information Uiq)c = 0.

Figure 3.13 illustrates how the numerical evaluation of the multi-channel ToF and multi-channel PoF ranging
CRLB match their analytical equivalent. This validates the CRLB formulation from (3.69).

At atechnically typical Eg/ Ny = 20 dB, single channel ToF ranging achieves 4 km precision, while multi-channel
ToF ranging, e.g. averaging over C independent single channel ToF estimates improves by a factor v/C = 4 to 1 km.
Maintaining the narrow instantaneous bandwidth B = 1kHz, but virtually aggregating Byj;y = 6 MHz through
coherent processing, achieves meter-level precision for PoF ranging.

Figure 3.13 equally demonstrates the great advantage of multi-channel PoF ranging compared to time-based
approaches. In both techniques, the same waveform is transmitted for the same duration with the same energy.
The largely improved ranging precision for PoF ranging is obtained through phase estimation and the coherent
processing to aggregate a virtually larger bandwidth. This advantage is payed-off by the hardware implications for
coherent processing (see Chapter 3.2.3) and supplementary issues such as the ranging ambiguity.

3.3.4 RANGING PrecisioN BOUNDS IN MULTIPATH PROPAGATION

In the previous section the signal model has been validated with the numerical evaluation of the CRLB in a
free-space propagation scenario. The feasibility of meter-level ranging precision with system parameters, which
are realistic for LPWA systems, e.g. reasonable number of channels and adequate channel spacing (see Table 3.1)
has been illustrated.
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FIGURE 3.13 — CRLB on delay Ty in a free-space propagation channel for an instantaneous signal bandwidth B = 1kHz and a
multi-channel virtual bandwidth Byi,y = 6 MHz with parameters from Table 3.1.
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FIGURE 3.14 — Phase difference variance according to (3.74) for typical ETSI channel models [ETS10].

This section focuses on the numerical evaluation of the CRLB in the more general case of multipath propagation.
CRLBs are given for the widely adopted European Telecommunications Standards Institute (ETSI) channel
models [ETS10] presented in Chapter 2.3.5. This allows predicting the ranging precision in realistic LPWA channels
as encountered in urban propagation scenarios.

To evaluate the CRLB from (3.69) for different propagation channel types, the prior information on the channel
coefficients is modified. Instead of assuming a single channel coefficient ¢, for all channels, i.e. (fi gc = 0, the case

of different channel coefficients ¢ has to be taken into account. This requires deriving

Loy A, r,Ape = COV[A @], (3.74)
for each channel model. For this purpose 10* Rayleigh fading channel realizations are generated in frequency
domain for each channel model. Amplitude and phase differences are calculated according to (3.65a) and (3.65b)
and Figure 3.11 and used to obtain the covariance matrix X, an. ¢,,a¢.- Figure 3.14 depicts the phase difference
variance for the ETSI channel models with Rayleigh fading. By definition the center channel x has Agy = 0 and

hence a phase difference variance (ri = 0. Variances increase for channels further away from the center channel x.
X

And as expected, channels with a smaller coherence bandwidth B}, (see Table 2.3) exhibit larger phase variations
at the same channel ¢ with respect to the center channel x.

Figure 3.15 gives the CRLB for the system parameters from Table 3.1 and the channel statistics from (3.74).
Precision in the frequency flat channel approaches the analytical multi-channel PoF ranging CRLB. For
the ETSI channel models, precision degrades with growing RMS delay spread, i.e. with decreasing channel
coherence bandwidth. For technical relevant Eq/Nj, the bounds are Eg/N; independent, showing that the
propagation channel limits precision. The precision in the random channel, where no prior on the channel
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FIGURE 3.15 — CRLB on delay 1y in the ETSI multipath propagation channels for an instantaneous signal bandwidth B = 1kHz and
a multi-channel virtual bandwidth Byi, = 6 MHz with parameters from Table 3.1.
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FIGURE 3.16 — CRLB on delay Ty as function of virtual bandwidth By = Af(C —1), for an instantaneous signal
bandwidth B = 1kHz with parameters from Table 3.1.

coefficients is available, matches the multi-channel ToF CRLB, reported by [Kar+11]. For the Typical urban

(Tux) channel, attainable multi-channel ranging precision is 4/Var (jpop) < 100m at Eg/Ny = 20dB, compared

to y/Var (dATOF) ~ /C ,/Var (dAToF,MC—mean> ~ 4km for a single channel.

3.3.5 PrecisioN To ENERGY CONSUMPTION TRADE-OFF

Energy consumption is a crucial design limitation for LPWA systems. Communication protocols are optimized
to reduce the required transmission and reception times to a minimum. Multi-channel ranging allows scaling the
total transmission time by adjusting the number of channels C. Reducing the number of channels and keeping the
channel spacing constant, decreases transmission time but equally reduces the RMS bandwidth and hence degrades
ranging precision.

Figure 3.16 shows the CRLBs for the system parameters from Table 3.1 and the ETSI channel models as function
of the number of channels C. In theory, the major precision improvement is achieved when passing from a single
channel to the use of two channels, allowing coherent phase-based processing. For C = 1, the RMS bandwidth
in (3.11) depends only on the instantaneous waveform bandwidth B, whereas for C > 2, the RMS bandwidth becomes
scalable. Figure 3.16 also reveals that for equidistant channel spacing, precision improves in the frequency flat fading
propagation channel by 1/C for C > 2 as the RMS bandwidth grows linearily.

The appropriate choice of C allows a trade-off between energy consumption and the required ranging precision,
which are both application dependent and need to be adapted to the given propagation channel characteristics.
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(a) Received signal processing on the example of two-way ranging.
FIGURE 3.17 — Signal processing flow diagram for range estimation with LPWA transceivers.
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FIGURE 3.18 — Localization metric extraction algorithm: Differential detection and coherent parameter estimation.
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3.4 RabpIO S1GNAL BASED RANGING

3.4.1 LocALIZATION METRIC EXTRACTION ALGORITHMS

The receivers involved in multi-channel ranging hold upon reception the samples of the received signal rgT’R]

according to (3.28).

Gathering the received signals on all channels and for both nodes in order to obtain (3.60) allows applying
joint parameter estimation on the complete set of observations, e.g. by least-square optimization methods. Storing
and centralizing all received signals is however not practical for LPWA systems which are constraint in resources.
Therefore, each raw received signal rgT’R} is processed separately directly upon reception to extract the localization
metrics such as amplitude (Received Signal Strength Indicator (RSSI)), time (ToA), phase (PoA) and auxiliary
estimates such as CFO for correcting the localization metrics appropriately. In order to determine range or position
information, the localization metrics on all channels and for both nodes, constituting much less data, are centralized
and combined. This two-step approach is depicted in Figure 3.17a and is suited to LPWA transceivers. In the
following, localization metric extraction algorithms are presented and range estimation algorithms are detailed
in Chapter 3.4.2.

Three localization metric extraction algorithms are studied which all have the same inputs and outputs as
depicted in Figure 3.17b. The algorithms vary in complexity and performance:

e Differential detection and coherent parameter estimation: A coarse time alignment through differential
detection, allows the application of a low-complexity CFO estimation algorithm from [MM97]. Localization
metrics are estimated on the CFO compensated received signal through correlation with the transmit signal.

e Time-frequency search and coherent parameter estimation: Differential detection and low-complexity
CFO estimation are replaced by an exhaustive time and frequency search through two-dimensional correlation
as employed in Global Positioning System (GPS) signal acquisition [KH06]. Localization metrics are estimated
on the CFO compensated received signal through correlation with the transmit signal.

e Time-frequency search with tracking: Time frequency search through two-dimensional correlation
directly serves for localization metric extraction. Computational complexity is reduced through a tracking
procedure both in time and frequency over the set of C channels in order to reduce the search spaces.

100
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FIGURE 3.19 — Localization metric extraction algorithm: Time-frequency search and coherent parameter estimation.

3.4.1.1 DiIFFERENTIAL DETECTION AND COHERENT PARAMETER ESTIMATION

The following algorithm depicted in Figure 3.18 is divided into three steps:
1. Coarse time alignment.

2. CFO estimation and compensation.

3. Coherent parameter estimation.

In order to extract the localization metrics through cross correlation of the transmit signal s; and the received
signal rLX’Y], the latter needs to be compensated in CFO to allow coherent parameter estimation. Considering
Phase Shift Keying (PSK) modulated signals s, such as Differential Binary Phase Shift Keying (DBPSK) in Sigfox,
a low-complexity data- and clock-aided CFO estimation algorithm [MM97] can be used for this purpose. This
algorithm estimates CFO through comparison of the received symbols with those initially transmitted. The received
symbols are recovered through differential detection through cross correlation. The estimated CFO is then used to

obtain a CFO compensated receive signal

TR = TR 72707 e o amg, (375)

Based on the cross correlation between the CFO compensated received signal rCLZ'Ié]l:O and the transmit signal s,

localization metrics are extracted by calculating

&l TR = max O rosoltal| (3.762)
Fac N = arg max O rosoltall. (3.76b)
A?'R] =arg {ngcmrso [ﬁ\\c} } (3.760)
with time search space 7 and cross correlation
Kg—1 *
QLcT.f]CFo/So [tA] = SZ <rcl[1€’l§:o {k— TSZ; N > solk]. (3.77)

This algorithm has a moderate computational complexity, as it requires only two cross correlations. However,
it is limited in its applicability to low Signal to Noise Ratio (SNR) signals due to the requirement of a sufficiently
high (positive) SNR for the CFO estimation algorithm [MM97]. Moreover, initial differential detection degrades the
SNR by up to 3dB.

3.4.1.2 TIME-FREQUENCY SEARCH AND COHERENT PARAMETER ESTIMATION

To overcome these limitations, differential detection and the low-complexity CFO estimation algorithm are
replaced by an exhaustive time-frequency search, which is typically utilized in GPS signal acquisition [KHO06].
The algorithm is illustrated in Figure 3.19. In order to jointly estimate the unknown delay and CFO, all possible
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FIGURE 3.20 — Localization metric extraction algorithm: Time-frequency search with tracking.

hypotheses are tested through cross correlation of the received signal with a frequency shifted version of s

<~ [T.R]

T,R]
o = arg max Q[ AL O], 3.78
fe (5gtA€7’ rc,so[A f] (3.78)
f 5f€f
with time search space T, relative frequency offset & ¢ in frequency search space F and cross correlation
[T.R] Ko gy t ' — 278 ¢ fw+ fo KT
Qpess ltardl = 3 (rc ’ [k o Pa— ) solk] e /7w el Samp (3.79)
k=0 Samp

The CFO estimation is subsequently used for compensation of CFO induced errors before coherent parameter
estimation according to (3.76). Due to the two-dimensional search process, complexity grows significantly. However,
this approach overcomes the limitations of the previous algorithms as it allows improving the SNR on the receiving
side. Signals with a low spectral efficiency, such as Direct Sequence Spread Spectrum (DSSS) allowing acquisition
below the noise floor [KH06] may be employed. Furthermore, the algorithm is not specific to a certain type of
waveform s.

3.4.1.3 TIME-FREQUENCY SEARCH WITH TRACKING

The time-frequency search and coherent parameter estimation algorithm can be improved in two ways:

e The time-frequency search in (3.79) provides not only frequency offset estimation but also delay estimation.
The coherent parameter estimation step is hence included and localization parameters can be directly obtained
on (3.79) and are given by

—~ T,R
2 TR] _ tlﬁ%)} QLC,SO] ovrle (3.80a)
Q[T’R] = arg max Qg,’slé] [ta. O], (3.80b)
ta tAléf
— [T,R] [T,R]
5 = Qs [t 64]|, 3.80
fo aérfg tlefg; resso [LA/OF] (3.80¢)
—|T,R T,R] |—I[T,R] —~|[T,R
<PAC[ h- arg{ﬂlc,so] {tAc[ Léfc[ ]} } (3.80d)

o Adequate tracking techniques allow reducing the time 7 and frequency F search spaces for the estimation
of localization metrics on the set of C received signals on the different channels [0, ..., C —1].

The following hypotheses need to be considered for this purpose:

e The time search space can be reduced if the time relation between the nodes remains constant over the
multi-channel exchange, i.e. tj = const. Vc € [0,C —1].

e The lower limit for the time search space is given by the ToA estimation uncertainty and sampling time drifts
due to clock frequency offsets & -

The frequency search space for ¢ = 0 is designed to cover the maximum encountered and hence specified relative

[TR]

CFO. It can be reduced for ¢ > 0 to testing adjacent hypotheses around the CFO estimate (S/f\C obtained due
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to initial full search space. Temporal clock frequency drifts between successive channels need to be inferior to the
tested adjacent hypotheses. This algorithm is depicted in Figure 3.20.
Computational complexity can be reduced compared to full time-frequency search and coherent parameter
estimation, however tracking techniques need to properly adapt to e.g. time varying CFO or degraded reception
conditions, e.g. through temporal signal loss.
Table 3.2 summarizes the features of the presented localization metric extraction algorithms.

Differential Detection
and Coherent
Parameter Estimation

Time-frequency
Search and Coherent
Parameter Estimation

Time-frequency
Search with Tracking

SNR operation range

> 0dB [MM97]

Detection below noise floor possible
(limitation: maximum coherent integration time)

Waveform PSK any

Comple?ﬂty in cross 9 T X F42 acqu.lsltlor}: TxF
correlations tracking min.: 2 x 3
Requirements high robustness sophisiticated tracking

required

3.4.2 RANGE ESTIMATION

TABLE 3.2 — Overview on localization metric extraction algorithms.

Classical ToF ranging as well as multi-channel PoF range estimation can be performed based on the extracted

localization metrics.

3.4.2.1 TIME oF FLIGHT

The ToF estimation from timeslot two-way ranging is calculated by the sum of the two ToA estimates given
by (3.34) with (3.45). ToA estimates are converted to a common time base with the available CFO estimation. The

ToF is given by
2] _ —[T,R o\ —I[T2,R
Trore " = fac VR 4 (14 67) £ 2R, (3.81)
Single channel ToF range estimation is given by
26+ € € 1+d6r+e€p
Trope = OTqopa A fo i 0 ke
ToFc = 5 IToFe = T +00——% T —C-7—~f —c0 -7~ 9KsTsamp
—— . , 2(1+¢) 2(1+5)
Term I T I
erm
Term III Term IV
E[/Tl'Rz] + <1 + 5f + €5 > 6[/12'1{1]
+ tac f tac
) 5 (3.82)
Term V

e Term I: Range which is to be estimated.

e Term II: This error is due to the absence of an absolute clock reference. It can be neglected as §; < 1 and
the error hence much smaller than range to be estimated, e.g. g7y = 1km results in a 1 mm error f{)r alppm

CFO.

e Term IIL: This error depends on the CFO estimation quality and the timeslot alignment.

Practically

the timeslot alignment, controlled by the MAC layer, is in the order of magnitude of ToA estimation
(5} < 1 much smaller than the ToA estimation error Term V.

Considering a timeslot alignment ¢y, = 1ms and a CFO estimation error € % = 1ppm, this term evaluates to

errors, ie. |tg| =~ ’ea’. The term is due to €

a 0.3 m range error.
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e Term IV: This error arises due to the time duration between the two ToA estimations. For LPWA

transmissions/packets, KgTg,p,, can be in the order of seconds. In such a case the error of this term evaluates
to ~ 150 m for Kg Tsamp = 1s and a 1 ppm CFO. Depending on the ToA estimation precision this error can be
significant compared to Term V and needs to be corrected. This is possible using a CFO estimation and the
knowledge of the transmission time.

e Term V: ToA estimation uncertainty and noise.

Single channel ToF range estimates on different channels ¢ can be combined to improve statistics. In the
following, averaging and the median over the set of C channels is investigated

AToEMC—mean = mean (dToFc) , (3.83a)

dToF,MC—median = me%lian (dToFc> . (3-83b)

3.4.2.2 PHASE OF FLIGHT - PHASE SLOPE

The sets of phase estimates are given by (3.44a) and (3.44b) and their channel-wise sum analog to (3.81),
considering conversion to a common time base yields the so-called PoF

_——n

2 <\ —[T1,Ry] | = [T2,Ry]
Frore ) = (1467) fa VR 4 gz, P
€/\
)
= =27 (fwe + fo) 219 +2¢c =27 (fwe + fc) (2(5f +e§}) 0+ (‘Sf +e(s}) Pc onfcl +f5 to
Term I _,—f/
Term II Term IIT
N\ [TuRa] | [ToRq]
+27 (fwc “rfc) 5fKSTSamp + (1+§f+€‘5f) €47A\g +€¢/A\C
Term IV Term V
AR T Rl L, ], (R
+27waCW5ft0 + (1 + ¢ +€@) <¢Rc Y—¢re ) +¢re > —PRe - (3.84)
Term VI Term VII
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Term I: Range information is included in the delay dependent phase shift and the multipath channel phase.
This term is equivalent to its ToF analog.

Term II: This error is due to the absence of an absolute clock reference. It can be neglected as §; < 1 and
the error hence much smaller than range to be estimated, e.g. cy7y = 1km results in a 1 mm error f{)r alppm
CFO. This term is equivalent to its ToF analog in (3.82).

Term III: This error depends on the CFO estimation quality and the timeslot alignment. Practically
the timeslot alignment, controlled by the MAC layer, is in the order of magnitude of ToA estimation
errors, i.e. |ty| = ‘et/g‘. Considering a timeslot alignment {y; = 1 ms and a CFO estimation error e (SAf = 1ppm,
this term evaluates to a 0.3 m range error. This term is equivalent to its ToF analog in (3.82).

Term IV: This error arises due to the time duration between the two PoA estimations. For LPWA
transmissions/packets, Kg TSamp can be in the order of seconds. In such a case the error of this term evaluates
to ~ 150m for KgTsymp = 1s and a 1ppm CFO. In contrast to its equivalent ToF term in (3.82), this error
needs correction as it is significant in comparison to the precision of PoF based range estimation, predicted
with the CRLBs. Based on a CFO estimation and the knowledge of the transmission time this error can be
corrected (see (3.93)).

Term V: PoA estimation uncertainty and noise. This term is equivalent to its ToF analog in (3.82).

Term VI: Error due to the quality of the timeslot alignment and CFO. This error is a constant phase rotation
for all channels ¢ considering fw, = const.. So it has no impact on the range information included in the
phase variation over the channels. For fyy, # const. the variations of this error are neglegible with the same
reasoning as in Term III

Term VII: Term regrouping the initial oscillator phases. Neglecting the CFO impact, this term is equivalent
to ZAPR,.



3.4. RADIO SIGNAL BASED RANGING

Considering one of the transceiver architectures from Figure 3.9 and the corresponding processing, LA¢r,. is
known, constant or zero over all channels. Under the hypothesis of free-space propagation, i.e. ¢, = const. over all
channels, range information can be obtained by taking the average slope of (3.84) as

o f —[2] —— [12]
2 ‘PPoFc _‘PPOFC—H

L\ Twe + 7 Gwe + fird)

~ CO 1
dPoF,Slope == 2. 97 C

(3.85)

The slope can be calculated from only @[1'2} and (plﬁ; 1[1'2], which yields maximum RMS bandwidth and

hence best ranging precision. However, it is not sufficient as the large resulting channel spacing introduces a
small maximum unambiguous range. Averaging in (3.85) ensures increased maximum unambiguous range through
smaller channel spacing.

Further restricting to the transceiver architecture in Figure 3.9b with constant fy and numerical IF mixing,
slopes can be calculated on (3.44a) and (3.44b) separately, which gives the estimation of 1y + ¢y and 1y — #y. Their
combination allows range estimation.

Although the phase slope approach is straightforward, it is not applicable to multipath environments
where ¢ # const. over all channels and hence the phase and range are no longer linearly related.

3.4.2.3 PHASE OF FLIGHT - CHANNEL IMPULSE RESPONSE RECONSTRUCTION

In the general case of multipath propagation, an estimation of the CIR gives detailed insight into the
channel, eg. through macroscopic propagation channel characteristics (see Chapter 2.3.3) and allows range
estimation e.g. through detecting the first path.

The estimated round-trip channel transfer function at the frequencies f. can be reconstructed based on (3.40)
and (3.44) as

N ——[12]
1[)16%} — @[TuR2] g [T2Re] o dpore (3.86)

[

It is the multiplication of the two one-way channel transfer functions

12l _ mlhRa] 7Tk
HPOFC - HPOAC HPOAC ’ (3'87)
which is required to eliminate the unknown time offset f.
The round-trip CIR is given by Inverse Discrete Fourier Transform (IDFT) of (3.86)
K -1 - 27ck
— [1,2] — [1,2] 1 I 420 J7
hpok (kTresolution) = hPoFk = KippT L HPoFC e "IDFT, (3.88)
c=0

with a zero-padded channel transfer function IfII[,l(;%}C’O of length Kpppr and CIR time

resolution T,egotution = 1/ (2Af (Kipgr — 1)). An illustration is given in Figure 3.21.

[T.R]

The round-trip CIR is a convolution of the reciprocal one-way CIR @ with itself

——[12]

7 7}1/\[T1/R2] ——[T2,Ry]
PoFk — "PoAk * .

hpoak

0.

(3.89)

Delays 7, appear at twice their real distance and so-called phantom paths 7; + 7, Vi # k arise due to this
convolution.

For free-space and Line of Sight (LoS) weak multipath propagation, range estimation is given according to (2.24)

by the maximum in the estimated CIR h}:}:[l’z]

APoECIR-max = 5 Thmax" (3.90)

However, LoS with strong multipath propagation scenarios require more adequate range estimation algorithms
such as first path detection depicted in Figure 3.22. The first path which is assumed to be the direct path and hence
corresponds to the inter-node range, is taken as shortest path within a certain range Ry, and above a certain
threshold vy, relative to the path of maximum magnitude
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FIGURE 3.22 - First path detection relative to the path of maximum amplitude.
ds er = C—Omin T: L(T;t)‘ ? > Yirst N ‘T f‘r) < Lﬁ“t (3.91)
PoF,CIR—first 5 : Hmax = Yfirst Nmax = ¢ : :

The thresholds need to be adapted to the propagation channel characteristics and the ranging ambiguity. This is
necessary as paths of long excess delays may appear before the actual first path due to circularity of the CIR.

It is desirable to remove the phantom paths between the actual paths as they degrade range resolution AR by
a factor 2 [Sch11]. A possible strategy on how to obtain H from H? is investigated in [Sch11; S$10]. However,
this requires transmitting packets twice in each channel, respecting a specific timing and channel-hopping scheme.
These requirements make the application of this technique in the LPWA context less appealing.

Estimating 1 + f( and 75 — ¢( based on the one-way CIRs and summing them up as in the phase slope method
is an alternative. However, it introduces the problem of estimating the first path in a circularly shifted CIR. This
approach hence only works if the first path is the strongest path.

Other range estimation algorithms are possible:

e Optimization approach: Range estimation through minimization, e.g. by least-square optimization, of the
error between estimated localization metrics and a model.

e Multiple Signal Classification (MUSIC): The multi-channel delay estimation can be formulated MUSIC
estimation problem. This method is investigated in Chapter 5.1.2.1.

e Learning based approach: Localization metrics, e.g. amplitude, time and phase can be fed directly to a
learning algorithm, which outputs range estimates. These methods in contrast to parametric estimation
require a training phase with labeled data, i.e. data with the ranging ground truth. These approaches are
investigated in Chapter 5.1.2.2.

While the phase slope approach requires the strong hypothesis of free-space propagation, all other methods can
be used in multipath propagation.
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FIGURE 3.23 — Signal processing steps in numerical simulation for ToF and PoF ranging techniques.

3.5 ANALYSIS BY SIMULATIONS IN AN AWGN CHANNEL

The following analysis by numerical simulation based on the timeslot two-way signal model (see Chapter 3.2.2.2)
has multiple purposes:

Validation of the signal model.

Benchmarking of localization metric extraction algorithms given in Chapter 3.4.1 and comparison to the
CRLB.

Mlustration of the performances for ToF and multi-channel PoF ranging.

Providing design guidelines for the hardware implementation and dimensioning of system parameters.

Numerical simulations are limited to an AWGN channel in this chapter. Simulations considering multipath channel
models are presented in Chapter 4.2.4.

351

SIMULATION SETUP

The simulation setup is depicted in Figure 3.23 and detailed in the following:

Baseband signal design sy: For ranging purposes only the preamble is considered in the baseband
waveform sy. The preamble follows a Gold sequence of length 32 and is modulated as Binary Phase Shift
Keying (BPSK) signal of a bandwidth B = 10kHz. This parameter choice is typical for LPWA physical layers
and can be compared to e.g. Sigfox and compatible transceiver chips fromTable 1.3.

Numerical coherent IF up-mixing: According to the transceiver architecture from Figure 3.9b,
where channel switching is performed numerically, the baseband waveform is up-mixed to the set of
channels [0, C — 1] with a total of C = 16 channels and an uniform channel spacing A f = 200 kHz. This results
in a virtual bandwidth By = 3MHz, a range resolution AR = 50 m and a range ambiguity Rmax = 750 m.

AD9361 TX impairments: The transmitter impairments from the numerical IF stage to the antenna are
simulated in the following.

A constant clock frequency offset 6, is considered. Typical offsets from +10ppm are taken into account.
Digital to analog conversion is simulated by considering only SFO which is simulated by resampling the IF
signal. The unknown time reference f is simulated by an arbitrary time shift |tj| < 600us. An uniform
distributed phase shift g € [0,277) is added to the resulting "analog" signal to simulate unknown initial LO
phase. Constant CFO is simulated in baseband by introducing a frequency shift & Ji fw. This signal is then
passed into the propagation channel.

Propagation channel: The radio propagation channel is given by a frequency flat channel, i.e. free-space
propagation. Delays 1 corresponding to ranges [0 — 4km]| are simulated.

AD9361 RX impairments: Analog to the AD9361 TX impairments step, the same operations are performed
in inverse order to simulate the equivalent behavior on the receiving side.

Numerical coherent IF down-mixing: Equally analog to the numerical coherent IF up-mixing step.

[T)R]

Ranging Algorithm: The resulting baseband received signals r, are processed with the localization
metric extraction algorithm presented in Chapter 3.4.1.1. Range estimates for single channel (3.82) and
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FIGURE 3.24 — Simulated ranging error in a frequency flat channel with a signal bandwidth B = 10kHz, C = 16 channels and a
virtual multi-channel bandwidth Byix = 3.0 MHz with parameters from Table 3.3.

multi-channel (3.83a) ToF and multi-channel PoF (3.90) are compared.
Simulation results are given for 10> independent realizations. Table 3.3 summarizes the numerical values.

Parameter ‘ Numerical value
Delay 1 uniform in [0, 4]km/cq
Time offset ¢ uniform in [—600, +600]us
Initial LO phase Agr uniform in [0, 27)
Carrier frequency fiw 868 MHz
Waveform s BPSK
B=10kHz

Gold code of length K 4. = 32

Channel spacing Af 200kHz
Number of channels C 16
Virtual bandwidth By 3MHz
Maximum unambiguous range Rmax 750 m
Range resolution AR 50 m
IF sampling frequency fsamp,IF 20 MHz
Baseband sampling frequency fsamp,BB 1MHz
Number of realizations 103

TABLE 3.3 — Parameters for numerical simulations of ToF and PoF ranging.

3.5.2 SIMULATION RESULTS IN FREE-SPACE PROPAGATION

Figure 3.24 illustrates the RMS ranging error for the aforementioned setup. Single channel and multi-channel
ToF ranging achieve for sufficient Eg/ Ny, precisions close to the respective CRLB. For low Ey, /Ny = Eg/Ny/ K odes
CFO estimation with [MM97] fails and hence localization metric extraction. In the high Eq/Nj regime, the precision
is bound by the uniform distributed sampling resolution error, which evaluates here to

€0 (ETSam )
P/ ToA 0
cole = = ~ 61lm. 3.92
0 ( TSamP)ToF V2 V2 12fSamp,BB ( )

Multi-channel PoF achieves the respective CRLB in the CFO free case, while increasing CFO degrades ranging
precision. Meter-level precision can be achieved with 10kHz signal bandwidth and a reasonable number of
channels C = 16 and a total virtual bandwidth compliant with the authorized bandwidth in the SRD 868 MHz band.

As can be seen from Figure 3.24, CFO significantly limits precision for PoF ranging. Calculating the PoF includes

the Term IV error according to (3.84). This error arises from the fact that the two phase estimations qu\c[Tl’Rz]

and <p/A\C[T1’R2} are performed at time instances separated by the length of the transmission or packet Kg Tsamp- as
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FIGURE 3.25 - Simulated ranging error integrating the correction of CFO induced errors in a frequency flat channel with a signal

bandwidth B = 10kHz, C = 16 channels and a virtual multi-channel bandwidth Byi,y = 3.0 MHz with parameters from Table 3.3.

the two-way exchange is performed sequentially. For a maximum relative CFO of 10 ppm and a transmission or
packet length K. 4./B = 3.2ms, this error is given by 00 TsampKs ~ 20m. This error is dominant compared
to the other errors. However, it can be estimated and corrected. CFO estimation is available and the response
time KgTsamp is known, allowing compensating for this error by calculating

—=[12]  _—_[1,2]

‘PPoFc = ‘PPOFC - Zn‘if\c[TZ,Rl] (fW + fC) KSTSamp~ (3-93)

Utilising (3.93) instead of (3.84) for CIR reconstruction, gives the results plotted in Figure 3.25. The simulation
results show that CFO can be compensated and that the remaining CFO influence is negligible. Considering the
aforementioned results, meter-level ranging precision can be achieved in free-space radio channels with LPWA
compatible narrowband signals and reasonable Eg/Nj.

Considering the convergence point at (Eg/Ny), = 25 dB as nominal operation point, receiver sensitivity is given

by

dB
dB E
(Preq) ™™ = (VSO)O ~ (Keoe)™® + (kg Temp)dBm/Hz 4 (p)dBHz 4 (i) dB

=25dB —15dB — 174dBm/Hz + 40dBHz + 2.5dB
= —121.5dBm. (3.94)

According to (1.10), a transmit power Py = 14 dBm leads to alink budget L = 135.5 dB. A coverage extrapolation with
the Hata [Hat80] suburban and rural propagation conditions predicts a coverage of 2.5 km and 4 km respectively.
These are LPWA typical coverages.

3.6 CONCLUSION AND PERSPECTIVES

The principle of multi-channel ranging relies on sensing the radio channel with narrowband signals at different
frequencies and retrieving amplitude and phase information. This channel estimation repeated at multiple
frequencies, can be interpreted as sampling the channel transfer function in frequency domain at these frequencies.
The number of channels and their spacing define the so-called virtual bandwidth, i.e. the equivalent bandwidth
when sensing the propagation channel with a single signal of large instantaneous bandwidth. These parameters
determine the performances of multi-channel ranging.

A detailed signal model has been developed which allows studying the complete processing chain, comprising
the signal generation on the transmitter, the propagation channel and reception by the receiver. Based on the
signal model, closed form expressions for localization metrics such as RSSI, ToA and PoA and their dependency
on clock impairments and the propagation channel are given. The general signal model suited for both, ToF and
Time Difference of Arrival (TDoA) like approaches is then developed for ping-pong and timeslot two-way ranging.
Considering constant, time invariant clock offsets, the transceiver architecture requires sharing a common phase
reference between the transmitter and the receiver branch. This can be achieved through intra-node calibration, a
common local oscillator or a numerical intermediate frequency mixing stage to maintain phase coherence over the
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multiple channels. Phase coherence between two nodes is established in a packet exchange following a round trip
protocol.

The numerical evaluation of theoretical performance bounds shows that constant clock offsets are not impeding
ranging precision. Theoretically multi-channel ranging achieves under AWGN conditions meter-level precision with
Ultra-Narrow Band (UNB) 1 kHz signals, a virtual bandwidth covering the available 7 MHz in the SRD 868 MHz band
and technically typical SNR levels. Modeling propagation channels as prior information allows evaluating the CRLB
for multipath scenarios. Ranging precision significantly degrades, with a RMS error of 70 m in the ETSI Tux channel.
Performances are bound by the channel coherence bandwidth.

Based on these promising results, a correlation based localization metric extraction algorithm is designed. This
algorithm is equivalent to the synchronization process required in every wireless receiver for data reception. The
proposed algorithm is hence compatible with existing LPWA transceivers with minor modifications to obtain
estimated channel state information. The sequentially estimated channel transfer function is converted to an
estimate of the CIR upon which the range between the nodes is estimated with a first path detection algorithm.

The algorithm is tested with AWGN simulations. For this purpose, the ranging algorithm is applied to
received signals generated according to the presented signal model. The designed algorithm attains in simulation
asymptotically the CRLB and the impact of CFO on the ranging precision can be corrected as predicted with the
theoretical CRLB.

In order to get more detailed insight into expectable ranging performances in terms of accuracy and precision,
the CRLB can be moreover evaluated e.g. for a two-path propagation model or for channel models with Rician
fading, i.e. with a specular component for the direct LoS path. The IDFT based range estimator can be optimized
with proper windowing to reduce side lobes, and hence improve in multipath performances.

110



BIBLIOGRAPHY OF CHAPTER 3

BI1BLIOGRAPHY OF CHAPTER 3

[CZZ75]

[DW09]

[ETS10]
[Hat80]
[KHO06]
[Kar+11]
[Kay93]
[LZP11]
[MM97]

[PSSV09a]

[SVPS08]

[Schi11]

[SS10]
[Sha48]

[VT04]

D. Chazan, M. Zakai, and J. Ziv. “Improved Lower Bounds on Signal Parameter Estimation”. In: [EEE
transactions on Information Theory 21.1 (1975), pp. 90-93.

D. Dardari and M. Z. Win. “Ziv-Zakai Bound on Time-Of-Arrival Estimation with Statistical
Channel Knowledge at the Receiver”. In: 2009 IEEE International Conference on Ultra-Wideband. 2009,
pp. 624-629.

ETSIL. Universal Mobile Telecommunications System (UMTS); Deployment aspects (3GPP TR 25.943
version 9.0.0 Release 9). European Telecommunications Standards Institute (ETSI), 2010.

M. Hata. “Empirical Formula for Propagation Loss in Land Mobile Radio Services”. In: IEEE
Transactions on Vehicular Technology 29.3 (1980), pp. 317-325.

E. Kaplan and C. Hegarty. Understanding GPS: Principles and Applications. Second Edition. Artech
House, 2006.

Y. Karisan et al. “Range Estimation in Multicarrier Systems in the Presence of Interference:
Performance Limits and Optimal Signal Design”. In: IEEE Transactions on Wireless Communications
10.10 (2011), pp. 3321-3331.

S. M. Kay. Fundamentals of Statistical Signal Processing: Estimation Theory. 1993.

S. Lanzisera, D. Zats, and K. S. J. Pister. “Radio Frequency Time-of-Flight Distance Measurement for
Low-Cost Wireless Sensor Localization”. In: IEEE Sensors Journal 11.3 (2011), pp. 837—-845.

U. Mengali and M. Morelli. “Data-Aided Frequency Estimation for Burst Digital Transmission”. In:
IEEE Transactions on Communications 45.1 (1997), pp. 23-25.

M. Pichler, S. Schwarzer, A. Stelzer, and M. Vossiek. “Multi-Channel Distance Measurement With
IEEE 802.15.4 (ZigBee) Devices”. In: IEEE Journal of Selected Topics in Signal Processing 3.5 (2009),
pp. 845-859.

S. Schwarzer, M. Vossiek, M. Pichler, and A. Stelzer. “Precise distance measurement with IEEE
802.15.4 (ZigBee) devices”. In: 2008 IEEE Radio and Wireless Symposium. 2008, pp. 779-782.

S. Schwarzer. “Entwicklung eines industriellen Funkortungssystems basierend auf der kohaerenten
Kombination von Kommunikationssignalen mit IEEE-802.15.4-Geraeten”. PhD thesis. Technischen
Universitaet Clausthal, 2011.

S. Schwarzer and C. Saisenberger. “Verfahren zur Ortung von drahtlos kommunizierenden
Funkteilnehmern”. Pat. 10 2008 034 567. 2010.

C. Shannon. “A Mathematical Theory of Communication”. In: The Bell System Technical Journal 27.3
(1948), pp. 379-423.

H. L. Van Trees. Detection, Estimation, and Modulation Theory. John Wiley and Sons, 2004.

111






EXPERIMENTATIONS AND FIELD TRIALS

"Erfindungen, die die Welt verdndern, werden nicht nur im dunklen Kiammerchen gemacht."

— Guglielmo Giovanni Maria Marconi (1874 — 1937)
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CHAPTER 4. EXPERIMENTATIONS AND FIELD TRIALS

S IMULATIONS of multi-channel ranging revealing a significant performance gain compared to time based ranging
techniques are validated with experimentation and field trials. For this purpose a multi-channel ranging enabled
transceiver testbed is designed. Simulation results are compared to experimental measurements in a cabled Additive
White Gaussian Noise (AWGN) channel. Several multi-channel ranging field trial measurement campaigns are
performed in outdoor long-range propagation conditions. Performances are analyzed and strategies to combat
multipath induced biases are proposed. Multi-channel ranging with the developed transceiver testbed is compared
to an existing industrial LPWA ranging solution.

4.1 MurLTiI-CHANNEL RANGING RADIO TRANSCEIVER TESTBED

4.1.1 GENERAL PURPOSE AND SPECIFICATION

The main purpose of the multi-channel ranging radio transceiver testbed is, to transmit and receive LPWA
signals according to the multi-channel ranging signal model presented in Chapter 3.2. The portable testbed is
designed for experimental validation in the laboratory as well as for outdoor field trials. The radio transceiver
testbed allowing performing multi-channel range estimation with Phase of Flight (PoF) measurements is hereafter
referred to as Coherent Ranging On Narrowband Enabled Networks (CRONEN).

A transmitter allowing to send different waveforms s offers the ability to flexibly test various configurations
and LPWA physical layers. The straightforward approach combines MATLAB based waveform generation and
a Radio Frequency (RF) transmitter capable of sending IQ samples. In order to get detailed insight into the
performances of localization metric extraction algorithms and ranging estimators on real signals, data needs to
be recorded for repeatable post-processing. This allows visualizing received waveforms and benchmarking of
different algorithms on identical data for a fair comparison. For this purpose, the radio transceiver testbed is equally
required to record raw IQ data for offline post-processing. This offers furthermore the flexibility of rapid algorithm
prototyping and debugging with MATLAB instead of long development times for the implementation of embedded
algorithms, e.g. with C language or Very High Speed Integrated Circuit Hardware Description Language (VHDL).

A popular choice for this type of requirements is the use of a Software Defined Radio (SDR). Developing a SDR
based multi-channel ranging testbed is furthermore supported by the fact that the access to IQ data or at least to
localization metrics such as Time of Arrival (ToA) and Phase of Arrival (PoA) is not granted on commercial LPWA
radio chipsets (see Table 1.3).

State-of-the art SDRs are based on a Field Programmable Gate Array (FPGA) for rapid and flexible
implementation as well as on a versatile radio front-end. Table 4.1 gives a non-exhaustive list of current state-of-the
art SDRs according to [Cro17] and their features relevant for multi-channel ranging. For the implementation of
the multi-channel ranging transceiver testbed CRONEN, a custom SDR, called FLEX board has been chosen. The
FLEX board is based on a Xilinx Zyng-045 System on Chip (SoC) [Xil15] and an Analog Devices AD9361 radio-front
end [Anal3]. Main criteria for this choice are the availability in the laboratory as well as existing FPGA designs
that can be adapted for the purpose of this thesis. It is worth noting that the FLEX board and the Ettus B210 SDR
are based on similar hardware.

The requirements for SDRs regarding multi-channel ranging are discussed in the following. Common SDRs
are based on radio-front ends, such as the Analog Devices AD9361 chipset, that allow Frequency Division Duplex
(FDD) operation mode which implies that transmitter and receiver path have independent Phase-Locked Loops
(PLLs) for Local Oscillator (LO) frequency synthesis. This excludes the tranceiver architecture from Figure 3.9c
with ZA¢gr,. = 0. Consequently phase calibration or numerical Intermediate Frequency (IF) mixing according to
Figure 3.9a or Figure 3.9b respectively, is required. For the realization of the multi-channel ranging transceiver
testbed, the latter option has been chosen. This choice is rather arbitrary, but avoids supplementary processing
to achieve phase calibration on each channel fi + fc. Consequently channel switching f. has to be performed in
numerical domain, where phase coherence can be guaranteed.

Channel switching f; can be realized during numerical offline waveform generation, i.e. with MATLAB by

generating the two-way multi-channel transmit signal by joining the single channel transmit signals sIFLT] e C1xKs
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Ettus B210 (B200) . HackRF
FLEX board [Ett] LimeSDR [Myr] One [Gre]
- Xilinx CPLD
Xilinx
FPGA Z9na-045 SoC Spartan 6 Altera Cyclone IV (XC2C64A-
yiq 7VQG100C)
Full duplex FIFO
PLGs buffer design 100k (75 k) 40k 64 macro-cells
2xTX @32kS in CPLD
2xRX @64 kS
512MB RAM
0] board N
n oar @2MS/s )
memory
ARM processor/ ARM processor
P N
rocessor/ Embedded Linux © (LPC4320FBD144)
Operating
system
Connectivity USB 2.0 to host PC/ USB 3.0 to host PC USB 2.0 to host PC
Ethernet
MAX5864
Radio  front AD9361 AD9361 (AD9364) LMS7002M MAX2837
end RFFC5072
Carrier 70MHz — 6 GHz 70MHz — 6 GHz 100kHz — 3.8 GHz 1MHz — 6 GHz
frequency fw
Bandwidth B 56 MHz 56 MHz 56 MHz 20MHz
MIMO TXxRX 2x2 2x2(1x1) 2x2 1x1
Transmit 0dBm 10 dBm 10 dBm —10 to 15dBm
power D
Oscillator +0.5ppm [Tail7] +2ppm +2.5ppm [Rak17] 420 ppm
stability
Phase Independent TX and RX LOs Common TX and
RXLO
coherence
Price \ ~1500% ~ 11195 (6865) | ~300% ~300%
TaBLE 4.1 — Overview on current state-of-the-art SDRs.
from (3.17) into the final signal
T T T
sl = sl 0,0, 0), sk, 0,0, 0), o sl (0,1 0)| € €12CKs,
—_———
L Ks Ks Ks |
T T T
spl2 = |0, ..., 0), sl (0, ..., 0), sipi, (0,0, 0), L, spl2) | e €1x2CKs, (4.1)
———— ——— ——
L K Kg K |
with silence periods accounting for the reception in the timeslot when the other node is
transmitting (see Chapter 3.2.2.2). This requires a minimum sampling frequency
fSamp > 2max (|fc|) = Byt (4.2)

Analog to the transmitter, the receiver samples the entire virtual bandwidth By, and channel selection according
to (3.27) is done in offline post-processing.

This approach, although offloading most signal processing to the offline, i.e. MATLAB domain, has the
disadvantage of generating large data streams due to the combination of high sampling frequency for the
aforementioned reasons and long LPWA transmission and reception durations.

For multi-channel ranging in the SRD 868 MHz band, a total virtual bandwidth of (By;.t)

= 7MHz can be

max

used theoretically according to regulation [CEP18]. Considering the parameters from Table 3.3 and each I or Q value
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FIGURE 4.1 — Overall system architecture and offline processing workflow for two-way multi-channel ranging.

coded on K

resolution = 16bit, results in a total data size

Keod 32 .
F = % :2-C fSamp,IF -2 Kresolution = m -2-16-20MHz - 2 - 16 bit = SMB, (4.3)

at a sampling frequency fg = 20MHz g 2-7MHz. Considering LPWA transmissions lasting up to Toacket = 18
yields

F = Toacket 2+ C foamp,F -2 Kresolution = 152+ 16 - 20MHz -2 16bit = 2.6 GB. (4.4)

These large data streams cannot be stored in the Zynq-045 FPGA matrices. Direct Memory Access (DMA)
architectures allow fast access and storing of the data on onboard Random Access Memory (RAM), while expensive
high-speed Ethernet connections allow direct online offloading to a host processor [Dio+19].

At the time, when the multi-channel transceiver testbed was developed, DMA functions have not yet been
implemented on the FLEX board and evaluated too time consuming to include into this work. Offloading IQ data to
the RAM of the Advanced RISC Machine (ARM) processor, is implementation dependent limited to a maximum data
rate of ~ 2MS/s on the Advanced eXtensible Interface (AXI) bus between the ARM processor and the FPGA matrix.
This limits the maximum virtual bandwidth to By < 2MHz/2 = 1MHz. It is therefore inevitably to reduce data
rate already in the FPGA before storage. With regard to multi-channel ranging, this is achieved by implementing the
numerical IF up- and down-mixing function, i.e. (3.17) and (3.27) into the FPGA. Subsequently, data rate is adapted
through up-sampling or decimation.

A baseband sampling frequency of 1MHz is largely sufficient for LPWA waveforms and can be easily
transferred over the AXI bus. The 512MB RAM available on the FLEX board offers simultaneous storage
of upto 512MB/(2 - 32bit/Sample) - 8 bit/byte = 64 MSample, corresponding to 64 MSample/1 MSample/s = 64s
transmit and receive streams of IQ samples on 2 - 16 bit.

The implementation details are presented in the following.

4.1.2 OVERALL SYSTEM ARCHITECTURE

The overall system architecture for timeslot two-way multi-channel ranging and ranging error characterization
is depicted in Figure 4.1. Each node, based on a FLEX board, comprises a SDR based on the
Xilinx Zyng-045 SoC! [Xil15] and an Analog Devices AD9361 radio-front end [Anal13]. The Zynq-045 integrates
an ARM processor running an embedded Linux operating system which is used for executing the transmission and
reception applications which also configure the numerical IF up- and down-mixing stages in the FPGA matrix and
the radio front-end. The MATLAB generated transmit waveform s is once transferred via Ethernet to the SD card
on the FLEX board. The transmission application reads the waveform IQ samples and transmits them, while the

Xilinx Zynq XC7Z045-1FFG676.
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FIGURE 4.2 — SDR based coherent multi-channel ranging transceiver testbed architecture.

receive application stores IQ samples to the SD card. These IQ data files can then be offloaded via Ethernet to a host
computer running MATLAB where localization metric extraction algorithms and range estimation (see Chapter 3.4)
are performed.

Each node has an independent clock reference and hence nodes are not synchronized. This corresponds to the
typical LPWA scenario where distant nodes and base stations do not share a common time reference. Due to the
fact that received signals are only processed offline, no information is available online when to start IQ sample
recording. This can be overcome by continuous recording, which results in large noise-only received data, which is
impractical. Moreover, considering two-way ranging, nodes have to switch roles and a receiver becomes transmitter
and vice versa. This requires inevitably some online information, i.e. signal detection.

In wireless communication systems, this information is naturally provided as the receiver aligns to the
incoming signal for correct data demodulation. In this thesis, no online data demodulation is performed as signal
processing is done in an offline step. Coarse synchronization is therefore achieved via Global Navigation Satellite
System (GNSS) modules added to each transceiver testbed. The precise GNSS synchronization is voluntarily
degraded by adding a sufficiently high time jitter to simulate coarse-only synchronization, replacing coarse-only
synchronization ie. through the Medium Access Control (MAC) layer or alignment to the preamble. The
implemented ranging protocol corresponds hence to the timeslot two-way ranging (see Chapter 3.2.2.2).

In the following, implementation details of the multi-channel ranging testbed are presented.

4.1.3 IMPLEMENTATION DETAILS
4.1.3.1 TRANSCEIVER ARCHITECTURE

The radio transceiver testbed depicted in Figure 4.2 can be split into the Xilinx Zyng-045 SoC and the
Analog Devices AD9361 radio-front end.

Xilinx Zynq-045 SoC

e ARM processor: The dual-core 1 GHz ARM processor is running an open embedded Linux operating system
and has an external 512 MB RAM.

e SD card: The host PC can access the SD card via the ARM processor. SD card read and write speed are
limiting factors for the rate with which range estimates can be repeated. A 32 GB SD card offers a 90MB/s
write speed [Pan17].

e TX application: The transmit application written in C-code, reads once the transmit IQ file to the RAM,
configures the AD9361 as well as the signal processing blocks implemented into the FPGA matrix via registers.
Over the AXI bus it then transfers the IQ samples to the TX FIFO in the FPGA matrix.

e RX application: The C-code application performs configuration analog to the TX application. Upon valid
receive IQ samples in the RX FIFO, the application stores them to the ARM connected RAM. After completed
reception, IQ data in the RAM is saved into a new RX IQ data file on the SD card.

o TX/RX FIFO: The 32kS TX and 64kS RX FIFOs serve as buffer between the non-real-time Linux operating
system and the real-time signal processing towards the AD9361.

e Trigger engine: Based on the trigger signal from the trigger control block, the trigger engine starts IQ sample
transfer to the IF mixing block for transmission, or sample storage in the RX FIFO for reception. The trigger
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engine also controls the IF frequency for up- and down-mixing.

o IF mixer: The IF mixing stage performs up- and down-mixing as well as up-sampling and decimation for
transmission and reception respectively. Details are presented in Chapter 4.1.3.2.

e Trigger control: The GNSS Pulse Per Second (PPS) signal used for coarse time synchronization, offers
a 30ns Root Mean Square (RMS) precision [Ubl] which corresponds to a 9 m ranging precision. The trigger
signal is voluntarily degraded by adding a 1 ms = 300 km jitter. Consequently, the coarse time synchronization
only offers frame alignment to a timeslot but not precision timing. Passing this degraded trigger signal to both,
the TX and RX trigger engine, allows intra-node alignment of transmission and reception on a sample basis
required for two-way ranging.

e ADC/DAC resampler: Dual-port FIFOs are used for sampling frequency adaptation between the FPGA and
the AD9361. While the FPGA runs at a clock frequency of 125 MHz, the AD9361 is configured to the sampling
frequency of 20 MHz. IQ sample transfer is realized with a data flow control structure. On the receiver side,
each block pushes its data to the output and sets a valid flag. The AD9361 Digital to Analog Converter (DAC)
sets a read request, which is passed through all bocks to the TX FIFO that pushes its data to the output and sets
avalid flag. Data and the valid signal propagate through all blocks to the AD9361 DAC. Careful dimensioning
of buffer sizes and thresholds for the read request avoid under- and overflows in the different FIFOs.

Analog Devices AD9361 radio-front end

The transmitter and receiver sampling frequency is set to 20 MHz and the IF low pass filter is configured with a
cut-off frequency of 3.1 MHz corresponding to the virtual bandwidth of 3MHz.

e Transmitter: Transmit samples are converted from digital to analog domain and up-mixed to carrier
frequency fw. The AD9361 on the ARRADIO board offers a maximum output power of P; ~ 0 dBm.

e Receiver: The receiver comprises a Low Noise Amplifier (LNA) with a 2.5dB noise figure, down-mixing
and analog to digital conversion. The receiver has various variable gain stages. Automatic gain control is
deactivated to avoid phase variations during a two-way multi-channel exchange and hence a degraded PoA
metric. Adaptation of the gain to actual reception conditions, is achieved by monitoring the average signal
amplitude in the RX application. The level on a completed multi-channel reception i comprising C channels
is calculated and used to modify the gain for the next multi-channel reception i + 1, to fit the dynamic range
without saturation.

GNSS module

In order to characterize the ranging error for the range estimators from Chapter 3.4.2, the corresponding real
range in an outdoor field trial needs to be determined. The ground truth is obtained from GNSS position estimates.
For this purpose each testbed integrates a uBlox C94-M8P application board GNSS module [Ubl] which also provides
the PPS signal used for coarse time synchronization. The module provides position estimates with a 2.5 m median
error in normal urban conditions. Based on the two-dimensional GNSS positions and a prior known antenna height,
ranging ground truth can be established. The ground truth reference error is neglected as the GNSS position
inaccuracy of 2.5 m is smaller than the expected Time of Flight (ToF) and PoF ranging precision (see Figure 3.25).

4.1.3.2 NUMERICAL INTERMEDIATE FREQUENCY MIXER

The numerical IF mixing stage realizes baseband to IF frequency conversion and channel switching according
to (3.17) and (3.27), for transmitter and receiver respectively. Baseband IQ signals have a sampling frequency
of 1MHz largely sufficient for LPWA waveforms. In order to cover the entire SRD 868 MHz band of 7 MHz,
a IF sampling frequency of 20MHz has been chosen. The up-sampling by a factor 20 is achieved by
inserting 19 zero samples. A 229tap Finite Impulse Response (FIR) filter with a cut-off frequency of 500 kHz
and a 30 dB stop band attenuation is used for interpolation. Up-conversion is realized with a mixer based on the
Coordinate Rotation Digital Computer (CORDIC) algorithm, that adds a phase rotation ¢[k] to the complex input
sample s[k] as

r[k] = s[k] e/¢K]. (4.5)
The instantaneous phase ¢[k] is obtained through phase accumulation

o[k] = ¢plk — 1] + 27 fc[k] TSamp mod 27, (4.6)

118



4.1. MULTI-CHANNEL RANGING RADIO TRANSCEIVER TESTBED

‘ TX FIFO }—>‘ IF Up-Mixer }—»‘ DAC resampler
Input {

MATLAB model of TX Up-Mixer

(a) Transmitter validation.

RX FIFO “—{ IF Down-Mixer <—{ ADC resampler ‘
! }—lnput

0=
MATLAB model of RX Down-Mixer ‘
(b) Receiver validation.
—»‘ TX FIFO }—»‘ IF Up-Mixer }—»‘ DAC resampler
Input ———» / 4fSamp,IF
} RX FIFO ‘<—{ IF Down-Mixer <—{ ADC resampler ‘
0L 4_@ —»‘ MATLAB model of TX Up-Mixer

4{ MATLAB model of RX Down-Mixer ‘

(c) Validation of the flow control structure, i.e. speed test.
FIGURE 4.3 - Signal flow diagrams for the validation of the VHDL design by comparison to MATLAB models of implemented processing
blocks.

with ¢[0] = 0 and instantaneous mixing frequency f[k]. The CORDIC algorithm offers an efficient way for the
implementation of the IF mixer in VHDL.

The different channel frequencies f; are stored in a Look-Up Table (LUT) and after utilizing channel frequency f.
for Kg samples, the LUT switches to frequency f,, 1. Phase accumulation is continuous over the set of C channels
so that there are no phase discontinuities.

The receiver comprises the equivalent blocks in inverse order, performing down-conversion, anti-alias filtering
and decimation.

Transmit and receive IF blocks share a common time reference and are aligned via the trigger control.
This enables the required phase coherence between transmitter and receiver, i.e. ZA¢r, = const. required for
multi-channel ranging.

4.1.3.3 VALIDATION OF THE VHDL DESIGN

The implementation of the presented transceiver testbed is based on an operational design comprising the
TX/RX applications, TX/RX FIFOs and the ADC/DAC resampler, available in the laboratory. These blocks have
been adapted in the framework of this thesis and the IF mixing block has been developed as well as the GNSS
module added.

MATLAB models of the IF mixing block have been developed in order to verify the VHDL implementation. This
verification is achieved through first simulating the VHDL blocks and comparing their outputs to the MATLAB
generated output. And secondly, in final implementation, output signals are monitored on the DAC resampler for
transmission (see Figure 4.3a) and input signals are injected at the Analog to Digital Converter (ADC) resampler for
reception (see Figure 4.3b).

By these means, FPGA blocks have been validated to produce bit-identical outputs compared to their MATLAB
models. The MATLAB models of the IF mixing block are integrated into the numerical simulations with MATLAB.

Verification of timing constraints and of the flow control structure is achieved by a loop-back of the
DAC resampler output to the ADC resampler input. RX FIFO output is compared to the output of the concatenation
of up- and down-mixier MATLAB models (see Figure 4.3c).

4.1.4 RapI10 TRANSCEIVER TESTBED VARIANTS AND PARAMETERIZATIONS

During the different stages of this thesis, the multi-channel transceiver testbed has been adapted and
parameterization modified. Extending the wireless transmission range has been the principal motivation for these
modifications. Table 4.2 lists three main configurations used throughout this thesis.
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H Config Short ‘ Config Long ‘ Config FEM

Number of channels C 16
Channel spacing Af 200 kHz
Virtual bandwidth Byirt 3MHz
Bandwidth B 10 kHz
Preamble code length Kode 32 (Gold) 256 (Gold) 7 (Barker)
Preamble duration Tpreamble 3.2ms 25.6 ms 0.7 ms
One-way ranging duration Tranging 51.2ms 409.6 ms 11.2ms
Hardware configuration Passive circulator FEM
Transmit power Py 0dBm ‘ —5dBm 12.5dBm
Noise figure Ng 2.5dB 2dB
AlgoII
(~ 20dB)
[Wol+18a] [WdDC19a]
. . . & The ranging SNR has
Ez?f;?sg NRS)lgnal to Noise (No )req AlgoT Algo TI gilt)ez/;tleste:lrllyvveriﬁed
25dB 18 dB but is expect.ed to
be approximately
similar to the other
configurations.
Ranging receiver sensitivity | Preq —121.5dBm —137.5dBm —119.5dBm
Link budget L 121.5dB 127.5dB 132dB

TABLE 4.2 — Radio transceiver testbed variants and parameterizations used in experimentations and field trials.

The Config Short is considered the base configuration which allows illustrating the precision gain of
multi-channel PoF ranging with narrowband signals. This configuration is sufficient for laboratory, i.e. cabled
setups where receiver sensitivity is not of concern. Signal bandwidth and the resulting symbol duration are typical
for LPWA modulation schemes.

Config Long provides improved receiver sensitivity through a processing gain by increasing the length of
the preamble symbol code. The total multi-channel exchange attains durations in the order of several hundred
milliseconds, which is typical for LPWA transceivers.

In order to connect the AD9361 Transmitter (TX) output and Receiver (RX) input to the same antenna, both
Config Short and Config Long integrate a circulator as depicted in Figure 4.4a and Figure 4.5a. A 866.5 MHz band
pass filter of 7 MHz bandwidth, 60 dB out-off band attenuation and a 4 dB insertion loss is used for the suppression
of interferences outside the SRD 868 MHz band. This filter, although attenuating out-off band, has however pass
bands at uneven multiples of its center frequency. Hence a 1.4 GHz low pass filter adds sufficient attenuation at
frequencies around 2.6 GHz, corresponding to the third-order pass band of the band pass filter. Due to the insertion
loss of the circulator and the filters, antenna port output power is limited to Py ~ —5dBm.

Config FEM overcomes the transmit power limitation of Config Short and Config Long by adding an active radio
Front End Module (FEM) [Sky18, SKY66423-11EK3 Evaluation Board for 868 MHz Application.] comprising a Power
Amplifier (PA), a LNA and a TX/RX switch. Switching the FEM from transmission to reception mode is aligned to
transmit and reception timeslots (see Figure 3.8b) with a FPGA GPIO generated control signal. The complete setup
is depicted in Figure 4.4b and Figure 4.5b. LPWA typical output powers of upto 20 dBm can be achieved with this
configuration.

For the purpose of comparing the multi-channel ranging studied in this thesis to the ranging function in the
commercially available LPWA LoRa 2.4 GHz SX1280 (SX1280) chipset [Sem17b], the preamble length has been set
to a 7 bit Barker code. This parameterization offering a fair comparison with the SX1280, is justified and detailed in
Chapter 4.3.1.3.

4.2 SIMULATIONS AND EXPERIMENTATIONS
The following sections study ToF and multi-channel PoF ranging through detailed simulation and

experimentation. The gain in precision of the phase based ranging approach is illustrated and the influence of
hardware imperfections, i.e. Carrier Frequency Offset (CFO) is investigated.
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(b) AD9361 RF setup with active FEM.
FIGURE 4.4 — RF hardware configurations for the transceiver testbed variants (schematic).

1400 MHz low pass filter

66423-11EK3 PA,
LNA and switch

(a) AD9361 RF setup with passive circulator. (b) AD9361 RF setup with active FEM.
FIGURE 4.5 — RF hardware configurations for the transceiver testbed variants (photo).

4.2.1 HARDWARE CALIBRATION

4.2.1.1 FREQUENCY

Each multi-channel transceiver testbed integrates a Voltage Controlled Temperature Compensated Crystal
Oscillator (VCTCXO) clock reference [Tail7] characterized by a +0.5 ppm temporal frequency drift. The oscillators
are trimmed so that the absolute residual remaining CFO is below ~ 20Hz, i.e. = 23 ppb at 868 MHz. This allows

performing experimentation without CFO.
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(a) Schematic of the cabled setup. (b) Real setup with a trigger line for coarse time

synchronization instead of GNSS based timeslot alignment.
FIGURE 4.6 — Experimental setup for multi-channel ranging in a cabled AWGN channel. The impact of AWGN on range estimation
is evaluated for different Eg/ Ny obtained with a variable attenuator.

4.2.1.2 AMPLITUDE, PHASE AND DELAYS

Implementation dependent RF gains and phase shifts gRLX] in (3.21) and (3.25) are generally frequency dependent
and need hence calibration.

Furthermore, implementation specific time delays between the transmitter and the receiver path need to be
calibrated. TX and RX FIFOs are synchronized in time (see Chapter 4.1.3.1), however the following blocks, e.g. the
IF mixer with up-sampling and decimation as well as the analog hardware (filters, amplifiers) add time delays. These
delays are deterministic and time invariant.

Calibration is therefore performed at a sufficiently high Eg/ Ny = 20 dB, where ToF and PoF estimation attain
their respective Cramer Rao Lower Bound (CRLB) according to Figure 3.25. Implementation dependent time delays
and phase shifts are measured in a cabled AWGN channel of a propagation delay 7y =~ 0s. A variable attenuator of
attenuation Ay is used to select the Eg/ N according to

dB
(IE\%) _ (Pt)dBm _ (Av)dB _ (No)dBm/HZ _ (B)dBHZ + (Kcode)dB _ (NF)dB, (47)
whereby transmit power is verified with a spectrum analyzer. The setup for calibration and AWGN channel
experimentation is depicted in Figure 4.6.

A total of O = 10? two-way exchanges is performed and localization metrics are extracted according to the
algorithm from Chapter 3.4.

Delay calibration is achieved by subtracting the average ToF over all channels and all measurements from the
un-calibrated ToF measurements. PoF measurements are calibrated by compensating the phase shift proportional to
the propagation delay and channel frequency. For this purpose the average relative phase shift of adjacent channels
over all channels and all measurements is calculated. Delay and phase calibrated ToF and PoF are given by

#[1.2] _ #[1,2] ~[1,2]
TTOFC - TTOFC,un—calibrated - m(ejan m%an TToFc,uncalibrated ’ (4'88‘)
~[12] _ +[1,2] ~[1,2] ~[1,2]
(PPOFC — YPoF,un-calibrated ~ ¢ m%an c er[%eggz] (PPOFC +1,un-calibrated o ¢POFc,un—calibrated 4 (4'8b)
with un-calibrated ToF T2 and PoF ¢, [1.2] at propagation delay 1 ~ 0s
ToF¢,uncalibrated PoF.,uncalibrated propag Yy o = Us

The amplitudes of the complex hardware gains gRLX] are considered to be constant over the maximum possible
virtual bandwidth By < 7MHz in the SRD 868 MHz band. This assumption is valid regarding the magnitude
of the frequency response of the various RF components over this rather narrow bandwidth. Amplitude, delay
and phase variations during the multi-channel packet exchange are avoided by deactivation of the Automatic Gain
Control (AGC). Different AD9361 receiver gain values do not show an impact on the localization metrics and
calibration.

The calibration setup is performed for each hardware configuration from Table 4.2 and applied to the following
experimentation and field trials.

4.2.2 PERFORMANCES IN AN AWGN CHANNEL

Initial simulations for an AWGN channel have been presented in Chapter 3.5. MATLAB simulations integrate
the numerical IF up- and down-mixing blocks that produce identical output as the VHDL implementation.
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bandwidth B = 10kHz and a virtual multi-channel bandwidth Byi,x = 3 MHz and Config Short parameterization from Table 4.2.
PoF range estimation for resolved and unresolved ambiguity is depicted.

Consequently, simulation and experimentation results may only vary due to the analog signal processing blocks
and the radio channel.

Figure 4.7a shows simulation results for the Config Short with parameters given in Table 4.2. Simulations
are performed without CFO and CFO in experimentation is considered negligible due to the oscillator
calibration (see Chapter 4.2.1). Algorithms, however perform all steps, including CFO estimation and the
associated corrections. The range ambiguity Rmax is not resolved by ToF measurements but considered
to be a prior known. As ranges d € [0,4]km are simulated, which are larger than Rmax = 750m, range
ambiguity is resolved with the actual, true range. Hence for low Eg/Nj, ranging errors are bound by the
ambiguity, i.e. Rmax/V/12 = 750 m/+/12 ~ 216 m RMS error. PoF ranging converges to the CRLB for Eg/ Ny > 25dB.

Resolving the range ambiguity with averaged ToF dAToF,MC—mean measurements according to (1.74) is illustrated
in Figure 4.7b. For low Eg/Ny < 25dB, ToF does not provide the required precision for correct range ambiguity
resolution. Consequently, PoF ranging errors correspond to ToF errors. If ToF precision does not allow range
ambiguity resolution, other techniques such as resolving the ambiguity on the system level with multiple base
stations or by means of Angle of Arrival (AoA) estimation can be applied.

Figure 4.8 shows the experimental ranging error for the cabled AWGN channel setup from Figure 4.6 and
Config Short parameterization from Table 4.2. Results for unresolved and dAToF,MC—mean resolved range ambiguity
are illustrated. The causes for the level-out of ranging precision at high levels of SNR with Config Short have not
been investigated further as PoF based ranging attains a RMS precision better than 10m. This phenomen is not
observed in the follwing experiments (see Figure 4.12) with e.g. Config Long.

Figure 4.9 depicts the Cumulative Distribution Function (CDF) of dAToF,MC—mean ambiguity resolved PoF
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FIGURE 4.10 — Measured ToF ranging error CDF in an AWGN channel with the experimental setup from Figure 4.6 for a signal
bandwidth B = 10kHz and a virtual multi-channel bandwidth Byi,y = 3 MHz and Config Short parameterization from Table 4.2.
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measurements and shows that in ~ 10% of the cases ETOF,MC—mean precision is insufficient for ambiguity resolution
at Eg/Ny = 10dB. As a result, the estimated and resolved PoF range is wrong by a multiple of Rmax, yielding large
RMS errors in Figure 4.8.

Figure 4.10 shows the ToF CDF and shows that in about 10% of the cases the ranging error is above half the
ranging ambiguity Rmax /2, explaining why PoF ambiguity resolution fails in these cases. Figure 4.10 also shows
the improvement when averaging over successive and hence independent single channel ToF measurements.

The step-shaped CDF for single channel ToF ranging arises due to the baseband sampling
frequency fsamp,pp = 1MHz leading to a cp/ (ZfSamp,BB) = 150m ToF range resolution. Steps of different
length are result of a non-zero range bias and the fact that the CDF for the absolute value of the error is depicted,
leading to two error values for each range resolution bin. Figure 4.11 illustrates the signed ranging error CDF
confirming the presence of a range bias.

PoF ranging error CDFs depicted in Figure 4.9 show that PoF ranging in an AWGN channel achieves sub-10m
ranging errors in 90% of the cases for sufficient high Eg/Nj.
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Table 4.2. The correction of CFO induced errors improves PoF ranging precision.

4.2.3 CORRECTION OF CARRIER FREQUENCY OFFSET BASED ERRORS

Preliminary simulations (see Chapter 3.5) have shown that phase errors due to constant CFO can be corrected
by applying (3.93).

Figure 4.12 illustrates ranging errors for ToF and PoF (unresolved ambiguity) ranging with CFO.
Experimentations are performed with Config Long from Table 4.2 and the setup is depicted in Figure 4.5a.
Simulations comprise a CFO ¢ € [—5,5]ppm. In experimentation a constant 5 ppm CFO is achieved by modifying
sampling and carrier frequency

feamp,IF = 20MHz - feamp,iF = (1+5ppm) 20 MHz =20.000 100 MHz, (4.92)
fw = 868 MHz - fw = (14 5ppm) 868 MHz —868.004 340 MHz. (4.9b)

The CFO error in form of Term IV in (3.82) has a negligible impact on ToF estimates as it is much smaller than
the ToA estimation precision

é
o °f o _Sppm €0 ([TiRa] | [T2/R]
- KgT. = -————25. =192 1 ~— | e Py . 4.10
> 1+5f S{Samp = 5 1+ 5ppm 5.6ms =19.2m < 100m > <etAc +€tAc (4.10)

Considering PoF measurements, CFO induced errors can be fully corrected in simulation, while experimentation
only shows a precision improvement from 25m to 5m. Furthermore, experimentation results do not converge to
the CRLB. This mismatch between simulation and experimentation can have different causes:

e CFO estimation in experimentation does not achieve the required precision.

e The hypothesis of a constant frequency offset is not valid for the given clock source and the considered
two-way duration of 2T, .omple = 51.2ms or the multi-channel ranging duration 2Tyanging = 819.2ms.
Moreover, frequency drift and oscillator phase noise/jitter are hardware imperfections possibly affecting
ranging precision.

4.2.4 PERFORMANCES IN A MULTIPATH PROPAGATION CHANNEL

After having validated two-way multi-channel ranging by both simulation and experimentation in an AWGN
channel, performances in multipath scenarios are investigated. Ranging errors are characterized by numerical
simulation for different multi-channel parameterizations and different multipath channel types. Simulated ranging
errors for the European Telecommunications Standards Institute (ETSI) Typical urban (Tux) multipath channel
model [ETS10] (see Chapter 2.3.5) are given in Figure 4.13.

For first path detection, empirically determined threshold 4. = —7dB and range Ry, = 300m show best
performances. These values are in coherence with the Tux channel model characteristics delay spread and path
gain ratio. Globally, ranging precision degrades compared to the frequency flat AWGN channel.

A closer study of the set of C ToF measurements reveals that range is over-estimated due to multipath and
hence resulting in a positive biased ranging error. For a frequency flat channel, no bias is observed. Therefore, the
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multi-channel bandwidths Byt and Config Short parameterization from Table 4.2.

median dAToF,MC—median over the C ToF estimates drastically improves the ranging accuracy in multipath scenarios
compared to averaging dAToF,MC—mean- Coherent multi-channel performances, with range ambiguity resolved by
the median ToF range, show a small improvement compared to the time based approach. Increasing the number
of utilized channels C = 64 with a frequency spacing Af = 100kHz, further improves coherent multi-channel
performances. Whereas, the median on ToF estimates dAToF,MC— median does not improve with more channels C. This
is explained by the fact that single channel ToF measurements are statistically non independent but similarly biased
due to multipath propagation and hence averaging or taking the median cannot improve the precision. Coherent
multi-channel precision approximately reaches the multipath CRLB derived in Chapter 3.3.4.

4.3 MuLTI-CHANNEL RANGING FIELD TRIALS

Simulation and experimentation have shown that PoF ranging outperforms ToF ranging in both AWGN and
multipath channels. In order to confirm and complement numerical simulation results with multipath channel
models, outdoor ranging field trials are performed. Field trials demonstrate the performances in a real world scenario
and help adapting algorithms to the actual environment. Although field trials are a very valuable illustration, their
generalization remains limited if sample size is small or the scenario too specific.

In the following, different field trial setups and the results are presented. A comparison to the ToF ranging
function of the LoRa 2.4GHz SX1280 radio chip [Sem17b] is made and an outlier detection, mitigation and
elimination strategy is studied.

4.3.1 URBAN PROPAGATION SCENARIO

Field trials are performed in an urban propagation scenario on an industrial campus with mainly office buildings
and open spaces, i.e. car parks and meadows.

In order to reflect a typical LPWA application scenario, one node is placed on a 26 m high roof top of an office
building acting as base station. The other node is installed into a small electrical car with a plastic roof. The setup
is depicted in Figure 4.14. The platform Config FEM variant from Table 4.2 is utilized for the following field trials.

Figure 4.15 shows the map of the campus and the measurement positions obtained through the GNSS acting as
ground truth. The measurements are split into different propagation conditions according to their position:

e Line of Sight (LoS): The base station and the node are in LoS condition with only minor obstruction through

trees and flat building.

e None Line of Sight (NLoS): The direct LoS path is blocked by a neighboring building b3 which is higher than
the roof top where the base station is installed.

e Urban canyon: The mobile node is in the street canyon between two five-story tall office buildings (b1 and b3)
of which one of them is the building hosting the base station on its roof top.

Raw range estimates from ToF and PoF measurements are presented in Figure 4.16 and Figure 4.17. A total
of 3500 measurements has been performed. The position index allows associating the ranging estimate to a position
on the map given in Figure 4.15.
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FIGURE 4.14 — Transceiver testbed setup for urban propagation scenario field trials.
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Calculating the median over C single channel ToF measurements clearly shows the sampling resolution step
size of ¢/ (2- fSamp,BB) = 150m as depicted in Figure 4.16a. The sampling resolution step size can equally be
observed as 150 m step motive in the range estimation CDF in Figure 4.18a. Due to the continuous ground truth,
the steps disappear in the ranging error CDFs in Figure 4.18c. Errors upto 500 m are observed for the urban LoS
and urban canyon zones, while errors are much larger in NLoS condition. Interpolation of the received signals 7,
before processing for localization metric extraction, e.g. ToA, with a factor 16 yields in a 9.4m range resolution
step size. Results in Figure 4.16b and Figure 4.18a confirm this. Interpolation however does only marginally
improve ranging error statistics as illustrated in Figure 4.18c on single channel ToF, multi-channel averaged ToF
and multi-channel ToF median measurements. Single channel ToF measurements attain less than 500 m in 70% of
the cases. Averaging C single channel ToF measurements allows aggregating the same signal energy as used for
multi-channel PoF measurements, however averaging results in less accurate estimates as large errors on single
channel ToF measurements are taken into account. This can be overcome by calculating the median over C single
channel ToF measurements, practically eliminating large outliers. Multi-channel ToF median range estimation
achieves 500 m error in 80% of the cases. Figure 4.16c¢ illustrates range estimation results, when combining successive
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FIGURE 4.17 — CRONEN raw PoF range estimates for the real outdoor scenario in Figure 4.15.

multi-channel ToF median measurements by calculating a moving median over 100 successive estimates. Globally
ToF measurements reflect the real range, however with large biases especially in the NLoS zone. Filtering over
multiple successive measurements improves the ranging precision as confirmed by the CDF in Figure 4.18c, however
performing a moving median over 100 measurements is equivalent to a time duration of 16 min considering a packet
transmission every 10s. This is impractical and causes large biases for nodes with even very slow mobility.

Figure 4.17 shows range estimates obtained on PoF measurements with dAPoF,CIR—max and
dAPoF,CIR—first estimators . The PoF range ambiguity is resolved with the ground truth as ambiguity resolution is
assumed a problem apart and not resolvable with ToF due to large ToF errors. Therefore Figure 4.17 indicates
the PoF ranging ambiguity with respect to the ground truth (£Rmax/2). PoF errors distributed over the entire
interval £Rmax/2 signify that range estimation fails as no information is obtained through phase estimates.
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FIGURE 4.18 — Overall ToF and PoF ranging as well as ranging error CDFs for the measurements from Figure 4.17.

This is the case in the NLoS zone and hence the absolute PoF ranging error is bound by Rmax/2 as illustrated in
the CDFs in Figure 4.18c. Considering the LoS and urban canyon measurements, PoF ranging estimates are less
noisy compared to ToF measurements. The first path detection algorithm provides more accurate range estimates
compared to taking the path of strongest amplitude. Interpolation of the received signals before localization metric
extraction has no impact on the resolution of PoA estimates. The range resolution step size for PoF based range
estimation depends on the sampling points of the estimated Channel Impulse Response (CIR). This can be scaled
by sufficient zero padding of the channel transfer function giving the necessary interpolation in the CIR so that
sampling resolution step size is much smaller than the ranging resolution AR dependent on the virtual bandwidth.

The quantitative comparison of single- and multi-channel ToF ranging as well as PoF ranging is given by the
CDFs in Figure 4.18c. PoF measurements outperform ToF ranging due to increased virtual bandwidth. Obtaining
a multi-channel ToF ranging accuracy of 500 m in 80% of the cases is coherent with the simulation results from
Figure 4.7 and Figure 4.13. The overall field trial performances lie in between the simulated ranging error for
free-space propagation (60 m RMS) and the ETSI Tux channel (5 km RMS), considering a Eg/ Ny = 30 dB. Compared
to LoRa Time Difference of Arrival (TDoA) localization attaining a 200 m accuracy with 125kHz bandwidth
signals [Pod+19], the CRONEN ToF ranging is less accurate explained by the reduced bandwidth of only B = 10 kHz.

In order to get detailed insight into performances, the different propagation scenarios as well as node mobility
are investigated separately in the following.

4.3.1.1 LINE OF SIGHT SCENARIO

The ranging measurements in the LoS propagation scenario are split into stationary measurements and
measurements when the node was moving with a speed < 36 km/h.

Figure 4.19 illustrates the ranging errors for ToF and PoF separated into measurements for which the node
is stationary and range estimates performed during movement of the node. The CDFs are calculated on the
interpolated received signals.

ToF ranging achieves approximately less than 300m error in 90% of the cases. ToF median performances
in stationary and mobile conditions are comparable. Considering the stationary ToF estimates in Figure 4.19a
shows that averaging or taking the median over C single channel ToF estimates does not improve precision by a
factor v/C = 4 as expected theoretically. This can be explained by the fact that performances are not limited by the
precision of ToF measurements but by the accuracy which is impeded by multipath induced biases. Consequently,
single channel ToF measurements are statistically dependent and hence averaging does not improve the ranging
error. This interpretation is supported by the slightly degraded performances of single channel and mean ToF
measurements in Figure 4.19b for mobile conditions. Single measurements become more independent and hence
taking the median allows improving the ranging error.

PoF measurements reveal smaller ranging errors compared to ToF estimates. In stationary conditions PoF
measurements attain 100 m error in 90% of the cases. In a mobile scenario, ranging errors are almost uniformly
distributed in the ranging ambiguity interval, meaning that PoF based range estimation fails due to the loss of phase
coherence between sequentially obtained PoA estimates. The CDFs furthermore show improved performances of
the first path detection algorithm in comparison to range estimation based on the path of strongest amplitude.
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FIGURE 4.21 - PoF range estimates in the stationary urban canyon, illustrating biases due to multipath propagation.

4.3.1.2 URBAN CANYON SCENARIO

Ranging error CDFs for the stationary urban canyon scenario are presented in Figure 4.20. The scenario includes
ranges upto 200 m as depicted in Figure 4.21. ToF ranging achieves 400 m error in 90% of the cases. The observed step
motive of 150 m corresponds to the initial sampling resolution of 1 MHz. Although interpolation reduces the step
size t0 9.4 m, the 150 m step size with slightly inclined steps remains due to taking the statistical median over C single
channel ToF measurements (compare Figure 4.18a).

PoF ranging clearly outperforms ToF measurements by a factor 8, attaining 50 m in 90% of the estimates. The
gain in accuracy is due to the significantly increased virtual bandwidth compared to the narrowband instantaneous
signal bandwidth. Moreover, the 50 m accuracy corresponds to the range resolution AR = 50m, which gives the
limitation for the resolution of adjacent multipath components.

A zoom on PoF measurements in the urban canyon in Figure 4.21 illustrates that range estimates are biased due
to multipath reflections. Measurements are very precise, i.e. 80% of the estimates lie within an interval of only 25 m.
Despite this fact, ranging biases degrade accuracy and hence overall performances. The detection of a propagation
situation with a ranging bias and how to process in such cases is studied in Chapter 4.3.2.

4.3.1.3 COMPARISON TO STATE OF THE ART LPWA RANGING

Ranging performances presented in the previous sections have shown a precision improvement between ToF and
PoF techniques. This is theoretically expected due to the increased bandwidth available for range estimation. It is
however also interesting to compare these ranging field trials to results on LPWA localization reported in the state
of the art. Although system configurations and parameterization are different, the comparison allows gathering
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$X1280 CRONEN
bandwidth 1625 Kz 10kt
RMS bandwidth By L —a6okhz BHARICD _ gpokhy
I::rf:iit‘i/sirty Preq —117 dBm [Sem17b] —123 dBm [Wol+18a]
Symbol time Tg % = % = 0.63ms % = ﬁ =0.7ms
dol?rzt‘l?;zi:gg TsKranging = 0-63ms - 18 = 11.34ms TgC = 0.7ms - 16 = 11.2ms

TABLE 4.3 — LPWA ranging platform configurations for SX1280 and CRONEN.

a sense for the potential of the different positioning methods. For the following comparison, the assumption is
made that ranging accuracy and precision are comparable to localization performances. This hypothesis holds,
assuming that for the localization process only the best ranging estimates are selected and hence ranging and
positioning precision are equivalent (see Chapter 1.5.3). Received Signal Strength Indicator (RSSI) fingerprinting
based localization with both Sigfox and LoRa signals achieves about 400 m accuracy in urban scenarios [ABBW18;
AK19]. Positioning with ToA based techniques and 125 kHz bandwidth LoRa signals attains averaged over different
use cases and propagation environments a 200 m accuracy [Pod+19; LoR18]. Time based positioning with signals
of even less bandwidth, e.g. Sigfox is impractical and hence no results for comparison exist.

Multi-channel PoA based positioning methods fill this gap, as they allow combining narrowband to Ultra-Narrow
Band (UNB) signals for long-range low-power communication with large virtual bandwidths through signal
processing for improved positioning accuracy.

The field trials presented in the previous sections attain in a real outdoor urban propagation scenario a ranging
precision of about 100 m with signals of only 10 kHz instantaneous bandwidth.

While the field trials demonstrate the potential of phase based ranging, a direct simultaneous comparison
to existing LPWA ranging solutions allows a fair and quantitative comparison under equal conditions. In order
to achieve such a benchmarking, PoF ranging with CRONEN is compared to the ToF ranging function of the
LoRa 2.4 GHz SX1280 radio chip [Sem17b].

Existing work on this chipset focuses on the hardware design and RF performances [Dog17], while ranging
field trials have limited statistical sample size [Rob19] or are performed over short ranges in LoS [Sem17a] or
indoor environments [Wi6]. A recent localization system based on the SX1280 chip achieves a 3m positioning
precision [Huy+19], however neither raw ranging characterization, nor detailed description of the propagation
scenario are given.

The aim of the following work is hence two-fold:

e Benchmark the SX1280 ToF ranging function in urban outdoor propagation scenarios with LPWA typical
distances.

e Comparing multi-channel PoF ranging with the platform developed in this thesis, i.e. CRONEN to the
state-of-the-art SX1280 ToF ranging, considering urban propagation environments and a fair comparison.

This fair comparison can be established despite the fact that the two platforms have different modulation
schemes, operate in different frequency bands and have different parameters by considering the following. LPWA
networks underlie energy consumption and regulation constraints. Comparing both platforms for equal transmit
power and equal time on air is consequently just.

For this purpose the SX1280 chip is used with a maximum chirp bandwidth B = 1625 kHz and maximum LoRa
spreading factor m = 10 for optimal ToA precision. The PoF multi-channel ranging platform CRONEN is used with
Config FEM. Table 4.3 shows the respective configurations and Figure 4.22 compares their spectrum occupation.
The number of LoRa ranging symbols Kyanging is adjusted so that the ranging signal duration corresponding to the
time-on-air is equal for both platforms.

These configurations meet hence the criteria for a fair comparison. The difference in receiver sensitivity, in
theory equal when considering equal symbol time, arises due to different noise figures and how sensitivity is defined.
As field trials primarily aim at the characterization of ranging accuracy in scenarios sufficiently above receiver
sensitivity and hence below the maximum range, this mismatch is not of concern.
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Comparing performances in the SRD 868 MHz band to those in the ISM 2.4 GHz band is critical regarding
the 8.8dB supplementary free-space path loss according to (1.1). For the following benchmarking this choice
has been made in lack for commercially available LPWA two-way ranging solution in the SRD 868 MHz band.
Furthermore, depending on the propagation model [Hat80] for urban scenarios, the 8.8 dB difference is no longer
valid. Moreover, for antennas of physically equal antenna dimensions, the frequency dependency of the path loss
vanishes and so the 8.8 dB gap.

The SX1280 chip integrated ToF ranging function operates according to the classical ping-pong two-way
ToF protocol with a master initiating the exchange and a slave answering the ranging request as illustrated in
Figure 4.23a. The slave performs a CFO estimation to compensate the CFO induced range bias. Figure 4.23b depicts
the platform with the SX1280 comprising equally a GNSS module serving as ground truth. The platform assembly,
the development of the corresponding software drivers, testing and preliminary field trials have been realized in a
Master internship in support of this thesis [Le 19].

The correct implementation and configuration of the SX1280 is validated by ToF measurements in a cabled
setup analog to the setup used for the AWGN channel measurements with CRONEN in Figure 4.6. Both nodes are
configured to a maximum output power Pt = 12.5dBm. An 80 dB attenuation is used to avoid receiver saturation in
the cabled setup. Figure 4.24 shows the range error histograms for $X1280 ToF ranging. The precision configuration
with high bandwidth achieves sub-meter precision conform to the application note [Sem17a]. For reduced signal
bandwidth, ranging precision degrades. Bandwidth and ranging precision, i.e. the standard deviation ¢ are inverse
proportional as expected from the CRLB in (1.43).

In order to perform benchmarking under the same propagation conditions, the SX1280 slave and master
platforms are installed close to the CRONEN platforms on the roof top and on the car, respectively (see Figure 4.14).
Figure 4.25 depicts the raw range estimates obtained with the SX1280 ToF ranging function simultaneously to the
measurement campaign from Figure 4.15 and Figure 4.17. A total of 50000 measurements corresponding to the
position index are performed for the SX1280. The difference in data set size arises due to the higher measurement
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rate on the SX1280 compared to CRONEN. Figure 4.25 reveals that for position index 20500 — 30000, corresponding
to ranges larger 500 m, no range information is obtained on the SX1280. This is due to the building b3 in Figure 4.15
blocking the LoS and adding a supplementary attenuation, so that no communication is possible.

The comparison of CRONEN PoF ranging to the SX1280 ToF ranging feature in the LoS section of the
measurement series is given in Figure 4.26. The SX1280 provides valid range estimates in both moving and stationary
scenarios of comparable accuracy. Considering stationary measurements only, CRONEN outperforms the SX1280
with a factor 2 in 50% of the cases. This result is in coherence with theoretical ranging precision, due to the
RMS bandwidth ratio Bgﬁ%NEN/ B%ﬂ%so ~ 2.

Raw range estimates in the NLoS scenario are not exploitable. However, methods to detect such a NLoS scenario
can be applied. An obstruction and NLoS propagation detection method [Sel14] based on the RSSI can be applied
to SX1280 measurements. CRONEN offers the advantage that the available estimation of the CIR allows applying
more sophisticated NLoS detection methods, i.e. based on macroscopic propagation channel characteristics. This
will be studied in Chapter 4.3.2.

A zoom on raw range estimation results in the urban canyon is depicted in Figure 4.27. For the position
index 43680 — 43830, the mobile node was strictly stationary. The SX1280 range estimates alternate between
two distinct values, which can be explained by small-scale fading due to dynamics in the environment causing
multipath components to vary in amplitude. The SX1280 ToF based range estimation acquires either one of these
two paths present in this scenario. For the position index 43965 — 44280, the mobile node has been displaced
very slowly (= 1cm/s) and the SX1280 range measurements vary in a sweep-like manner over more than 200 m.
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Meanwhile CRONEN range estimates show less variability as well as a smaller bias. This sweep-like range variation
can be interpreted as being the result of multipath reflections bouncing several times between the two facades of
the urban canyon. Centimeter position changes provide constructive and destructive interference, so that multiple
back and forth bouncing paths appear or vanish, explaining the large range variations for centimeter displacement.
Figure 4.28 illustrates the CDFs in the urban canyon scenarios, showing that CRONEN outperforms the SX1280.

In this comparative study between the SX1280 radio chip and the coherent multi-channel ranging
implementation for LPWA networks CRONEN, both solutions reveal to be competitive. Performances are improved
compared to existing TDoA based solutions, i.e. [Pod+19]. The SX1280 provides valid range estimations in mobile
scenarios with tested speeds < 36km/h while CRONEN fails. For stationary LoS and urban canyon scenarios
CRONEN outperforms the SX1280 due to its increased virtual bandwidth By, = 3 MHz. Being able to scale ranging
precision independently from receiver sensitivity, i.e. coverage is a strong argument for coherent multi-channel
ranging. Transposing the CRONEN concept to the ISM 2.4 GHz band offers a 80 MHz bandwidth and excellent
ranging precision, while conserving low levels of receiver sensitivity through narrowband instantaneous signal
bandwidths.

NLoS propagation scenarios, which do not allow obtaining valid range estimates with CRONEN will be studied
in the following section.

4.3.2 OUTLIER DETECTION, MITIGATION AND ELIMINATION

Strong multipath and NLoS propagation scenarios are a fundamental problem for delay based radio signal based
positioning. Due to attenuation or blockage, the direct path is so weak that it is not observable and hence no
unbiased range information is available in such a case. Three strategies are possible in this situation:

e Fingerprinting methods can be applied to associate the observed multipath biased information to a position.
This however requires the creation of a database of geo-referenced estimates.

e Take advantage of multipath propagation. In Ultra-Wide Band (UWB) systems multipath components
are sufficiently resolved to identify and separate them, which allows their tracking [URGW16; MDDU17].
With the help of geometric information about the environment, multipath information contributes to
the positioning process [Meil4]. In millimeter wave systems where the propagation channel is rather
sparse [Zha+19], techniques of Simultaneous Localization and Mapping (SLAM) allow determining position
and environment geometry in a joint process [GGD14; Koi+20].

e Exclude multipath and NLoS biased estimates. Considering a scenario of a node to be localized in a
network, multiple base stations are required e.g. for trilateration. Sufficient redundancy of base stations
allows excluding those links that are biased [BKLL17], e.g. based on the standard deviation of successive
observations [KNT00] or the Kurtosis calculated on the CIR [ZSL13]. For this purpose, the different single
link estimates are weighted according to the quality of the estimate. In GNSS, the set of satellites used for
calculating the positioning solution can be selected as function of e.g. SNR, elevation, to guarantee clear sky
visibility in an urban canyon, or the resulting Geometric Dilution of Precision (GDOP) [Inn+16; SDR16].

Coherent multi-channel ranging, applied to LPWA networks, provides increased bandwidth and hence the
possibility to extract metrics related to the quality of range estimates. However, considering the maximum available
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FIGURE 4.29 — GNSS ground truth positions (-) with respect to the roof testbed (x ) at (0,0).

bandwidth of 7MHz in the SRD 868 MHz band or 80 MHz in the ISM 2.4 GHz band, multipath components are
not sufficiently resolved to apply geometric approaches as possible in UWB positioning. Therefore, the following
study focuses on the third option, i.e. outlier detection and mitigation as fingerprinting techniques go beyond the
framework of parametric estimation due to the required databases.

Based on the available estimation of the CIR, macroscopic propagation channel characteristics from
Chapter 2.3.3 can be calculated and used to detect strong multipath or NLoS propagation. These macroscopic
metrics applied to UWB CIR estimates allow classification into LoS and NLoS scenarios [MGWW10]. Extensive
measurement campaigns [JYLO1] reveal that delay spread or and ranging biases are related. Maximum Likelihood
(ML) based ToA estimation with insufficient bandwidth to resolve each multipath component acquires a ToA
estimate corresponding to the first path plus the mean excess delay 5 = 1)+ Te. Measurement campaigns in [JYL01]
empirically determined a proportionality between the mean excess delay 7T, and the delay spread o that can be used
for range bias mitigation

ApoF,CIR—calib = €0 <fA - lPr(/T?>
= ¢q (Tp + Te — Y207) ~ o0, (4.11)

with proportionality factor .

In the scenario depicted in Figure 4.29, ranges up to dmax = 300m are covered and empirically 90% of
the mobile ground testbed positions have LoS conditions to the roof testbed. = The radius of the
first Fresnel zone Rpgesnel1 = /CoR/(4fw) ~5m is only obstructed by trees on some positions. A total
of 900 measurements has been performed with Config Long from Table 4.2.

The comparison of performances in the following section to those previously obtained is difficult, due to a
different configuration of the transceiver testbeds and due to a different propagation scenario. In order to illustrate
the performances of the outlier detection and mitigation techniques presented in the following, they are compared to
range estimates obtained by the previously studied ToF and PoF methods. Although repetitive, this approach allows
confirming previous conclusions and clearly sets the framework for outlier detection and mitigation techniques.
Figure 4.30 shows the ToF and PoF range estimation errors for this setup. A three sample moving median is
applied to both estimates in order to exclude outliers due to interference that is not inherently detected by the
testbed and processing. Phase based estimates reveal a higher precision compared to time based ranging, due to
the improved temporal resolution through increased bandwidth. The CDFs in Figure 4.31 show ranging errors
for raw, i.e. estimates without the application of a moving median and smoothed estimates for both ToF and
PoF. Statistical processing of the C single channel ToF estimates allows improving precision to the previously
reported =~ 250m in 90% of the cases. However, the main precision gain is achieved with PoF measurements
attaining ~ 150 m in 90% of the measurements.

Figure 4.30b also shows that although PoF measurements are very precise, different biases are observed and
estimates are not accurate. Comparing these to the ground truth range in Figure 4.32, reveals that the biases are
mostly position related.

For the measurements 1 — 150, a bias is observed corresponding most likely to a multipath reflection p; via the
building by, stronger than the direct path obstructed by the edge of building b; in Figure 4.29. More insight into
this situation is provided by Figure 4.33 illustrating the estimated CIRs for a biased and an unbiased range estimate.
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FIGURE 4.32 — PoF measurements dpof,CIR—max and ground truth.

While the unbiased CIR has a main lobe of width corresponding to the range resolution AR, the biased CIR has a
large delay spread o+. Figure 4.34 illustrates the CIRs for all 900 measurements. The ranging error i.e. the biases in
Figure 4.30b can be compared to the delay spread o calculated for each estimated CIR according to (2.29) given in
Figure 4.35. It can be stated, that biases correlate with larger delay spreads.

Range estimates with NLoS mitigation according to (4.11) are given in Figure 4.36. A minimum
error is achieved for yr=0.7. The factor ¢r is chosen to minimize the error in 90% of the
cases.  These results are confirmed by the findings in extensive channel characterization campaigns
where ¢r = [1...0.5] in the suburban configuration [JYLO1].

Biased estimates can be detected by calculating the delay spread and comparing it to a threshold {opt

Unbiased, if o7 < opt, (4.12a)
Biased, if o¢ > Copt- (4.12b)

Determining this threshold {opt is propagation scenario dependent and needs also adjustment to the range
resolution AR defining the minimum delay spread due to the main lobe in the CIR.

136



4.3. MULTI-CHANNEL RANGING FIELD TRIALS

—— Estimated CIR —— Estimated CIR
= Real range = Real range

'
'
'
'
'
'
'
H
151 SO R ]
oo ! coot
1 coT T
-20 . —20 | I | I I

I il I I I I I I I
0 100 200 300 400 500 600 700 750 0 100 200 300 400 500 600 700 750

|
5

T

|
[S)]

T

I

|
=
o

T

|
_
o

I

Amplitude ‘ﬁ(r)‘ in dB
|
iN
=
T

Amplitude ‘ﬁ(r)‘ indB

Range in m Range in m
(@) CIR h(T) of measurement 20 (range bias). (b) CIR h(T) of measurement 250 (range bias free).
FIGURE 4.33 — Comparison of estimated CIRs h(T).
750 : T S v T - e e 0
600 - i i 3 -10 o
(' il o
I i NN £
= w0f WA i —20 j;
> B
§ 30 g
- o
200 | _ i M o
(1 g \ —40
I (i AN L | I I | AL RSP P AT i ANl L
%50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850 900
Measurement number
FIGURE 4.34 - All CIRs as image.
£
£
s
o
]
L
&
>
[}
o) O | | | | | | | | | | | | | | | | |
= 0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850 900

Measurement number
FIGURE 4.35 — Estimated delay spread o+ of smoothed PoF measurements from Figure 4.30b.

Figure 4.37 shows the delay spread histograms for the sets of bias free and biased classified measurements.
The sets are generated depending on whether PoF errors exceed or not 30m. Biased estimates can be detected
and removed by considering only estimates for which ot < {opt ~ 75m. This corresponds to retaining 62% of all
measurements, a missed bias detection of 22% and a 21% false alarm rate. The minimum delay spread of ~ 50 m is
explained by the range resolution AR = 50 m.

Figure 4.38 depicts the first path detection with R, = 300m and 74,s; = —7 dB. The parameters R, and gt
are obtained through minimization of the error in 90% of the cases. Measurements classified as range bias
free according to (4.12) are marked bold. Comparing Figure 4.30b and Figure 4.38, first path detection reduces
biases e.g. for the measurements 100 — 150 and 540 — 570, while NLoS classification allows eliminating measurements
that cannot be corrected, e.g. 1 — 150 or 350 — 400.

The CDFs in Figure 4.39 give a quantitative comparison of the different NLoS mitigation and classification
methods. Maximum amplitude based PoF ranging achieves 120m in 90% of the cases. Correcting range
biases by subtracting a distance statistically proportional to the delay spread, improves to 70m in 90% of the
measurements. This correction is based on the empirically determined and over large measurement campaigns
averaged proportionality factor ir. Consequently, the factor ¢r is not optimal for a specific, single measurement.
For this reasons, searching the first path in the CIR achieves best performances with a ranging error less than 50 m
in 90% of the cases. All methods combined with an outlier exclusion further improve precision, due to the
elimination of non-corrected and hence still biased range estimates.

Combining first path detection to mitigate ranging biases in moderate multipath combined with classification
to eliminate NLoS biased estimates, outperforms the other investigated methods. This optimal method achieves an
error of 30 m or less in 90% of the cases, while conserving 62% of the ranging measurements.

The technique of multi-channel ranging applied to LPWA networks and its combination with CIR based outlier
detection and mitigation techniques allows improving ranging accuracy. Furthermore, it provides a ranging estimate
quality indicator that can be used to properly weight range estimates in the positioning process. A patent application
for the association of these methods has been filed [WdDC19b].
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4.4 CONCLUSION AND PERSPECTIVES

A SDR based multi-channel ranging platform, called CRONEN has been implemented and tested. The testbed
performs IQ sample data transmission and reception in the SRD 868 MHz band according to the timeslot two-way
multi-channel ranging protocol. The transceiver chipset has an independent local oscillator for each, transmit and
receive branch. For this reason and in order to reduce the bandwidth of IQ data for post processing, a numerical
IF mixing stage has been implemented. This allows maintaining phase coherence between transmit and receive
branch over multiple channels as required for multi-channel ranging.

The working hypotheses assumed for deriving the signal model have been validated by comparison of
simulation results with measurements obtained in a cabled AWGN channel. Multi-channel ranging achieves errors
below 10m in 90% of the cases in an AWGN channel with 10kHz narrowband Binary Phase Shift Keying (BPSK)
signals, a total ranging protocol duration of 819.2ms and typical low-cost oscillators with a £0.5 ppm frequency
stability.

Simulation results reveal that multi-channel ranging significantly degrades in multipath propagation channels.
In the ETSI Tux channel, a 100 m RMS ranging error is obtained by simulation.

Outdoor field trials in a semi-urban industrial office building site, reveal that in LoS condition, PoF clearly
outperforms ToF with an error less than 125m and 350 m in 90% of the cases, respectively. PoF estimates are much
more precise than ToF measurements, while accuracy in both depends on the availability of a detectable first path.
ToF measurements need to be averaged over more than 100 measurements to achieve a level of precision comparable
to a single PoF measurement. Despite the outstanding performances of the PoF approach, it does neither work in
moving scenarios nor in NLoS scenarios where phase on different channels becomes totally random and does not
allow range estimation.

Having demonstrated the improved ranging precision of multi-channel ranging with LPWA typical narrowband
signals, a comparison with existing LPWA ranging solutions is established. The comparison is conducted between
CRONEN developed in this thesis and the SX1280 ToF ranging function. Both solutions are compared based
on equal transmit power and equal time on air for a fair comparison of ranging performances with respect to
energy consumption and duty cycle restrictions. Multi-channel ranging offers a virtual bandwidth for high ranging
precision which is scalable independent from the narrowband instantaneous bandwidth required for long-range
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transmissions. The comparison in outdoor field trials shows that CRONEN provides improved ranging performances
compared to SX1280. This is explained by the increased RMS bandwidth of CRONEN compared to the fixed
bandwidth of the SX1280.

Moreover, all field trials have shown that multipath heavily impedes ranging accuracy although precision can
be improved by PoF ranging. Strong multipath or NLoS propagation do physically not allow estimating the direct
path. In response to this problematic, a delay spread based outlier detection and elimination scheme has been
investigated. The measured CIR obtained through multi-channel ranging, allows estimating the delay spread. Range
measurements obtain an error less than 30 m in 90% of the case in outdoor field trials when detecting and eliminating
biased measurements, which correlate with large delay spreads. This scheme helps a location solver to reject those
range measurements that are biased in order to perform precise positioning.

Supplementary simulations with different channel models will complete the study in this chapter. Based on these
simulations, more suited ranging algorithms for multipath propagation can be designed. The study can equally
be conducted with the transceiver testbed and a channel emulator. This allows working with real hardware and
multipath propagation, but allows controlling the radio channel. More field trial measurement campaigns will
complete, confirm and refine the findings provided in this chapter.

Combining multi-channel ranging for improved temporal resolution and applying beamforming techniques to
reduce multipath biases is a promissing perspective to be pursued [Lu07].
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ADVANCED RANGE ESTIMATION ALGORITHMS

»Wenn Sie diese Frage ... erledigten, konnten Sie sich des hiochsten Interesses aller Physiker sicher sein.”

— Heinrich Rudolf Hertz (1857 — 1894)
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CHAPTER 5. ADVANCED RANGE ESTIMATION ALGORITHMS

PRECISE Low Power Wide Area (LPWA) network positioning can be achieved with multi-channel ranging.
However, multipath propagation encountered in real outdoor scenarios significantly degrades localization
performances. Instead of rejecting biased measurements as studied in the previous chapter, advanced ranging
algorithms will be investigated.

5.1 CoOMPARISON OF MULTI-CHANNEL RANGING ALGORITHMS

Multi-channel ranging provides a sampled estimate of the channel transfer function as given by (3.86). For
delay estimation it is hence natural to convert the channel transfer function measurement to the Channel Impulse
Response (CIR) in time domain to estimate the delay of the first path (see Chapter 3.4.2.3). This straightforward
phase based approach achieves a significant improvement in ranging precision with narrowband LPWA signals
compared to classical time based techniques. Simulations with multipath propagation models and outdoor field
trials have shown that the radio channel mainly limits performances. Ranging precision degrades due to close
multipath components which cannot be resolved due to overlapping main lobes in the Inverse Discrete Fourier
Transform (IDFT). It is hence interesting to study advanced ranging algorithms such as high-resolution algorithms
or learning based methods, and their application to multi-channel ranging.

The following comparative study is the result of a joint work [Wol+19b] in cooperation with a PhD student
specialized in the field of machine learning.

Precise and accurate delay estimation in multipath propagation channels requires sufficient range resolution in
order to separate adjacent multipath components. The field trials presented in Chapter 4.3 are performed with
a virtual bandwidth By;x = 3MHz, equivalent to a range resolution AR =50m. The obtained ranging errors
correspond to this range resolution. Increasing the virtual bandwidth to the maximum of 7MHz allowed in the
SRD 868 MHz band will improve range resolution to AR ~ 22m. In applications, where meter-level precision is
required, this range resolution is insufficient. High resolution algorithms, when applied to the range estimation
problem, aim at separating different multipath components closer than the initial range resolution [AMB18; CFT07].
In the ideal case, free-space propagation performances can be achieved. The Multiple Signal Classification (MUSIC)
algorithm [Sch86] widely used for Angle of Arrival (AoA) estimation problems [GM99; dM06; TVVH16; PMCM15]
can be adapted to multi-channel delay i.e. range estimation [KOL15; LPCY06; ZYLS06; Sun+17; LF14]. Its application
to multi-channel ranging for LPWA networks will be studied in the following.

While MUSIC belongs to the family of parametric estimators, learning based signal processing methods
potentially offer an alternative approach, in case parametric estimators cannot be found or signal models are absent,
but data is available.

Machine learning has various applications in the domain of wireless communications [MHH18; Luo+19].
Learning based algorithms can be classified according to [BLJ13] into:

e Supervised Learning: In the learning phase, labeled data is used to train the algorithm in order to produce
the wanted output on a given input. For this purpose, an expert database is required. Typical approaches
are based on regression methods, e.g. for prediction applications. In the context of positioning, localization
metrics such as Received Signal Strength Indicator (RSSI), AoA, Time of Arrival (ToA), Phase of Arrival (PoA)
can be used to construct an expert database which is labeled with the ground truth position or range. The
training of a learning algorithm allows finding the best matching estimator taking e.g. multipath propagation
into account [IRM15; AB17].

e Unsupervised Learning: Labels are not available and hence no expert database can be constructed.
Unsupervised learning methods mainly aim at solving clustering problems. Localization metrics can e.g. be
classified into sets belonging to different positions or to different propagation conditions, e.g. Line of Sight
(LoS) or None Line of Sight (NLoS) [MGWW10].

¢ Reinforcement Learning: Reinforcement based learning algorithms perform actions and are rewarded or
punished according to the output of their action in order to learn the correct actions to take [SB+98]. In
wireless positioning, reinforcement learning is used e.g. in tracking algorithms [Yan+19] or to ensure robust
localization [CZBL19].

Learning algorithms have been applied to positioning problems in various contexts [Mal+19; AK19]. Range
estimation based on CIR measurements is realized with a Deep Neural Network (DNN) [Nii+19] or with a
Convolutional Neural Network (CNN) based on “Wireless Fidelity” (WiFi) ToA measurements [BGL18].

Applying supervised learning based algorithms to range estimation based on multi-channel estimates potentially
allows finding the best suitable model, i.e. taking advantage of hidden features in the channel transfer function,
which are difficult to determine with parametric models due to the complexity of real propagation channel.

144



5.1. COMPARISON OF MULTI-CHANNEL RANGING ALGORITHMS

The following study compares the IDFT baseline solution (see Chapter 3.4.2.3) to MUSIC adapted to
multi-channel ranging and DNN based range estimation.
5.1.1 WORKING ASSUMPTIONS AND SIGNAL MODEL

Noise free one-way channel estimations from the multi-channel ranging protocol are given based on (3.40)
and (3.44) by

T, R
Hl[vzlARz] — [ TiR2] o 4’Ac[ ] :ALTPRZ] o= 2n(fwtfo)To [ ( Tfefot PR~ , (5.1a)
C
HC[Tl’RZ]
T, R
~ . —|TH,R . i +2 t- 2 l)
H{%&Rl] — TR o 4’Ac[ 2kl :A£T2'R1] eI 2n(fwtfe)T e] ( Tfetot 9" IR , (5.1b)
C
HC[TZ’Rl]

assuming no frequency offset, i.e. §; = 0. This hypothesis simplifies the signal model, simulations and holds true
for calibrated oscillators on the transceiver testbeds. If frequency offset is to be considered, PoA estimates need to
be corrected according to (3.93).

The IDFT, MUSIC and DNN based ranging algorithms take as input the channel transfer function estimates
according to (3.87)

112l _ flTRa] 7lToRq]
HPOFC - HPOAC HPOAC

, T: R T R
) ‘PRl - ‘PRZ + <PR2 - ‘PRl

= gl gkl zadg + N, (5.2)

with noise N, modeling all encountered noise effects. The sum difference of initial oscillator phases ZA¢R is
constant over all channels and hence not of concern, i.e. it will be omitted in the following. Due to the two-way
ranging protocol required for eliminating the unknown time offset ¢, the square of the channel transfer function is
estimated. Considering the tapped delay line channel model from (2.19), (5.2) can be rewritten as

2 -
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- ~M1,2 i - i 7 -

He = HILOF}C B ( 20 ape ]Zn(fw+fC)Tp) +Ne = Zoape 127 (fuwtfe)Tp + N, (53)
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with () denoting amplitude, delay and number of the propagation paths after expansion of the square.

5.1.2 ADVANCED RANGE ESTIMATION METHODS
5.1.2.1 PATH DELAY ESTIMATION THROUGH MULTIPLE SIGNAL CLASSIFICATION

Estimating the delays 7, from (5.3) can be formulated as MUSIC problem analog to [LF14]. For this purpose
the C channel transfer function estimates H, are grouped into the vector

Hy 25;3 ﬁpe*fZH(fw+f0)fp No
0= : - : +] e cCx1, (5.4)
He_q Zg;é ape 2 (fwtfe)T N1

Considering fc =cAf and integrating the phase rotation at the channel ¢=0 into the complex
amplitude 54;, =dap eI allows modifying (5.4) as
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The so-called imaging vector can be defined as
) - ) -
XC (fp) _ [1 o TI2TAfT e—]Zn(C—l)Af‘rp] c cCx1, (5.6)
Further defining
xC =[x (@) xS (@) - aC (Fpq)] € CF, (5.7)

allows reformulating (5.5) in matrix form as

Hy
A=| @ |=x%+N, (5.8)
Heq
with amplitude &’ = [&6 & zx% 1 6 CPx1 and noise N = [No N7 ... chl]T e CcCx1,

The classical MUSIC algorithm requires multiple successive channel measurements H(t) over time ¢, in order to
calculate the autocorrelation function

Ryp =E [ﬁ(t)ﬁ*(t)] . (5.9)

Based on this autocorrelation function, the Singular Value Decomposition (SVD) can be given, which allows
determining propagation delays 7, according to a spectral decomposition as given in (5.12). If multiple snapshots
over time are not available, the autocorrelation function cannot be constructed. Therefore, the so-called Hankel
matrix is defined by

Hy H - He_ppq
a A N

r— 1 2 C-Lyr e c(Lr+1)x(C~Lr) (5.10)
Hy. Ay - Heg

with 1 < Lp < C — 1. It allows applying MUSIC to a single snapshot [LF14], i.e. a single channel transfer function
estimation on C channels. The SVD of the Hankel matrix in (5.10) is given by

r=[ us Uy | diag (A0 A1 - Ap_q0...0) [ vs VN y
~ ~ P 1 ~ ~
(Lr+1)><P (Lr+1)><(Lr+1—P) (Lr+1)X(C—Lr) (C*LF)XP (C—LF)X(C—LF—P)
(5.11)

with singular values Ag > A1 > ... > Ap_q1 20, signal and noise subspace Ug, Uy, respectively. Signal and noise
subspace are orthogonal, while the signal space is spanned by the imaging vectors x () belonging to the actual
propagation delays 7. Consequently the set of delays %, can be obtained as the peaks in the imaging function ),
defined by the orthogonal projection of the imaging vector xLr+1 to the noise subspace Uy

[ H

" sl

(5.12)

The imaging function ) can be interpreted as a delay spectrum function with peaks corresponding to the delays 7.
The range estimate dAPoF,MUSIC is obtained by applying the first path detection to (5.12).

In contrast to the IDFT approach, delay estimation by the MUSIC algorithm can achieve arbitrary high resolution
for sufficiently low noise [LF14].

Two parameters can be modified and optimized in the MUSIC formulation for delay estimation. The
parameter Ly allows defining the degree of correlation of the Hankel matrix. According to [LF14] Ly ~ C/2
is a good choice, which allows resolving P < Ly propagation paths. The MUSIC algorithm furthermore
requires the partitioning of the SVD into the signal and the noise subspace. The signal subspace is spanned
by P orthogonal, i.e. independent imaging vectors yLr+1 (Tp). It is hence necessary to have a prior knowledge
about the number of paths P. Partitioning of the subspaces can be achieved with a threshold on the singular values
in order to separate zero singular values from non-zero singular values. Alternatively this parameter P can be
obtained with techniques from e.g. [Di85; KC94]. For the following study however, the number of propagation
paths in the CIR is considered to be known.
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5.1.2.2 RANGE ESTIMATION WITH A DEEP NEURAL NETWORK

The range estimation problem can be addressed by a DNN based regression approach. It can be viewed as
determining a function

g¥: CC SR, (5.13)

which allows computing the range based on the complex channel transfer function estimates. The parameter w
contains the weights of the DNN network and this parameter needs to be determined such that the function g%
correctly maps channel estimates {HC}CC;()l to the corresponding range d. The process of determining the weights w
is called training step. It is achieved in a supervised learning phase with a so-called expert database

D= { ({05 04) ) (5.14)

which contains a set of K input channel transfer function estimates {Hc,k}cC;01 and the associated range d, called
label. Based on this expert database, the training or optimization step consists in finding the network parameter w,
which minimizes the loss function

L(w)=E {(gw ({Ae) - dk)z} . (5.15)

Optimization with e.g. a gradient descend algorithm iteratively updates the network parameter w to converge
to an optimum solution. Calculating the gradient for a non-trivial function ¢ and a large database D is
computationally too complex. Hence, to solve the optimization problem, an iterative Stochastic Gradient Descent
(SGD) algorithm, widely used in literature [BCN18] is applied. At each iteration, the SGD algorithm randomly
samples a mini-batch Bppyy; of data from the expert database, i.e. Bpnyy; € D. Calculating the stochastic gradient
on the mini-batch Bpyy; is computationally feasible. Subsequently, the network parameter w is updated with

1

~ P17 VE(wi, Bonn), (5.16)
| BDNNG|

Wit1 = Wi
where p denotes the learning rate and V() the gradient operator. The training phase aims at finding the parameter @
that achieves range estimation with the smallest ranging error over the expert database. It is hence intuitively clear,
that size, diversity and quality of the expert database play a crucial role regarding the performances of the DNN.

During the prediction phase, the range estimate dp,ppnyn for a new input channel transfer function

measurement {I:IC}CC;()l is given by
= & (5 1C—1
dporDNN = 8% ({Hc}cczo ) : (5.17)

5.1.3 NUMERICAL SIMULATIONS

Numerical simulations are conducted to evaluate the performances of the MUSIC and DNN based range
estimators and comparison to the IDFT approach is given. Simulations consider a two-path propagation scenario
with a direct and one multipath component

h(t) = apd(t — 19) + 116(t — 77). (5.18)

The amplitude ratio is given by f = |a1|/|ag| and the path delay difference is denoted AT = 7 — 1.

Channel transfer function estimates are directly obtained from the model given in (5.2) instead of simulating
the complete signal model from Chapter 3.2 and executing the localization metric extraction algorithms. This
simplification is equivalent to simulating the whole signal model, but speeds up simulation considerably. The
channel measurements are generated for C = 16 channels with a frequency spacing Af = 200kHz, resulting in a
virtual bandwidth By, = 3MHz, a range resolution AR = 50 m and a maximum unambiguous range Rmax = 750 m.

Noise on the channel estimates is simulated by adding Additive White Gaussian Noise (AWGN) of variance o2 to

, ~[12]
each generated channel estimate Hp, oF,"

The first path detection algorithm from (3.91) is used on both, the IDFT and the MUSIC estimator, with the
parameters R = 300m and 7g,5¢ = —7 dB. As simulations only consider a two-path propagation scenario, the
number of paths to be estimated by the MUSIC method is set to P = 3, accounting for the two paths and the resulting
phantom path (see Chapter 3.4.2.3).
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Parameter Symbol Value
Path amplitude ratio | B = [a1|/|ap| -30, —25, —20, ..., =5, =3, -1, 0, 1, 3, 5, 10dB
Path delay difference | AT =T — T 0, 10, 20, ..., 200m
Signal to Noise

Eg/N, _30 _25 _
Ratio (SNR) s/ INp 30, —25, —20, ..., 50dB
Monte Carlo runs 1500

TABLE 5.1 — DNN training data generation parameters.

Input Hidden Hidden Output
layer layer

layer layer
(Dense) (Dense)

()H dpoF,DNN

Activation function
ReLU: max(., x)
FIGURE 5.1 — Illustration of the DNN architecture for multi-channel range estimation.

For the DNN based range estimator, the expert database D needs to be created, which is achieved with numerical
Monte Carlo simulation. For each parameter triplet (8, At, Eq/Ny) in Table 5.1 a set of 1500 channel transfer function
estimate {Hc}gz_ol realizations is generated. The totality of these simulated channel measurements constitutes the
expert database D.

This database is used to train the DNN based range estimator whose architecture is given in Figure 5.1. The
DNN comprises three hidden layers of 128 units. Each neuron has a Rectifier Linear Unit (ReLU) activation except
the final layer. For practical reasons the complex channel measurements are split into real R and imaginary part Z,
resulting in 2C inputs for the DNN. Other representations such as providing the channel estimates as amplitude and
phase information are equally possible and equivalent, and may provide easier normalization [Raj+18]. During the
learning phase, a mini-batch of | Bpny;| = 32 samples is randomly taken in each iteration from the expert database.
The gradient descend optimization is performed with a learning rate p = 0.001.

The benchmarking of the IDFT, MUSIC and DNN estimators is done on a common and identical set of 5000 Monte
Carlo simulations for each channel parameter configuration triplet (8, At, Eg/Np).

Figure 5.2a, Figure 5.2c and Figure 5.2e compare the maximum ranging error in 90% of the cases for the
IDFT EPOF,CIRffirst and MUSIC dAPoF,MUSIC estimator as function of the path delay difference At. For a path delay
difference approximately equal to the multi-channel range resolution (cyAT ~ AR), a maximum error is observed,
as overlapping main lobes form a larger lobe. The IDFT based range estimator shows performances with a side
lobe-like shape with respect to the path delay difference At. This is explained by the fact that different main-
and side lobes of the two path add up in a constructive or destructive manner, resulting in an altered CIR where
first peak detection will be erroneous. The precision gain of MUSIC over the IDFT technique is most pronounced
for path delay differences AT > 100 m as MUSIC resolves multiple propagation paths and precision asymptotically
attains single path precision. Range estimation degrades as the path amplitude ratio § increases, which makes
the detection of a weak first path difficult. For g = 10dB, first path detection does no longer find the first path
below the threshold 7. = —7 dB. Ranging errors then grow linearly with delay difference At. These findings
are confirmed at high Eg/Njy, where MUSIC clearly outperforms the IDFT approach as depicted in Figure 5.2b,
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FIGURE 5.2 — Simulated ranging error for IDFT, MUSIC and DNN estimators in a two-path propagation scenario.

Figure 5.2d and Figure 5.2f. The first path detection algorithm parameters ., and Rg;,.q; have been optimized for
the European Telecommunications Standards Institute (ETSI) multipath channels. In order to improve performances,
these parameters need to be adapted to the actual propagation channel. Furthermore, applying the first path
detection algorithm to the imaging function in (5.12), which does not give the actual path amplitudes needs to be
modified to determine the actual corresponding path amplitudes before applying the first path detection algorithm.

The try and error approach for determining the parameterization and the training database showed that ranging
performances are very sensitive to the expert database. Empirically best and plausible performances have been
obtained when training the DNN with multiple amplitude ratios close to the § = 0dB as given in Table 5.1.

Figure 5.2 shows that the resulting DNN algorithm has comparable performance with respect to both IDFT and
MUSIC algorithms. While for § < 0dB it slightly performs less than the parametric methods, for g > 0dB, the
precision of the DNN algorithm takes over when At < 100m and at low Eg/ Ny, but still remains lower than MUSIC
technique when At increases. In addition, it is worth to highlight that the proposed DNN algorithm is less sensitive
to the variation of the parameters $, At, and Eg/Nj. In fact, the range estimation error almost remains constant
at ~ 25m when these parameters vary, demonstrating therefore the robustness of the DNN algorithm.
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FIGURE 5.3 — Multi-channel narrowband ranging errors for the 900 field trial measurements with 10 kHz bandwidth signals.

5.1.4 ApPPLICATION TO FIELD TRIALS

Numerical simulations have revealed that MUSIC outperforms the IDFT approach in terms of multipath
resolution and they have shown furthermore, that the DNN method is robust against strong multipath. In this
section, the three estimators are applied to real outdoor field trial channel measurement data.

Their performances are compared on the field trial measurements depicted in Figure 4.29 obtained with
Config Long from Table 4.2.

Figure 5.3 shows the ranging errors for the different range estimation strategies. IDFT ranging precision in
Figure 5.3a is below 30 m, however for certain positions large biases (> 100 m) are observed. Processing the field trial
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measurements with the MUSIC algorithm in Figure 5.3b does not decrease these biases, despite the high-resolution
capacity. Possible causes are insufficient SNR Eg/ Ny (compare Figure 5.2) or the mismatch between the hypothesis
of a two-path channel, i.e. P = 3 and the real propagation channel.

Regarding the DNN approach, when trained on synthetic data and then applied on field trial data, the S-DNN
slightly performs less than the two parametric estimators (Figure 5.3c). Once more, the hypothesis of a two-path
channel is no longer valid in a real environment, leading to channel measurements that were not seen in the
synthetic database. The Cumulative Distribution Functions (CDFs) in Figure 5.4 summarize the ranging accuracy
of the performed field trial.

In order to overcome the weakness of an incomplete database, training can be performed on a portion of the
real field trial data (Figure 5.3d), which is considered to constitute the expert database. Figure 5.5 shows the CDF
for the Real Data Trained DNN (R-DNN) when trained on 2/3 and applied to the remaining 1/3 of the real field trial
data in comparison to performances when the S-DNN is applied to the same 1/3 of the data.

Furthermore, better results can be obtained by taking advantage of synthetic data, by using these data to pre-train
the DNN and then refining it with some field trial data (M-DNN) [Zap+18], thus reducing the need of an extensive
geo-referenced channel measurement database. Figure 5.3e and Figure 5.5 show the results for this approach. The
resulting M-DNN has better performances than both the S-DNN and the R-DNN, therefore demonstrating the benefit
of taking into consideration both, real and synthetic data, for a robust algorithm.

In conclusion, parametric estimators and synthetic data trained deep learning achieve a ranging error
below 60 m to 80 m in 90% of the cases and mixed data trained deep learning attains 45 m 90% of the cases.

Multi-channel narrowband LPWA ranging accuracy has been evaluated by numerical simulation in a two-path
propagation scenario. Parametric range estimation through MUSIC outperforms the state of the art IDFT approach,
due to its high-resolution property. In numerical simulation and for sufficient large Eg/Ny, MUSIC achieves more
accurate range estimates for close multipath components than the IDFT technique. Applied to real outdoor field
trials, MUSIC and IDFT estimators show comparable performances (60 to 80 m in 90% of the cases).

The deep learning based range estimation algorithm shows high robustness to multipath, with 25m error
in simulation and 45m in 90% of the cases on the field trial data, when trained on mixed data. Multi-channel
measurements provide improved temporal resolution through sequentially increased bandwidth. Combined with
deep learning techniques, they are potential enablers for precise LPWA localization due to appropriate signal
processing, especially for unknown and dense multipath propagation scenarios. Yet, generalization of these findings
to other scenarios remains open.

Further work may consider training deep neural networks assuming more complex channel models. Extensive
field trials will provide a comprehensive database for training with mixed, i.e. synthetic and real data.

The range and position estimation method through DNN based techniques is a promissing approach for accurate
LPWA localization in challenging propagation enviroments. A patent application on this technique has been
filed [WSdD19].
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5.2 CONCLUSION AND PERSPECTIVES

The IDFT based multi-channel ranging approach has a limited capability to resolve multipath due to the
inherent side lobes of the IDFT. In order to overcome this shortcoming, high resolution algorithms can be used.
The multi-channel range estimation can be formulated as MUSIC problem. Simulations have shown that MUSIC
outperforms the IDFT based range estimator, however the algorithm requires high SNR levels.

Instead of relying on parametric estimators, learning based approaches recently find wide adoption in signal
processing. Based on the sampled channel transfer function estimates, a DNN based range estimator has been
trained on a simplistic two-path propagation model. The application of the DNN to real outdoor field trial data
proves to be competitive with parametric estimators.

Several improvements for the investigated methods are possible. The parametric MUSIC estimator relies on the
construction of the Hankel matrix with dimensions depending on a parameter L. This parameter as well as those
of the first path algorithm can be optimized. The DNN based estimator can be trained with synthetic data of more
realistic channel models, as well are refining with more field trial data.

Extracting localization metrics with a correlation based algorithm, i.e. Maximum Likelihood (ML) estimation is
suboptimal and other approaches can be studied to improve the quality of the metrics in multipath scenarios. Instead
of processing IQ data in this two step method, i.e. by first extracting localization metrics and then performing range
estimation, it is also possible to design a framework that directly estimates range from IQ data.
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CONCLUSION

PRECISE and accurate positioning in Low Power Wide Area (LPWA) networks is a challenging research field. The
research community currently studies various approaches based on transmitted LPWA radio signals. Received
Signal Strength Indicator (RSSI) and Time of Arrival (ToA) based techniques do not offer the precision required
for many application contexts. Time based approaches being more precise than amplitude based techniques still
suffer from limited bandwidth. Moreover, narrowband signals do not provide the required temporal resolution for
accurate range measurements in multipath propagation environments typically encountered in LPWA networks.

Multi-channel ranging overcomes bandwidth limitations while being compatible to LPWA physical layers.
Multiple narrowband channel estimations obtained sequentially on different frequencies are combined with a
coherent processing method to obtain virtual large bandwidths. The principle is adapted to LPWA system
constraints. Performances are evaluated with theoretical considerations of lower bounds and numerical simulations
that illustrate how hardware impairments such as oscillator frequency offset can be corrected. Experimentation
with a Software Defined Radio (SDR) based transceiver testbed validates working assumptions. Field trials in real
outdoor urban scenarios, typical for LPWA networks, illustrate the significantly improved ranging precision of
multi-channel ranging compared to classical single channel Time of Flight (ToF) measurements. The comparison
to an industrial LPWA ranging solution emphasizes the scalability of ranging precision with multi-channel ranging
while maintaining low levels of receiver sensitivity through instantaneous narrowband transmissions for long-range
communication. Combining multi-channel ranging with advanced algorithms such as learning based methods
proves to be a promising approach towards accurate positioning in LPWA networks with challenging multipath
propagation.

The first chapter introduced the principles of LPWA networks and reviewed various physical layer standards
and industrial solutions. Low-power and long-range communication is typically achieved with narrowband and low
spectral efficiency modulation schemes. Signal bandwidths of LPWA systems range from 100Hz for Ultra-Narrow
Band (UNB) up to 1 MHz when low spectral efficiency techniques are employed. Many Internet of Things (IoT)
applications requiring wireless connectivity rely on LPWA networks. Those applications further require or benefit
from the awareness of the geographical position within the network. Global Navigation Satellite System (GNSS)
based localization offers highly accurate and precise position estimates in outdoor environments at the expense
of power consumption. Achieving GNSS less, precise and accurate localization by taking advantage of the radio
signals transmitted within the LPWA network opens up promising perspectives in terms of device complexity, power
consumption and cost. An overview on radio signal based localization techniques has been given. Multi-channel
ranging has been identified as suitable method for improved ranging precision within narrowband LPWA networks.

Challenges for precise and accurate radio signal based ranging have been illustrated in chapter two. These
problematics include system level challenges such as narrowband transmissions to achieve low levels of receiver
sensitivity and legal regulation limitations concerning i.e. transmit power and transmission duty cycle. Hardware
challenges arise from low-cost components such as oscillators that exhibit frequency offsets, temporal drift and
phase noise. These characteristics need to be considered for radio signal based localization as they affect the
performance of positioning. A standard oscillator model has been presented and frequency offset influence on
ToF ranging studied. Sufficient signal bandwidth and sophisticated signaling schemes allow overcoming the
aforementioned challenges. However, the physical propagation channel remains as ultimate barrier to precise and
accurate localization. Dense multipath propagation makes it difficult to resolve each multipath component with
band limited signals. Strong multipath propagation and None Line of Sight (NLoS) scenarios do not allow recovering
Line of Sight (LoS) range due to the practically absent LoS path. It is hence of importance to detect such a situation
based on measurable channel characteristics in order to exclude biased range estimates from the location solving
process. The chapter concluded by dressing the arising research questions and the scope of this thesis.
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The principle of multi-channel ranging and differences with other methods is discussed in chapter three.
Subsequently, the detailed signal model for multi-channel ranging has been developed. The model considers a
general transceiver architecture with both, an analog Radio Frequency (RF) as well as a numerical Intermediate
Frequency (IF) mixing stage. Transmitter and receiver carrier frequency synthesis is obtained from separate
sources. The model includes clock impairments and multipath propagation. This general model is then adapted
to multi-channel two-way ranging with unsynchronized nodes assuming a time invariant propagation channel
and a constant frequency offset. Requirements on the transceiver hardware architecture are investigated. The
required phase coherence between the two nodes is established in a round-trip packet exchange. This requires
only intra-node phase coherence between the transmitter and the receiver branch, provided by a common Local
Oscillator (LO). Theoretical performance bounds are derived based on Cramer Rao Lower Bounds (CRLBs). It has
been shown that frequency offset induced errors can be corrected. Subsequently ranging algorithms have been
constructed. CRLBs and numerical simulation have shown that meter-level ranging precision is achievable in an
Additive White Gaussian Noise (AWGN) channel with 10kHz narrowband signals and multi-channel ranging.

Chapter four has investigated the practical feasibility of multi-channel ranging in LPWA networks. For this
purpose a SDR based multi-channel transceiver testbed has been designed. Multi-channel ranging achieves errors
below 10 m in 90% of the cases in both, simulation and experimentation in an AWGN channel. Outdoor field trials
in real urban propagation scenarios have been performed and a comparison with an industrial ToF based ranging
solution has been studied. Multi-channel Phase of Flight (PoF) range measurements are more precise compared
to ToF measurements. However, large biases impede the accuracy of PoF ranging. Bias detection, mitigation
and elimination techniques have been studied, which allow retaining only unbiased range estimates, achieving
a 30 m ranging error in 90% of the outdoor field trials.

Chapter five investigated how advanced ranging algorithms can improve performances. The high-resolution
algorithm Multiple Signal Classification (MUSIC) has been applied to the multi-channel ranging problem. It clearly
outperforms the Inverse Discrete Fourier Transform (IDFT) based range estimator in a two-path channel model.
However, these simulation results have not been confirmed when applying the MUSIC estimator to outdoor field
trial measurements. Despite these findings, a learning based Deep Neural Network (DNN) range estimator showed
to be competitive to the IDFT approach. These preliminary investigations are promissing as this method has the
potential to outperform the IDFT technique in multipath scenarios especially when more comprehensive databases
are available for the learning phase.

MAIN CONTRIBUTIONS

Precise and accurate positioning within LPWA networks will be a key enabler for many IoT applications. This
thesis addresses some challenges to achieve this goal, with the main contributions being:

e A LPWA compatible ranging function for meter-level precision with narrowband to UNB signals
in AWGN
Multi-channel ranging offers virtually increased bandwidth for precise range estimation. A comprehensive
signal model [Wol+18b] comprising a general transceiver architecture, clock impairments and multipath
propagation has been developed.

e Validation by theory, simulations, experimentations and field trials
Theoretical performance bounds for multi-channel ranging have been derived and evaluated [Wol+18b] for
the signal model. Multi-channel ranging applied to LPWA physical layers is studied in AWGN channels by
numerical simulation and by experimentation with a SDR based transceiver testbed demonstrator developed
in the framework of this thesis [Wol+18a]. A 10 m ranging precision is achieved. Outdoor field trials prove
that PoF ranging is be more precise than ToF measurements, achieving 125 m and 250 m with 10 kHz signals
respectively [WdDC19a].

e Comparison to existing LPWA ranging solution
The proposed adaptation of multi-channel ranging to LPWA physical layers is compared to an existing
industrial LPWA ranging solution. For this purpose, a methodology of comparison is defined. Performances
of both platforms are evaluated and compared by outdoor field trials in LPWA typical propagation
scenarios [Wol+19a].

e Study of strategies to improve accuracy in multipath propagation channels
Multi-channel ranging provides estimates with a precision within a few 10m. However, large biases
due to multipath propagation impede overall performances. Advanced range estimation techniques such
as high-resolution algorithms and learning based methods are studied [Wol+19b]. A DNN based range
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estimation technique has been patented [WSdD19]. Moreover an outlier detection scheme for multipath
outdoor field trials has been developed [WdDC19a], achieving after outlier removal less than 30m error
in 90% of the cases. This procedure has been patented [WdDC19b].

PERSPECTIVES

Multi-channel ranging has proved to be applicable to LPWA networks and improves positioning precision and
accuracy. Several perspectives can be pursued. These can be roughly grouped into low-level, hardware i.e. physical
layer near topics, multipath and associated algorithm related investigations as well as high-level system
considerations.

The thesis assumed multi-channel packet exchanges over rather short periods and constant clock frequency
offsets. Further investigation is required to gain clear specifications how much time can lie between the channel
measurements at different frequencies, regarding temporal radio channel variations, oscillator stability and phase
noise. Appropriate algorithms such as tracking loops might be developed. Experimental demonstrations throughout
this thesis have been made based on a SDR. In order to achieve final validation of the considered working
hypotheses the integration of multi-channel ranging into existing and future LPWA solution and standards needs
to be considered.

Several topics with respect to multipath propagation can be investigated. For this purpose, CRLBs need to
be evaluated for a broader set of channel models. Such a study gives rise to an optimization strategy framework
for the system parameters such as number of channels and frequency spacing. The thesis has considered uniform
channel spacing, it is however also possible to use a non-uniform configuration which in turn might allow improving
both ranging precision and maximum unambiguous range by joint optimization. In this context, it is also of
interest to study windowing functions for the IDFT approach in order to reduce the side lobe level for optimal
multipath resolution. From a more general perspective, it has to be questioned if the correlation based Maximum
Likelihood (ML) localization metric extraction algorithms are optimal in multipath radio channels. The investigated
advanced ranging algorithms have been applied to localization metrics obtained through ML estimation. New
processing schemes departing directly from received IQ data shall be investigated. Promising machine learning
based approaches require training with more realistic channel models and large field trial measurement datasets.
Intermediate measurement campaigns on a channel emulator allow controlling the propagation channel and get
detailed insight into potential improvements of algorithms. More field trials in a large-scale urban measurement
campaign will allow validating the concept of multi-channel ranging and its limitations.

Field trials in urban propagation scenarios have shown that ranging accuracy is limited by multipath
propagation. Future LPWA networks could include base stations equipped with beamforming enabled antenna
arrays. Beamforming can be used in order to reduce multipath and hence decrease ranging biases. Preliminary
measurements have shown an improved accuracy when employing directive antennas. In order to generalize these
findings and to confirm the benefit of joint ranging and beamforming, simulations with angular dependent channel
models can be conducted.

Furthermore, it has to be studied how the measured Channel Impulse Response (CIR) can be used not only for
range extraction but also for getting reliable estimation quality indicators for the location solver.

Finally, a joint framework considering RSSI, ToA and Phase of Arrival (PoA) metrics for precise localization
should be studied. Combining the set of all available metrics, information about the environment, e.g. street
maps, star and mesh network topologies and sophisticated algorithms could be the answer to precise and accurate
positioning in LPWA networks?
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FRESNEL ZONE FOR RADIO WAVE PROPAGATION

THE radius REresnel k of the kth Fresnel zone with distance dy, dp is derived from the distance difference between
the direct and the once reflected path [Cam16] and can be given according to Figure 1.13 by

— /32 2

Al = dl + RFresnel,k — dl' (Ala)
_ /32 2

Az = d2 + RFresnel,k — d2. (Alb)

For the k! Fresnel zone the following inequality holds
Aw
Al +4r < kT' (A.2)

After rearranging, squaring and solving, the Fresnel zone radius evaluates to

4,4 313

. B . A3
Fresnel k 4(dy +dy) [kAw +dy +do] + k2%, "

All higher order terms in (A.3) are neglected as wavelength is small compared to the node distances (kAw < dq,dp).
In approximation, Fresnel zone radius simplifies to

[kAwdqdn
Reresnel k ~ d1w+ld; . (A.4)
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DERIVATIONS OF CRAMER-RAO LOWER BOUNDS

IN this appendix the derivations of various Cramer Rao Lower Bounds (CRLBs) are detailed. The CRLBs on the
exotic radio localization techniques illustrate the attaignable precision and help judging if a method is applicable
to LPWA positioning.

B.1 CRLB ror RSSI-BASED RANGE ESTIMATION

The estimated received power Pr can be expressed as a constant term Cgy, integrating constant transmit power,
antenna gains and carrier frequency. This term reflects the received power at the reference distance dy. The second
term models the logarithmic pathloss with pathloss exponent y; . However, the received power varies due to large-

dB?
and small-scale fading which is modelled by a normal distributed noise term (12¢panne; ) %> of variance (U(Zjhannel)

Moreover, the receiver performs an estimation of the actual received power level. This estimation is not ideal and can

) dB2

be modelled with the (nRSSI)dB noise term following a normal distribution of variance (UIZQSSI accounting e.g. for

the step size of RSSI readings. The estimated receive power is given by

~\ dBm d
(pr) — (Coto)®™ — 107 logyg (%) + (nChannel) ™ + (nrss)

In(4
d
= (Csto)dBm — 10y, lr§18> + (”Channel)dB + (”RSSI)dB' (B~1)

The Jacobian is given by
_ 10y 1 1 109
Ja = 10 d/dydy dIn10"

The Fisher Information Matrix (FIM) for range estimation is given by

2
— —10’)’L 1
I,=jIs"11, = . B.3
a=Jax Ja (dmo) ) dB2 5 \d? (B.3)
(UChannel> + (‘TRSSI)

The standard deviation on RSSI based range estimation is given by

e @) 2 = (00 )™ + ()™ oo

Range estimation precision is proportional to the actual range, making it hence unsuitable for LPWA localization.

(B.2)

B.2 CRLB rFor TIME OF ARRIVAL ESTIMATION

In order to determine the CRLB for ToA, a delayed complex signal sy in AWGN n of total variance ¢ = N is
considered

r(t) = #(t) + n(t) = so(t — ) + n(t). (B.5)
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The Jacobian of 7 is given by

_ oF(t) _ dso(t— 1) _ ~ 9sp(t)

Jolt) = 55 ot at
and according to [Kay93], the FIM I for (B.5) results in

() = 150 5 1000 = 1 [290°
The total information is obtained by integrating over time
00 0 5 2
Ir = / Ie(t)ot = / % Sgt(t) ‘ at.
oo o0

Applying the Fourier Transform theorem for derivatives and the theorem of Parsval yields

1
Ir = —
T 0_2

T 13so(t)
ot

atzé [ @R iR o,

with signal spectrum Sj. The total energy available for ToA estimation is defined as
OC.> (o]
Es= [ IsoPar= [ 1So()?f.
—00 —00

According to [Kay93] the variance of an unbiased estimator is given by the CRLB as

Var (T) > trace <IT_1) = 1 = 1 )
& | erpise e f enp i
(%

T Iso(nPas

Defining the root-mean-squared bandwidth by

T 2150012 df
Brps = | —e

T 1s0(nP s

allows simplifying (B.11) and ToA estimation standard deviation is bound by

/ ~ 1
Var (T) > T
47 WOBRMS

(B.6)

(B.7)

(B.8)

(B.9)

(B.10)

(B.11)

(B.12)

(B.13)

It is worth noting, that this CRLB depends inverse proportional on the root-mean-squared bandwidth Bgysg. For
non-coherent reception of r, the baseband spectrum S centered at f = 0 is required for calculation. However, when
signal reception is coherent to the emission of s, i.e. the absolute phase relation between transmitter and receiver are
known, the passband spectrum S, integrating carrier frequency f >> 0 results in a much larger root-mean-squared

bandwidth Brys.

As a consequence, ToA estimation is more precise. This is the underlying principle in interferometric approaches

and techniques that resolve carrier phase e.g. Real-Time Kinematic GPS (RTK-GPS).

B.3 CRLB ror DELTA-SIGMA MONOPULSE AOA ESTIMATION

The ratio of the difference to the sum signal is given according to (1.82) by
W . Apa _ . ntD sin(az)
re: = —jtan (—2 ) = —jtan (7)\w ,
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B.4. CRLB! FOR DOPPLER DIRECTION FINDER BASED AOA! ESTIMATION

with antenna spacing D. Considering the estimation of % in AWGN n ~ N (0, o) yields

N (B.15)
ry s
The Jacobian of % is given by
A 7D cos(az)
S " E— B.16
Jaz daz ]C082 (nD f\i:/(az)) (B.16)
and FIM I, for (B.14) results in
1 7tD cos(az) 2
_ T * _ - Aw
az = ]az 0’2 ]az B 0’2 2 D sin(uz) (B17)
cos (T)

Consequently, the Delta-Sigma Monopulse Angle of Arrival (AoA) estimation standard deviation is bound by

71D sin
- /7_ B Cos ( ( )) |az|§<2” cAw o (7mD (B.18)
\/ ar = O0— 7D COS([lZ) ~ 7'(7D COS Tﬂz . .

T Aw

W
B.4 CRLB rFoRrR DoPPLER DIRECTION FINDER BASED AOA ESTIMATION
The instantaneous Doppler frequency as function of the angle az(t) = wpt is given by

wpRp sin (az(t) — az;) wpRp sin (wpt — az;)

= —fw L, (B.19)

€0 B €0

fa(t) = fq (az(t)) = —fw

with signal frequency f, signal angle az;, antenna rotation speed wp and disc radius Rp.
Considering the estimation of the Doppler signal f4(t) in AWGN n ~ N (0, o2) yields

fa(t) = fa(t) +n(p), (B.20)
The Jacobian of f4(t) is given by
- de(t) - UJDRD CcOos (th — LIZZ‘)
Jozi (1) = 0 = fu . (B.21)
and instantaneous FIM 4z, (t) for (B.19) results in
1 1 wWpRp cos (wpt — az;) \ 2
Tazy (1) = T2, ()~ Jazi (1) = 5 (fw DRp cos (wp 1)) . (B.22)
o o <0
The total FIM Inz; is given by observation over a time interval T
T T>-L 2
wpR “D 1 wpR T
qul /Iaz (fw D D) /C052 ((UDt — ﬂZl‘) ot ~ 2 (fw D D) —-. (B23)
CO 0 o CO 2

Consequently, the Doppler direction finder AoA estimation standard deviation is bound by

— o 2
\/ Var (az;) Iazl fw “pRp \/; (B.24)

AoA estimation precision depends on the relative frequency estimation precision ¢/ fw. A higher rotation
speed wp and a larger disc radius Rpy equally improve precision.
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B.5 CRLB For LIGHTHOUSE RANGE ESTIMATION

The distance between a receiver/detector and the source can be determined by measuring the time the receiver
dwells in the beam Tj,.,,,, and the time the beam needs for a complete rotation Ty, according to

d>D
2 b (B.25)

2sin [7‘[ (E‘?e&ﬂ
turn

The observation variable Tj,.,, can be given by rearranging (B.25) as

T; D
Theam = t;lrm arcsin (2 q ) (B.26)

In order to determine the CRLB for the estimation of distance d, it is assumed, that the estimate of the dwell
time Tjyoam is unbiased and Gaussian distributed

Tbeam Tbeam +n, (B'27)

with estimation noise n ~ A (0, ¢2). The Jacobian of Tpeam is given by

_ Tturn 1 D
Ja=— 2 (—@) (B.28)
- ()

and FIM I; for (B.26) results in

2 2
_ T1 7i Tturn 1 7D
Id—]d—ngd—az( p- ) ’ <D>2 ) (B.29)
—\2d

Consequently, the lighthouse range estimation standard deviation is bound by

1/ Var (H) > \/Id_il:UTth <1 _ (51)2> % (B.30)

Var( ) \/TN(T m_2d? (B.31)

turn D

For D < d, (B.30) simplifies to

B.6 CRLB FOR CIRCULAR TRILATERATION

For Kgg base stations, range observations are given by

d = d+nRange, (B.32)
with  estimated distances d=1[d, ... d”fKBs—ﬂ , r;al distances d=[d, ... d”fKBs—ﬂ and
the ranging error  nRange = ["Range - - "Range Kps— N assumed to be mnormal distributed

1T
: 2 — 2 2
with TRange = {URangeO .-+ URange Kpg—1

The Jacobian matrix Jy, (xy) is defined by

Xu—Xg Yu—Yo Zu—29
"u0 "u0 "u0
]xll (xu) = : . (B33)
XU_XKBsfl Yu _yKBsfl ZLI_ZKBsfl
ruKBS -1 rllKBs -1 7‘l{KBS -1

Assuming equal range estimation error distributions and independent range estimates, the observation
covariance matrix simplifies to the diagonal matrix

% = diag <¢7Range2> . (B.34)
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Consequently, the FIM I, (x;) of the range observation vector d is defined by

Ix, (xu) = JL, (xu) 271, (xu)

KB%A )2
i—0 URangeidu,i
Kpg—1
BS (yu —yi) (xu—x;)
i 2
i=0 <0Rangel-du,i>
Kpg—1

Y (zu—z;) (xu *xé)
i=0 (URangeidu,i)
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Kpg—1

. 2
i=0 (URangeidu,i)

Kpg—1 2
5 Yu—Yi
i=0 URangeidu,i

Kgg—1
BS (zu—2;) (Yu—y;)

. 2
i=0 <‘7Rangeidu,i)

(xu—2;) (Yu—Yy;)

Kpg—1
BS (xu—2x;)(zu—2;)

. 2

i=0 (URangeidu,i)
Kpg—1

BS (Yu—yi)(zu—2z)

. 2

=0 (ORange,-du,i>

KB%_l Zy—2Z; 2
i—0 URangeidu,i

S. M. Kay. Fundamentals of Statistical Signal Processing: Estimation Theory. 1993.

(B.35)
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JACOBIAN MATRIX FOR THE MULTI-CHANNEL RANGING
SIGNAL MODEL

In order to derive the CRLB for the signal model presented in Chapter 3.3.2, the Jacobian Matrix (JM) is
analytically derived. Based on these analytical expressions, the CRLB is evaluated numerically.
The Jacobian matrix J[k] € R¥* (2C+4) of R is defined by

7 (k[T R2]
i = | JREE (1)
TRk (T2 R
with
2[X]
~ X _aT' [k}
Gl q(az'f i (C.2)

where ¢ € [0,2C — 1] and i € [0,2C + 3].
In order to simplify the notation of partial derivatives, parameters in the final receive signal ?LX] from (3.28) are
redefined as

| 2787 (Fwe + £e) KTsamp + o4 1K
(X]

7([:X] [k] = OL([:X] 50 (SF[[‘X] (kTsamp — tAC > -e B . (C3)

A

Omitting sampling index k and the argument of the transmit waveform s for clarity, the partial derivatives are
given by
e Delay, time offset and frequency offset i.e. §; € {7y, ¢y, f}

iBlX]

X
) _ tisg

26;

e Center multipath propagation channel amplitude and phase i.e. 6; € {ay, ¢x}

891- ] 77LX]

x]\ .igX! .
a;?q IE AL ]> elBe if 6;,=uay, Cs)

if 6; = ¢x.

e Relative multipath propagation channel amplitude and phase offsets i.e. 0; € {Aa;, A¢;} and i = ¢ # [%1 -1

> (C.6)

37£X] o ALX}> ejBLX] if 0, =Aag,
X

Jc if 91' = A¢Z‘.
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e Initial oscillator phase offset sum-difference i.e. 6; = Agg

)
891 _] c

if  [X]=[Tp, Ryl

(C.7)

All other terms are zero. Auxiliary derivatives are given in the following with upper choice if [X] = [T}, Rp] and

lower choice if [X] = [T, Rq]

e Partial derivatives with respect to delay 1

A _ X1 )1t op
97 1
(X] (X]
B apal 1,
oy (fwe +fe) {lJrsz,

e Partial derivatives with respect to time offset #;

(X] -1,
oAl 5m{ !
1+6¢7

otg T

X X —é¢fwtfc
o _ N o ﬁiaf
ato ato fc

e Partial derivatives with respect to frequency offset & Ji

X X
—ﬁ (kTSamp N }> —5[T I,

aAX]
35 = X X1 to—Kg T«
f kTSamp - tAL I 5"[[ }()(:(SS;rznp,
f
—kTgamp+to
oY e,
agf =27 (fwe + fe) (1+5)

kTSamp —7+Ks TSamp'
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Multi-Channel Ranging System for the Localization of Wireless Connected
Objects in Low Power Wide Area Networks: from Modeling to Field Trials

THE Internet of Things (IoT) is an enabler to new applications, such as smart metering and environmental monitoring,
intended to address current and future societal and ecological challenges. Things, possibly mobile or in distant locations,
require wireless connectivity for data collection and remote control. Low Power Wide Area (LPWA) networks provide
city-scale long-range, narrowband radio transmissions respecting the energy constraints of battery-powered low-cost objects.

Being capable to localize these objects will add value to their data, enables tracking applications and is therefore a demanded
and recent research topic. Precise and accurate radio signal delay based positioning without integrating additional hardware
but taking advantage of intrinsic wireless communication signals is appealing in terms of device complexity, cost and energy
consumption. However, radio localization within LPWA networks is challenging due to narrowband transmissions, resulting
in a lack of delay precision as well as due to radio propagation channels, which degrade the accuracy of location estimates.

This work addresses both challenges by investigating a multi-channel ranging system for LPWA networks. Coherently
combining multiple sequentially transmitted narrowband signals on different radio channels improves delay estimation
precision and allows resolving multipath channels for refined positioning accuracy. This scheme, based on instantaneous
narrowband signals, conserves the LPWA long-range feature and is hence compatible with LPWA networks. A detailed
signal model considering hardware imperfections as well as the required protocol exchanges for time, frequency and phase
synchronization is developed. Based on this model, the requirements on radio transceiver architectures regarding the
necessary phase coherence for multi-channel ranging are discussed. Lower bounds on the ranging precision are derived for
both, free-space and multipath propagation channels, illustrating the improved precision compared to narrowband single
channel ranging. Numerical simulations of radio signals for the two-way multi-channel ranging protocol illustrate that the
performance of developed range estimators attains the theoretical precision bound and pave the way towards implementation.
A flexible Software Defined Radio (SDR) based demonstrator is implemented to validate simulation results. Field trials in real
urban outdoor environments are in accordance with simulation results and prove how scalable multi-channel ranging, in
combination with advanced signal processing methods, will be an enabler towards precise and accurate localization in LPWA
networks.

Keywords: Internet of Things (IoT); Low Power Wide Area (LPWA); Radio localization; Ranging; Frequency hopping; Phase
of Arrival (PoA); Coherent processing; Narrow-Band IoT (NB-IoT), LoRa, Sigfox

Systéme de Mesure Multicanaux de Distances pour la Localisation des Objets
Connectés dans les Réseaux Longue Portée et Basse Consommation:
de la Modélisation jusqu’aux Tests Terrain

‘Internet des objets (IoT, pour Internet of Things, en anglais) ouvre la porte vers la réalisation de nouvelles applications,

telles que les compteurs intelligents et le suivi environnemental, destinées a adresser nos défis sociétaux et écologiques
actuels et futurs. Les objets, possiblement mobiles ou distants, nécessitent une connectivité sans fil pour la centralisation des
données et le contrdle a distance. Les réseaux longue portée et basse consommation (LPWA, pour Low Power Wide Area, en
anglais) offrent des transmissions radio bande étroite avec une couverture a I’échelle typique d’une ville, tout en respectant
les contraintes de consommation énergétique bas cotit des objets.

Intégrer la possibilité de localiser ces objets ajouterait de la valeur a leurs données et permettrait leur suivi géographique.
Voila pourquoi c’est un domaine de recherche trés actif actuellement. L’utilisation du temps de propagation des signaux
radio de communication, sans intégration supplémentaire de modules matériels dédiés a la localisation, est une approche trés
intéressante pour la complexité, la consommation et le cotit des objets. Néanmoins la radio localisation dans les réseaux LPWA
pose des défis liés d’une part aux transmissions a bande étroite qui n’offrent pas une résolution temporelle suffisante et d’autre
part aux canaux de propagation qui peuvent introduire des biais sur les estimées de position.

Cette thése adresse ces défis en étudiant un systeme de mesure multicanaux de distance pour les réseaux LPWA. La
combinaison cohérente des signaux bande étroite transmis séquentiellement sur des canaux différents améliore la précision
d’estimation des temps de propagation et permet de résoudre en partie les multi-trajets pour une meilleure précision de
localisation. Cette technique basée sur les signaux a bande instantanée étroite conserve la capacité longue portée des
transmissions et reste compatible avec les réseaux LPWA. Un modéle détaillé prenant en compte les imperfections matérielles
ainsi que les besoins protocolaires pour la synchronisation en temps, fréquence et phase est développé. Basé sur ce modéle,
les variantes des architectures des émetteurs-récepteurs radios et leurs impacts sur la cohérence de phase pour 'estimation
multicanaux de distance sont discutés. Les limites théoriques de précision sont dérivées pour la propagation en espace libre
et dans des canaux de propagation multi-trajets, illustrant I’amélioration de précision possible entre I’approche multicanaux
et approche monocanal pour 'estimation de distance. Des estimateurs de distance sont développés et appliqués aux signaux
radio simulés afin de montrer que leurs performances atteignent les limites théoriques. Ces résultats de simulation sont
validés avec des expérimentations menées avec un démonstrateur implémenté avec une radio logicielle (SDR, pour Software
Defined Radio, en anglais). Les tests terrains réalisés en environnement urbain permettent de confirmer ’apport d’un systéme
d’estimation multicanaux de distance, en combinaison avec du traitement de signal avancé, pour fournir une fonctionnalité de
localisation intrinséque et précise pour les réseaux LPWA.

Mots clés: Internet des objets (IoT); Réseaux longue portée et basse consommation (LPWA); Radio localisation; Estimation de
distance; Sauts de fréquence; Phase d’arrivée (PoA); Traitement cohérent; Narrow-Band IoT (NB-IoT), LoRa, Sigfox
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