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Résumé

Les glissements de terrain représentent un risque naturel majeur pour notre société. A une
époque d’urbanisation continue et d’extrémes climatiques de plus en plus fréquents, la surveil-
lance des instabilités gravitaire est un levier essentiel pour la réduction des risques naturels.
Dans ce contexte, la technologie d’identification radio-fréquence (RFID) représente un outil
prometteur pour le suivi de glissement de terrain a bas-cotit, via la localisation d’étiquettes
RFID en mouvement. Ce travail de these présente différentes approches de traitement de
donnée RFID long-terme en environnement extérieur, visant notamment a améliorer la sta-
bilité des mesures de phase. Des méthodes de traitement du signal déterministes et bayesi-
ennes (filtrage Kalman) sont développées, exploitant la redondance et la complémentarié des
données. La localisation a 2D et 3D est ensuite étudiée en termes de sensibilité a la géometrie du
systeme, puis démontrée avec une précision centimétrique. Des déplacements d’ordre métrique
sont confirmés sur le secteur instrumenté. Les séries de données RFID pluriannuelles donnent
acces a la cinématique du glissement de ’'Harmaliere (France), mettant & jour une regres-
sion de l'escarpement et des changements de comportements de surface en différentes zones
du secteur instrumenté. Couplées a des observations hydrologiques et de bruit de fond sis-
mique, les mesures de déplacement permettent d’interpréter les comportements saisonniers du
glissement de 'Harmaliere. Enfin, la possibilité de localiser des tags par antenne aéroportée
est étudiée. La localisation par Antenne a Ouverture Synthétique est démontrée grace a un
systeme de mesures temps-réel GPS et RFID. La localisation sous couvert végétal et neigeux
offre une précision inférieure a 10 cm, alors qu'une précision centimétrique est obtenue dans
Iespace libre. La méthode d’optimisation statistiques Markov-Chain Monte Carlo est exploitée
pour caractériser les résultats de localisation, offrant de nombreux avantages par rapport aux
méthodes classiques. Les concepts de traitement de signal RFID et les problématiques liées aux

radiofréquences, montrent des similarités avec les méthodes GPS.



Les avancées de cette these ouvrent de nouvelles perspectives d’applications bas-coiit pour

Pauscultation et la surveillance de glissements de terrain.



Abstract

Landslides represent a major natural hazard for our society. In the time of continuous urbaniza-
tion and more frequent climate extremes, monitoring landslides is an essential lever for natural
risk reduction. In this context, Radio-Frequency Identification (RFID) is used nowadays as a
promising low-cost landslide monitoring tool, through the localization of moving RFID tags.
This doctoral work presents diverse processing approaches for long-term outdoor RFID data,
notably devoted to improving the stability of phase measurements. Signal processing methods
are developed, both deterministic and bayesian (Kalman filter), in order to exploit data redun-
dancy and complementarity.

2D and 3D localization is studied in terms of sensibility to system geometry, then demonstrated
with a centimeter accuracy. Metric displacements are confirmed on the instrumented sector.
The year-long RFID data provide insights on the kinematics of the Harmaliere landslide (France),
shedding light on a scarp retrogression and changes in surface behavior on different zones of
the instrumented sector. Coupled to hydrological and ambient-noise seismic observations, dis-
placement measurement allows for an interpretation of the seasonal behavior of the Harmaliere
landslide.

Finally, the ability to localize tags with airborne antennas is studied. Synthetic Aperture Radar
localization is demonstrated using a real-time RFID an GPS measurement setup. Localization
under snow and vegetation cover yields an accuracy below 10 cm, whereas free-space localiza-
tion provides a centimeter accuracy. The Markov-Chain Monte Carlo statistical optimization
method is exploited in order to characterize the localization results, with several advantages
compared to classical methods. The signal processing concepts and the radio-frequency chal-
lenges show similarities with GPS processing. The advances of this work open new perspectives

of low-cost applications in monitoring and auscultating landslide hazards.
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Chapter 1

Introduction

1.1 Landslides : a general presentation

Landslides, risk and environmental change

Landslides have been a growing concern for society in the last three decades [Wu et al., 2015]. In the
context of global warming [Portner et al., 2022], developing urbanization and deforestation [Cui et al.,
2019], the impact of landslides on human societies is constantly increasing [Gariano and Guzzetti, 2016,
Haque et al., 2019]. Landslide hazard is sensitive to both human activity and climate change, especially
in mountainous regions [Huggel et al., 2012]. The Alpine region already suffers from accelerated
temperature increase, strong seasonal shifts, higher extremes in temperature and precipitation, as well
as a strong decrease of snow cover [Gobiet et al., 2014]. These changes are expected to intensify
with time [Beniston et al., 2018]. Consequently, it is expected that natural hazards will affect more
populated and less prepared regions in the coming years [Calvello et al., 2016, Schneiderbauer et al.,
2021].

In the last decade, more than 40 fatal landslides per year and 4000 death casualties were reported
worldwide [Froude and Petley, 2018], as shown in Figure 1.1. For Europe specifically, more than 10
fatal landslides per year with tens of death casualties were reported [Haque et al., 2016].

The various drivers impacting landslide activity worldwide do not indicate a clear and simple trend, i.e.

climate change does not simply increase the number of landslides. Nonetheless, the uncertain climate
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FIGURE 1.1 From [Froude and Petley, 2018] : Global non-seismically triggered fatal landslide
occurrence between 2004 and 2016.

impact on ground stability and its coupling with human-induced factors make landslides a pressing issue
in terms of research, monitoring, early warning, susceptibility mapping and risk management [Gariano
and Guzzetti, 2016, Dai et al., 2002].

Throughout this manuscript, a selection of images referring to landslides and their effect will be shown,

in order to provide a visual experience of the objects at stake.

General informations on landslides

The term landslide encompasses a variety of complex geomorphological phenomena, from instantaneous
mudflows to year-long slow creeping. It can be broadly defined as the downward and outward movement
of slope-forming material [Causes, 2001]. A wide variety of deformation mechanisms exist, as initially
classified by [Varnes, 1978] and refined by [Hungr et al., 2014]. The majority of landslides are triggered
by external causes, either natural or linked to human activity, although this distinction becomes quite
blurry in the context of major human-caused climate disruption. The main landslide triggers are
rainfall [Segoni et al., 2018], be it sudden or accumulated, and earthquakes [Havenith et al., 2003].
Concerning rainfall, the soil water intake acts on unstable blocks through diverse mechanisms, such

as increasing block buoyancy, downward hydraulic pushing, fluidization of material, loss of suction

16



forces, and external or internal erosion. The main human triggers usually correspond to a change
in soil material properties : deforestation removes tree root uptake and evapotranspiration, water
management and construction can load or drain the ground, mining and quarrying or road construction
can weaken the slope.

As landslide velocities and volumes can vary by multiple orders of magnitude, the range of their
impacts vary as well [Turner, 2018]. Large human fatalities are usually due to very fast or extremely
fast landslides, whereas buildings on very slow-moving landslides can remain in use for decades. Apart
from the damage directly attributed to the landslide, indirect losses are also a major contribution :
these include notably travel detours, disruption of the local economy, and environmental impacts. In
2015, the Chambon landslide triggered in a steep valley with a major road link [Dubois et al., 2016],
connecting the village of La Grave to Grenoble (Isere, French Alps). For about a year, the village was
isolated from the other part of the valley. As the local economy mostly relied on tourism, and the
other access routes depended on the accessibility of the Lautaret mountain pass, this landslide deeply

disrupted the local communities, even though no loss of life occured.

Slow-moving clayey Landslides

Clayey landslides tend to exhibit a complex behavior, generally advancing at a relatively slow rate
(m/year) with sudden dramatic acceleration (m/day) with complex triggering mechanisms [Fiolleau
et al., 2021, Lacroix et al., 2020]. The role of water in this context is often dominant, notably through
the water table level, the instantaneous and accumulated precipitation, and the water infiltration
properties of the ground. The exceptional sensitivity of clay to water content also plays a major
role in the long-term degradation of the landslide cohesion : the shrink-swell seasonal cycles tend to
both create dense fissure networks that strongly impact water infiltration, and propagate cracks that
weaken the material. As shown by [Schulz et al., 2018], clay swelling can also increase the resistance to
movement by applying pressure along the landslide’s lateral boundaries. At present the water-induced
landslide complex phenomena are still under investigation.

A simple model explaining mechanical failure in landslides was provided by the Coulomb-Terzaghi
criterion [Terzaghi, 1950], linking resistance to shear failure, material cohesive sress and pore-water
pressure. An increase of pore-water pressure, induced by the presence of water (from water table

or precipitation), would lead to a decreased effective stress, lowering the frictional resistance of the
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FIGURE 1.2 (Left) Aerial view of the Slumgullion landslide (Colorado, USA) and the identified
kinematic elements. (Right) Average speed for every kinematic element for two different time
periods, in 1985-1990 and 2012. Modified from [Schulz et al., 2012].

material and triggering movement. While this behavior is generally verified, several other factors
constrain the triggering of landslide movements, such as hydro-geological characteristics [Matsuura
et al., 2008], weathering, dynamic loading or past sliding history. More obvious triggers exist such as
seismic activity, river incision, or human impact.

The high sensitivity to water is partly explained by the clays’ microstructure : the clay particles
naturally organize in heterogeneous and fragile structures [Gylland et al., 2013], with a stability partly
dependent on the water pore pressure [Bogaard et al., 2007]. This delicate microstructure is very
sensitive to the hydro-mechanical environment, and quickly collapses under constraint [Schébitz et al.,
2018]. Depending on the conditions, the clay particles organize in different ways, that translate in
different rheological properties. In sensitive or ”quick” clays, the soil can change from firm ground to
an almost liquid mass when set in movement. [Carriére et al., 2018] studied the geophysical parameters
of clay samples (notably from Harmaliere) at the solid-fluid transition. Under high shear stress and
water content, the seismic shear wave velocity Vi (linked to the materials bulk modulus and rigidity)
shows a strong decrease, associated to sample fluidiziation. This non-linear relationship between water
content and mechanical properties of clay, explains the unpredictable behavior of quick-clay landslides.

On a macroscopic scale, the dynamics of clayey landslides often show segments with coherent
movements. In [Schulz et al., 2012] various ”kinematic elements” were identified on the Slumgullion
landslide (Colorado, USA), each showing a specific behavior varying in time. As shown in Figure 1.2,
the velocity mapping of these elements provides precious insights on the landslides’ internal structure
and its evolution in time. Notably the differential velocities of kinematic elements informs on the long-

term tendencies of the landslide, and can illustrate inner mechanisms linked to the hydro-geological

18



environment.
The Harmaliere landslide (introduced below) also features a succession of segments with different
mechanisms [Fiolleau et al., 2020] : the upper part is a compound earthslide with velocities of about

1m/year, which evolves in the lower part into an earthflow and a mudflow [Bigvre et al., 2011].

Presentation of the Harmaliére landslide

Presentation extracted from [Charléty et al., 2022b] (Chapter 4). The present work mainly investi-
gates the Harmaliére landslide, a Southern France deep-seated clayey landslide. It is located in the
Trieves area about 50 km south of Grenoble in the western Prealps. Trieves appears as a sedimen-
tary plateau eroded by the Drac river; the plateau is formed by Quaternary varved clays and alluvial
material deposited in a glacially dammed lake during the Wiirm period [G., 1973]. Quaternary sedi-
ments also include silts, sometimes with a morainic cover, and rest on either interglacial Riss-Wiirm
period glaciofluvial materials (gravels and sands) or on the underlying Jurassic carbonate bedrock.
The thickness of the clay deposits can vary from 0 to a maximum of 200 m [Jongmans et al., 2009].
The landslide is southeast oriented, 400 m wide at the top, narrowing to 150 m at the toe. It de-
velops from an altitude of 735 m (above see level), down to the Monteynard Lake (480 m), over a
distance of about 1.5 km. It was abruptly activated in 1981 and has remained active ever since, with
new peaks of activity in 2016 and 2017. The slow moving landslide shows regressive behaviour, the
headscarp retreating at an average velocity of 1 m/year, with very strong variations from year-to-year
(including almost a decade of rest). The central body of the landslide is moving at velocities ranging
from cm/year to m/year, with possible dramatic acceleration phases (m/day). A variety of research
subjects are currently investigated in connection with it. In the recent years, [Fiolleau et al., 2019]
exploited UAV-LiDAR imagery to monitor surface deformation as well as to characterize the soil type
; multi-method investigation, notably seismic and hydrology was performed [Fiolleau et al., 2021] ;

and [Lacroix et al., 2018] used optical satellite data to detect precursory landslide motion.

As stated above, landslide behavior is dictated by a complex set of environmental parameters, such as
hydro-geological context, water intake, or the nature of the constituting clay material. Understanding
general and specific landslide behavior is an important matter when trying to mitigate their impact on

society. Next section will discuss various ways of landslide mitigation.
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exposure

FIGURE 1.3 The "risk triangle” : risk is quantified as as product of hazard, vulnerability and
exposure. From [Schneiderbauer and Ehrlich, 2004].

Landslide mitigation

Landslide mitigation describes any human activity aimed at reducing the negative impacts of landslides.
Landslides are often considered in a Quantitative Risk Assessment frame [Van Ryzin, 1980], which
calls for a definition of risk itself but also hazard, vulnerability and exposure. A hazard defines a
possible adverse event such as a landslide, exposure is the number of people (or buildings) in the
hazard area, and vulnerability is the degree of susceptibility of the actor exposed to that hazard.
The latter is related to the preparedness of the local communities, generally linked to the level of
poverty in the area [Schneiderbauer and Ehrlich, 2004]. By definition the risk of landslide takes place
in anthropized areas, where the hazardous event can cause harm to society. Risk is defined as the
product of hazard, vulnerability and exposure, in other words it is the probability of an adverse event
times the consequences if the event occurs (see Figure 1.3). [Lacasse et al., 2009] published a detailed
study of the diverse landslide mitigation techniques, ranging from political aspects of hazard zonation
to construction work for slope consolidation. Considering the ”risk triangle”, mitigation can target one

of the three pillars constituting risk, for example :

e reducing exposure : converting the areas at risk to a use which is less vulnerable. This includes

inhabitants relocation.
e reducing hazard : slope stabilization work to prevent dramatic slope failure.
e reducing vulnerability : reinforcing building structures, or setting up early warning systems.

As the risk associated to landslides is changing on account of climate and land use, there is a need

for permanent recognition of risk. Beyond risk communication and awareness, more pro-active mea-
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sures exist such as structural slope-stabilization, land-use planning and landslide early-warning systems
(LEWS). The latter can serve multiple purposes : risk assessment and management, regional warning,
or understanding the behavior of the monitored object. Depending on the objective, different types of
measurements will be of use in LEWS : direct displacement measurement is most adequate for estimat-
ing the instability in real-time, but indirect measurements such as pore pressure or precipitation level
can provide information on the inner mechanisms of the instability. In that regard, multi-method mon-
itoring is a comprehensive approach, taking advantage of all possible sources [Casagli et al., 2023, Fall

et al., 2006]. Next section will cover Landslide Early Warning Systems.

Landslide Early Warning Systems

In this section, the practical aspects that are covered originate from interviews with the Geolithe staff,
as well as a literature review.

Early warning approaches are non destructive methods, based on real-time measurement of quantities
correlated to landslide triggering. The most direct measurement is of course the surface displacement,
but many other parameters can be monitored in order to define critical thresholds for landslide activity.
Practically, the first and basic measurement installed on a monitored landslide are precipitation mea-
surements [Segoni et al., 2018], piezo-meters [V Ramesh and Vasudevan, 2012] and tilt-meters [Garcia
et al., 2010]. Indeed the hydro-geological context is crucial, and notably the relationship between
rainfall, water table level and soil destructuration [Fall et al., 2006].

Early Warning Systems can be considered locally, regarding a specific object such as a landslide
or an unstable rock column, but they can also span wider areas such as a valley or a region. The
scales, parameters and heuristics involved are not the same in either case. Typically, local LEWS
consist of more robust, mechanical or threshold-based alert systems, while regional systems are based
on more empirical, meteorological, geophysical and model-based systems [St&hli et al., 2015]. Moreover,
as stated by [Intrieri et al., 2012], early warning system are not only a sum of monitoring systems,
” [they] also involve other aspects such as the identification of risk scenarios, emergency plans, societal
considerations, [and] public awareness”. [Guzzetti et al., 2020] propose a critical review of landslide
early-warning fundamental assumptions, and concrete implementations notably at the regional-scale,
which consist of several in-situ sensors distributed over the land. They highlight the difficulty of

evaluating the performance of LEWS or comparing different systems. Finally they encourage the
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FORECASTING
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to instrumental error?
NO
WARNING | Issue an alarm or pre-alarm |

RESPONSE Emergency plans II

F1GURE 1.4 Generic flowchart describing the steps for implementing early warning systems.
Extracted from [Intrieri et al., 2012]

LEWS community to propose shared standards for design, implementation, and management of LEWS
systems. Conversely [Intrieri et al., 2012] describe the step-by-step implementation of a local EWS.
They emphasize that having a lot of sensors is not enough. Understanding the unstable object, pointing
the critical parameters to monitor, setting up a robust network and warning the local communities are
critical aspects which should not be neglected. They even note that working on the local population’s
risk awareness, is by far the most cost-effective means of reducing the risk. They propose a generic
flowchart of early-warning systems, which is reproduced in Figure 1.4.

In the past years, efforts have been deployed notably in the development of novel and innovative
landslide monitoring techniques. [Pecoraro et al., 2019] reviews local or in situ landslide early-warning
systems (Lo-LEWS) operational all around the world. The choice of the system is dictated by the
following parameters : covered landslide area, corresponding volume, and main landslide cause. The
observables are classified in three main groups : deformation (including displacement, velocity and
acoustic emission), groundwater (pore pressure, water table level) and trigger (rainfall, snowmelt).

In the last decade, seismic ambient noise interferometry has also been applied to landslide early
warning. This method relies on the reconstruction of the medium’s transfer function by cross-correlating
the noise measured passively from two sensors. Introduced by [Lobkis and Weaver, 2001] using ultra-
sonic waves, the method developed on a wide range of earth-sciences applications [Larose et al., 2015]

including landslide monitoring [Le Breton et al., 2021]. The apparent surface wave velocity varia-
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FIGURE 1.5 Classification of LEWS, depending on the sensing scheme. Modified from [Le Bre-
ton, 2019].

tion, also called dV/V, attracted much attention since it was identified as a precursor for landslide
failure [Mainsant et al., 2012] notably correlated to clay fluidization [Carriere et al., 2018]. Relative
seismic velocity is now used as a landslide monitoring tool, providing access to subsurface information,
and complementing the punctual measurements provided by tilt-meters.

As the current work focuses on displacement monitoring, deformation measuring devices will be
presented in more detail. A classification of displacement-monitoring devices is proposed in Figure 1.5.

Below is a non-exhaustive list of the main types, illustrated by Figure 1.6.

e Wire extensometer : used to measure the displacement between two objects, usually through a
coiled cable which displacement is monitored internally [Corominas et al., 2000]. This has the
advantage of providing absolute displacement between two points, on a year-long period of time.
On the other hand, the wire can be damaged or displaced by snow accumulation, hence biasing
the measurement. These sensors are fit for short-range monitoring (short cable), as long-range

cables pose practical issues.

e Tacheometer (or Total Station) : exploits line-of-sight optical measurements using a laser beam,
to triangulate reflectors and provide their position in a local frame. Nowadays most monitoring
stations are automatized, and provide millimeter precision [Dematteis et al., 2022]. The main
limitation of this method is the need for a free line-of-sight path between device and reflector,

and the risk of mixing targets together as they are not identified.

e GPS : provides absolute positioning using satellite communication, even in foggy or inaccessible
environments. The need for reducing the cost of such monitoring techniques has been emphasized
in recent works [Lacroix et al., 2020]. Even low-cost GPS solutions such as in [Benoit et al., 2015]

still cost a few k€ per point, with the need of individual power for every point. Moreover, GPS
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FIGURE 1.6 Illustration of the list of Landslide Early Warning Systems (non-exhaustive) :
(a) Global Positioning System (from [Gili et al., 2000]), (b) tacheometer (from [Wasmeier,
2003)), (c) wire extensometer (from [Corominas et al., 2000]), (d) ground-based remote sensing
monitoring a dam (from [Qiu et al., 2020]), and (e) airborne remote sensing device mounted on
an Unmanned Aerial Vehicle (from [Casagli et al., 2017]).

do not necessarily provide high accuracy in mountains or on densely vegetated slopes.

e Ground-based remote sensing : These in-situ methods provide both real-time and long-term
displacement monitoring, and allow for other measurements such as hydrological parameters and
precipitation [Chae et al., 2017]. Just like other radio-frequency techniques, its main downside

is the cost of the device.

e Airborne remote sensing : techniques such as Interferometric Synthetic Aperture Radar (InSAR)
are widely used for landslide detection and monitoring [Carla et al., 2019, Dini et al., 2020]. As
they rely on satellite availability, the sampling frequency is limited to several days, hence real-
time monitoring is impossible. Moreover, optical imagery does not work in the presence of clouds.
On the other hand, they allow for much wider area monitoring. On a more local scale, the use of
Unmanned Aerial Vehicles (UAV) is well adapted to characterization of active sites where in-situ

methods cannot be employed.

In order to improve reactivity and sensor complementarity, Landslide Early Warning Systems are
often included in Wireless Sensor Networks (WSN). Connected to a central station or server, these sen-

sor networks allow for centralized data monitoring, enabling coordination at a regional scale [Ramesh,
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2014]. On more local scales they provide dense information with numerous multi-measurement sta-
tions including inclinometers, soil moisture sensors [Jeong et al., 2019], rain gauges or seismic sen-
sors [Ramesh, 2009]. Although GPS and extensometers can belong to WSNs, the term usually depicts
more autonomous and local sensors [Dini et al., 2021]. WSNs are easily deployed in harsh environments
and provide real-time monitoring with minimum maintenance. These systems are often limited by the

battery lifetime of the active sensors, as well as a relatively high cost.

From a practical point of view, there are two main objectives for LEWS that do not imply the same

level of system robustness : forecasting the event, and securing the endangered stakes.

Diagnose, Forecast Understanding the object in order to predict failure conditions is part of the
early warning approach [Intrieri et al., 2012]. To that end both surface and volume measurements
are used to auscultate the landslide, as well as precipitation measurements. Typically, the cyclical
behaviour of the object is studied, in relation to weather (rainfall), soil rigidity (ambient noise), and
surface displacement (GPS). Photogrammetry or radar [Stumpf et al., 2015] offer wide area coverage
for surface displacement, and UAV is also a promising solution for frequent and low-cost auscultation.
Generally, the diagnosis and forecasting provides insights on the landslide mechanisms on a day-to-year

time scale.

Secure the stakes In order to safely secure and warn against a hazard, low-complexity and local
independent loops are necessary, with minute-to-second reaction time. Securing cannot rely on intri-
cate data processing methods nor on permanent network connection. Usually, simple methods with
clear threshold detection are employed : tilt-meter, extenso-meters, automatized tacheometry, or radar
interferometry [Carrel et al., |. Local micro-seismic monitoring is also possible, to detect rockfalls
and mudflows [Feng et al., 2021]. In real-time securing scenarios, the methods must be working in
all-weather, night and day. Hence optical methods cannot be used due to weather sensitivity, nor GPS

monitoring which does not provide real-time information.

Taking into consideration the above remarks, it must be added that the choice of the LEWS solu-
tion is heavily site-dependent [Pecoraro et al., 2019]. There is a great variety of hazards, in different

geometries and context : monitoring a hazard in the Reunion Island is very different from doing so in
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the French Alps.

In landslide displacement monitoring, the critical aspects that stand out are the cost and mainte-
nance of the monitoring devices, their sampling frequency and their ability to measure in all meteoro-
logical conditions. In this context, Radio-Frequency Identification (RFID) is foreseen as a promising
solution, notably by ISTerre and Géolithe. Indeed, RFID yields dense measurements both in space and
time, is weather-robust and available even in snowy or vegetated scenarios, with no need for line-of-
sight, and with year-long durability. Next section will introduce RFID, and its application to landslide

monitoring in more detail.
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1.2 RFID and landslide monitoring

Some material of this section is based on the author’s contribution to [Le Breton et al., 2022].

Radio Frequency Identification (RFID) is a wide-spread communication system, that enables to
detect and identify a target (or tag) via a radio-frequency communication link. It is commonly used
in logistics to identify goods in the supply chain [Tan and Sidhu, 2022] as a replacement of barcodes,
in the healthcare sector to track objects or people [Abugabah et al., 2020], and in the general Internet
of Things paradigm [Landaluce et al., 2020]. The Earth Science community has shown a growing
interest for RFID over the recent years, notably for pebble tracking, unstable boulder monitoring, or
soil moisture sensing [Le Breton et al., 2022]. This chapter will shortly cover a basic introduction to

RFID, then the specific case of tag tracking and localization will be presented.

RFID basics

Radio-Frequencies (RF) constitute a portion of the large electromagnetic spectrum. RF is classified
by the frequency of the electromagnetic wave, from 9 kHz to 3000 GHz. In this work, the concerned
bandwidth is close to 865 MHz (communication protocol EPC Gen2, 2015), which corresponds to the
domain of Ultra-High Frequencies (UHF). This frequency corresponds to a typical wavelength A of
34 cm, linked to light velocity c in air :

A=

Any electromagnetic wave is characterized by two coupled oscillating fields, the electric and magnetic
fields, described by the Maxwell equations [Fleisch, 2008]. When travelling through various media,
these two fields will interact with the surrounding material. The polarization of the material and the
resulting electromagnetic field will induce a retroactive modification of the wave propagation, depend-
ing on the dielectric permittivity and magnetic permeability of the medium [Fano, 2020]. In the case
of outdoor RFID where most propagation occurs through air, water and snow, the permittivity e is the
main concern. Conversely, the interaction between RF wave and metallic structures is at the core of
RFID communication. Indeed the design of RFID chips is mostly based on the geometry and material
of the metallic chip [Cho et al., 2005], which impacts the tags range, directionality and sensitivity to
surrounding material. Different categories exist amongst RFID, notably in the way they store their

identifier and the electromagnetic communication used to interrogate them. We will herein focus on
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FIGURE 1.7 Example of passive UHF-RFID chips. Extracted from [Ramakrishnan and Deav-
ours, 2006].

UHF backscattering microchip tags, although chipless tags exist, as well as tags relying on inductive
coupling rather than backscattering [Chawla and Ha, 2007]. The main advantage of the latter is the
ability to read tags at distances reaching tens of meters, which is necessary in a growing number of
applications [Griffin and Durgin, 2009]. Another major advantage is the capacity to distinguish the
response of individual tags amongst hundreds, thanks to anti-collision communication protocols [Klair
et al., 2010]. Two main categories of tags exist : active and passive RFID, depending on the power
sources of the tag. In active RFID, the battery-powered tag emits its own RF signal to an interrogator
(or reader antenna). Passive RFID will be covered in more details below. Figure 1.7 shows examples

of RFID chips in various shapes.

As any type of wave, RF waves can be reflected, refracted, diffracted, or absorbed and they suffer
from propagation loss. Along with Maxwell’s equations, this is at the basis of antenna theory [Huang,
2021]. The importance of these effects on RFID detection has been widely studied, notably by [Fletcher
et al., 2005] and [Nikitin and Rao, 2008]. Fletcher measured the UHF wave transmission and reflection
in the presence of a water layer, and concluded that reflection and interference play a much more im-
portant role than absorption in liquid materials. Nikitin covered major aspects concerning propagation
and antennas, in particular the path loss effect related to ground reflection interference (or multipath),

as well as specific considerations regarding passive battery-less RFID tags.
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FIGURE 1.8 Schematic of the communication process between an RFID reader and a passive
tag. From [Le Breton, 2019].

This work will focus on semi-passive RFID, based on battery-assisted backscatter communication : the
RF wave emitted by the reader powers up the tag, which will respond with its identification number and
potentially other sensor information, by modulating the back-scattered signal [Sorrells, 1998], with an
increased backscattered power thanks to the battery. This reader-tag ”handshake”, depicted in Figure
1.8, also yields information concerning signal propagation, notably the Received Signal Strength Indi-
cator (RSSI) and the Phase of Arrival (PoA) which are both of interest in the RFID-based monitoring
applications. RSSI provides information about the signal amplitude, which decreases with travelling
distance, but also in the presence of multipath interference or high-permittivity material. Phase is
mostly driven by reader-tag distance, although it remains sensitive to the environment [Le Breton
et al., 2017]. Due to its higher stability and overall better accuracy than RSSI, phase has been attract-
ing interest in the field of RFID localization for the past years. A more detailed introduction on RFID

phase localization, is presented in Chapter 4 [Charléty et al., 2022b].

RFID tag localization

Tags can be located in space, using their signal amplitude or the variations of phase delay. The
simplest method is to detect a tag and conclude that it is nearby, within the detection range of the
interrogator. The method has been used extensively to track the displacement of pebbles in rivers using
low-frequency tags with sub-metric detection range [Cassel et al., 2017]. Nevertheless this technique
has a spatial resolution that depends on the detection range, from several decimeters to meters. The

localization of tags at longer distances uses UHF tags [Miesen et al., 2011b], and exploits the received
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FIGURE 1.9 From [Nikitin et al., 2010]. Schematic view of the Phase Difference of Arrival
(PDoA) approach. Equation 1.2 expresses relationship between phase and radial distance.

signal strength (RSSI) or the phase of arrival (PoA). Signal-strength-based methods have been initially
introduced for tag localization [Griffin and Durgin, 2009,Ni et al., 2003], followed by phase-based meth-
ods which usually offer the best accuracy, reaching one centimeter or less [Scherhéufl et al., 2015, Zhou
and Griffin, 2012]. In practice the phase-based methods show the best potential for observing ground
displacements [Le Breton et al., 2019]. Backscattering communication used in passive RFID can easily
measure the phase difference arrival because the reader transmits and receives the same carrier wave,

compared to active RFID which uses two distinct RF front-ends on the tag and reader.

The phase of arrival in free space ¢ relates to the delay of propagation, and depends on the speed of
light in the air ¢, the distance between the tag and the reader r , the carrier frequency f, and an offset
¢o caused by the devices:

6= @H% (1.1)

In practice, the phase of arrival measured by the reader is ambiguous, wrapped within [0, 7] or
[0,27] rad [Miesen et al., 2013], reducing its intrinsic value as a single measurement. However, the
Phase Difference of Arrival d¢ measured between two different phase readings ¢, is exploitable for
relative localization [Nikitin et al., 2010]. It relates to the change in tag-reader radial distance or that

occurred between the two reading positions :
4
56 = 62— b1 = — L or (12)

Where §¢ represents the measured phases at different positions related to ér. Note that this equa-
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F1GURE 1.10 The RFID setup installed on the Harmaliere landslide, with four antennas and
about twenty tags. The tags (Confidex Survivor B) are placed by pairs on poles, fixed in the
ground.

tion holds only for phase shifts smaller than the readers measurement ambiguity (7/2 or 7). Simplest
usage of this approach estimate 1D distance or displacement between a tag and a station antenna
(see Fig. 1.9). Optionally it can locate the tag in 2D or 3D using multiple station antennas and
trilateration [Scherhiufl et al., 2015], as in the Harmaliére setup shown in Figure 1.10. The two main
phase-based localization schemes exploit either the variation of the phase in time which is a relative
localization technique, or the variation of phase with signal frequency which allows for absolute rang-
ing. The latter shows less accuracy and seems not suited to track slow displacements [Le Breton,

2019, Le Breton et al., 2023b].

Using arrays of tags allows for estimating the tilt of the array relatively to the station antenna (by
comparing the phase differences between tags). For reciprocity reasons, this approach also holds for
arrays of antenna facing fixed tags [Scherhéufl et al., 2015]. The approaches mentioned previously allow
for a centimeter-scale error for punctual measurements as well as month-long monitoring in outdoor

conditions [Charléty et al., 2023a].

One of the main limitations of RFID phase localization is the phase wrapping ambiguity and the
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FIGURE 1.11 From [Le Breton et al., 2022]. Schematic description of data collection in
geosciences. Blue squares represent an autonomous acquisition system, that stores data or
communicates it to a remote server. (e) and (f) represent typical RFID schemes that are used
in this work : a fixed reader system interrogating moving tags, or a mobile reader interrogating
fixed tags.

influence of multipathing [Faseth et al., 2011, DiGiampaolo and Martinelli, 2020, Ma et al., 2018]. A
way to reduce these effects is the Time of Flight method [Arnitz et al., 2010, Arthaber et al., 2015],
which avoids ambiguity as the full-time shift is measured. It can also reduce the influence of multi-
path when the time of first arrival is measured, and when a wide-band pulse is used. However such
methods often require custom devices that are not on the market nor standardized. Nonetheless, RFID
localization using standard commercial equipment has proven doable and is currently a flourishing re-
search topic, offering a centimetric to decimetric spatial resolution. [Ma et al., 2017] notably proposed
a breakthrough method for off-the-shelf narrow-band tag localization by emulating an ultra-wide band-
width, computing time-of-flight in order to identify the line-of-sight and distances, and finally using

multi-frequency phase measurements to localize tags with a centimeter accuracy.

To conclude, RFID localization is nowadays investigated in various fields of application and through
several approaches. It shows great capability and adaptability both in indoor and outdoor environ-
ments, with multiple ways to bypass the current limitations. Landslide surface displacement monitoring
has been demonstrated [Le Breton et al., 2019] with outdoor-conditions validation of phase measure-
ments [Le Breton et al., 2017]. It yielded a centimeter accuracy with 1D measurements in long-term
outdoor scenarios. From a LEWS point of view, we foresee RFID as a future securing method in

closed-loop warning system. As shown in Figure 1.11, RFID enlarges the spectrum of data collection
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FIGURE 1.12 From [Le Breton et al., 2022]. Description of the Synthetic Aperture Radar
approach with RFID. ¢; and ¢;.1 represent two successive phase measurements.

approaches in geoscience. Next section will shortly describe another RFID localization approach, based

on a moving antenna and fixed tags.

Synthetic Aperture Radar

The synthetic aperture radar (SAR) is another use of phase measurements, used typically for satellite
or ground-based radars. It relies on the combination of multiple measurements from different antenna
positions, to generate a virtually larger synthetic antenna. Interferometric Synthetic Aperture radar
(InSAR) is widely used in earth sciences and specifically landslide mapping and monitoring [Lacroix
et al., 2018], due to its high sensitivity to vertical displacement. The ability of Unmaned Aerial Ve-
hicle (UAV) to carry embedded measurement systems, allows for a broader implementation of SAR
approaches [Buffi et al., 2018]. Applied to RFID, SAR implies moving one or more reader antennas
along known trajectories [Bernardini et al., 2020b, Wu et al., 2019], often carried by a mobile robot or
UAV. The typical scenario illustrated in Figures 1.12 and 1.13, consists in flying the UAV equipped with
RFID reader, above the landslide where tags are deployed. After RFID-SAR measurement, inversion is
performed, i.e. the minimization of a cost function comparing real phase measurements and simulated
measurements computed from the antenna trajectory and a probable tag position [Buffi et al., 2018].
Optimization algorithms like particle swarms or Kalman filters are often used to decrease the compu-
tational cost of such calculations [Bernardini et al., 2020b, Gareis et al., 2020]. SAR localization has
proven to reach a centimeter-scale precision. However, the shape of the reader trajectory has a strong

impact on the localization accuracy, and has to be chosen carefully to locate the tag in all investigated
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FIGURE 1.13 [Illustrative image taken during an UAV-RFID acquisition on the Harmaliére
landslide. (A) drone equipped with RFID reader, (B) GPS-RTK rover station and (C) landslide
scarp.

dimensions [Bernardini et al., 2020a]. Consequently every measurement campaign requires reference
measurements, from Global Positionning Systems (GPS) for example (see Figure 1.13). More details

on SAR-RFID are provided in Chapter 6.

Next section is dedicated to connecting RFID tracking to GPS tracking methods. Indeed it has
appeared to the authors that, although RFID localization is a unique subject with specific stakes and

challenges, many similarities exist with GPS systems.

Optimal filtering and GPS

In the Internet of Things era, the profusion of smart-sensors is generating a vast quantity of informa-
tion. This "deluge of unclean sensor data” [Krishnamurthi et al., 2020] poses new challenges in terms
of processing, such as data denoising, outlier detection, missing data imputation and data aggregation.
Analysing big-data flows to produce meaning is now a challenge that relies heavily on machine-learning,
data fusion and signal processing tools to perform relevant decision-making and interpretation [Alam
et al.,, 2017]. This also applies to Earth Science data [Lunga and Dias, 2022] where the multitude
of remote sensing approaches and geophysical measurements [Zhang, 2010] allow for finer and finer
characterization of monitored objects [Hibert et al., 2012]. In the field of data fusion and processing,
Kalman filters occupy a key place as they combine general knowledge about the observed system and

various (noisy) sensor information [Crowley and Demazeau, 1993]. Kalman filters are hence widely
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used both in the field of RFID [Motroni et al., 2021] and landslide monitoring [Cai et al., 2022].

In regard to bayesian approaches for state estimation based on noisy measurements, RFID phase
processing shows similarities with GPS processing algorithms. Although RFID and real-time satellite
positioning have specificities related to hardware and scales of measurement, the present work has
shown remarkable similarities between both systems, in terms of data processing and challenges. Both
RFID positioning and GPS are based on phase measurement inversion [Langley et al., 2017], at least
partially, and the difficulties related to phase unwrapping are shared in the two domains. Notably,
Real-Time Kinematics (RTK) is particularly focused on carrier phase issues. In GPS-RTK position-
ing, the measurement scheme is directed towards estimating the number of wavelengths separating
the receiver and all the satellites in view. To that end, differential measurements are performed to
compare measurements from a base and a moving rover [Feng et al., 2008] (see Figure 1.13). When
this fixed-integer solution is found (number of wavelengths), the accuracy is at its highest, within the
wavelength ambiguity which is typically 20 cm. The value of the phase informs on the position of the
receiver inside this 20 cm window, up to sub-centimetric precision in ideal cases. Usually, this fixed
solution is not obtained instantaneously and a floating solution is provided : the number of wave-
lengths is not precisely estimated, and the precision is generally about 20 cm. In order to maintain a
fixed-solution even during displacement, GPS data can be coupled to inertial measurements through
fusion algorithms such as Kalman Filters. This approach allows to maintain a fixed-integer solution
even with high rover speeds and accelerations. Similar approaches have been used in RFID [Zhou and
Griffin, 2018], combining complementary ranging methods using data fusion. This composite ranging

allowed for sub-centimeter absolute localization, as well as a reduction of multipath impacts.

Although based on more developed and complex approaches, GPS data processing resembles RFID
phase processing by many aspects. The concept of GPS position dilution of precision [Banerjee et al.,
1997] related to system geometry is very translatable to RFID localization, as is developed in Chapter 4.
The use of reference points to enhance individual measurements is used in RFID as well [Jin et al.,
2006]. Phase ambiguity resolution is a crucial step in both methods, facing the critical issue of phase
decoherence. The related phenomena, such as multipath interference and shading, or phase jumps due

to high accelerations, encourage to use the GPS processing methods in RFID phase processing [Kos
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et al., 2010, Lazaro et al., 2009].

The UAV-RFID approach on its side [Parr et al., 2013], is even more comparable to satellite-based
ranging as the antenna is following a known trajectory. The knowledge of the moving antenna position
is used for predicting the next measured phase based on the knowledge of previous information. This
is applied notably in InSAR phase measurement, where the successive satellite orbital positions have
to be estimated with high precision in order to resolve centimeter-level phase ambiguities [Shirzaei and

Walter, 2011].

1.3 Structure of the manuscript

The above introductory Chapter was aimed at setting the scene of the present doctoral work. By
describing landslides and LEWS, we showed how RFID outdoor tracking can improve landslide hazard
monitoring. The principles of RFID were explained as well as the phase-based tracking methods used
for displacement monitoring. The potential for RFID tracking under UAV’s was shortly explained,
along with the connections between GPS systems and RFID localization. These two domains share
similar aspects of signal processing and optimal filtering, which are key elements in all the data-driven
methods showed herein.

Next chapters will describe my research work regarding RFID landslide monitoring. Signal pro-
cessing approaches are first presented in Chapter 2 and 3. Chapter 4 covers 2D landslide monitoring,
and Chapter 5 exploits RFID results for unraveling landslide kinematics. Finally, Chapter 6 describes

the SAR-RFID localization experiments.
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The Monteynard lake from the top of the Harmaliere landslide. Four seasons from left to right
and top to bottom : spring, summer, autumn and winter.

37



Chapter 2

RFID landslide monitoring :
long-term outdoor signal

processing and phase unwrapping

This chapter was published in IEEE Journal of Radio Frequency Identification (Volume: 7) [Charléty
et al., 2022a].

Authors : Arthur Charléty, Mathieu Le Breton, Laurent Baillet, Eric Larose.

2.1 Introduction

Radio-Frequency Identification (RFID) has recently drawn the attention of the Earth Sciences commu-
nity [Breton et al., 2021], notably for environment remote sensing at low cost. RFID tag localization has
been a growing research topic in the past years [Nikitin et al., 2010], with multiple localization meth-
ods [Scherhdufl et al., 2015, Rohmat Rose et al., 2020] and applications [Vojtech et al., 2015, Buffi et al.,
2014]. Apart from solely localization-based monitoring, RFID technology is foreseen as a promising way
to perform low-cost and spatially diverse environmental sensing. Notably in outdoors scenarios, long-

term RFID monitoring (months to years) in complex environments that generate high measurement

38



noise, is a current and growing research field. In diverse application domains such as infrastructure
monitoring [Strangfeld et al., 2019], agricultural monitoring [Deng et al., 2020, Rayhana et al., 2021],
social insects behavior monitoring [Nunes-Silva et al., 2019], ice formation [Wagih and Shi, 2021] or
snow depth monitoring [Le Breton et al., 2023b], and of course earth surface processes monitoring [Bre-
ton et al., 2021], robust and synthetic RFID information is needed to ensure optimal data continuity
and exploitation. Although not focused on displacement monitoring, these applications would clearly

benefit from a data availability increase.

In most scientific works regarding RFID localization, the presented datasets show smooth and
correctly-sampled measurements that correspond to laboratory-controled experiments [Tzitzis et al.,
2019, DiGiampaolo and Martinelli, 2020, Tzitzis et al., 2021, Chatzistefanou et al., 2021, Yang et al.,
2021, Li et al., 2009, Zeng et al., 2019, Peng et al., 2021, Tripicchio et al., 2022]. In real-life scenar-
ios such as retail environments [Nikitin et al., 2010] or outdoor landslide monitoring [Charléty et al.,
2022b, Breton et al., 2021], the acquired data is inevitably noisier and intermittent. At the same time,
RFID generally yields abundant and redundant data that can enhance the data from each tag [Qiu
et al., 2017, Zhang et al., 2017]. In many cases the objects are monitored by multiple tags, multiple
antennas or through multiple carrier frequencies, with the objective of forming tag arrays or yielding
more robust data. Moreover as the size of the instrumented sites grow, the overall number of tags
also increase, with a growing need for synthesizing redundant data and making it more exploitable.
This data redundancy poses new data processing challenges regarding the reliability of RFID-phase
information, especially with regards to phase ambiguity and unwrapping which are crucial elements

when recovering tag displacements.

With the combined perspectives of long-term RFID measurements and of data redundancy exploita-
tion, RFID landslide monitoring experiments represent unique candidates for providing long-term, real-
life noisy and redundant signals. This method has already proven its centimeter-scale accuracy through
multiple works [Le Breton et al., 2019, Charléty et al., 2022b]. The feedback offered by the past years
of monitoring is of great use for understanding real-application scenarios, especially concerning the

process of phase unwrapping.
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Several techniques already exist for landslide displacement monitoring, such as optical approaches
[Jaboyedoff et al., 2012], radar interferometry [Monserrat et al., 2014] or GPS [Gili et al., 2000]. De-
spite their simplicity, optical methods are sensitive to obstruction by obstacles, fog or heavy rain.
Radiofrequency methods are much less sensitive to these obstacles, but they require more complex and
expensive systems, and usually rely on active sensors. Compared to these classical methods, RFID
monitoring offers a lower-cost alternative in terms of installation and maintenance, because the tags
are passive. Additionally, RFID provides dense measurements both in space and time with easy reflec-
tor identification, that are little sensitive to obstruction (vegetation, snow cover, fog). This is a great

advantage in an all-season long-term monitoring approach.

Among various RFID localization schemes, phase-based methods have shown the best accuracy in
outdoor scenarios [Le Breton et al., 2017], with centimeter precision. In particular we will use the Time-
Domain Phase-Difference (TD-PD) method [Nikitin et al., 2010] for its robustness and high precision.
The unwrapping process is a central subject in the phase-based RFID localization literature [Tzitzis
et al., 2019, Wu et al., 2019]. It is the main step that allows phase data to be interpreted in terms
of displacements. The main difficulty that unwrapping poses is that of phase ambiguity, which has
been thoroughly investigated in the past years [Sarkka et al., 2011a, Scherhdufl et al., 2014]. Recently,
several works have focused on exploiting implicit information or bayesian filters in order to improve
phase unwrapping even in noisy and multipath-rich environments [Giannelos et al., 2021, Hoffman and
Bester, 2020, Tao et al., 2020, Li et al., 2021]. But the challenge of data availability and quality in
itself is seldom tackled, being a more applied challenge with a strong dependency on the context. It
is nonetheless of utmost importance, as in our experience the main causes of unwrapping errors are
data gaps and data noise : an absence of data during a rapid tag displacement will very likely gen-

erate unwrapping errors, and a very noisy signal will have high chances of being incorrectly unwrapped.

In this paper, which is an extended version of [Charléty et al., 2022a], we propose to discuss
the recent advances in RFID-phase monitoring as applied to soil surface displacement monitoring
using RFID, with data and experience from the past years on several instrumented landslides. We
present new algorithms and data processing methods aimed at solving issues concerning RFID data

availability and quality. We also propose a discussion on the various ways RFID phase unwrapping
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can be performed in a diversity of contexts, especially when handling real-life noisy and partial phase
data. After presenting the RFID tracking method as applied on different monitored landslides (2.2), we
discuss the different data availability challenges that the method poses as well as the software solutions
implemented in order to overcome those challenges (2.3). The signal processing methods used to obtain
robust synthetic measurements are presented, using data fusion and processing algorithms (2.4). At
every processing step, a short literature review of similar methods is proposed. Most of the presented
approaches exploit the high redundancy of RFID data, allowed by the important number of tags that
are deployed and by the multiple channels through which the tags are read. The concept of a guide
for unwrapping phase data is presented. To our knowledge, this work is the first attempt at applying
the concept of an unwrapping guide to RFID data. The data availability improvements obtained for
phase data, are quantified and discussed for all instrumented sites (2.5). These methods, here applied
to outdoor long-term monitoring, can be of great use in the implementation of long-term monitoring

scenarios in challenging environments.

2.2 Equipment and localization method

RFID Instrumentation

This study will discuss the RFID data from 4 landslides, that all share the same measurement scheme.
Several RFID tags (Confidex Survivor) are continuously read by an acquisition system consisting of an
interrogator (Impinj SR420 or equivalent) and at least two reader antennas. A micro-computer and a
modem ensure continuous data acquisition and transfer.

The measurement rate depends on the site and the available power : autonomous stations relying
on solar/wind energy use a lower acquisition frequency than power-grid-connected stations. On average
the available data gives a minimum of 100 phase readings per day and per tag. Both the Phase of
Arrival (PoA) and the Received Signal Strength (RSSI) are measured, in order to estimate the quality
of the received phase signal. All measurements are performed at four different carrier frequencies :

865.7, 866.9, 866.9 and 867.5 MHz in Europe (ETSI EN 302 208).
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Bidart (FR) Pont-Bourquin (CH)

Harmaliére (FR)

F1GURE 2.1 Map of the RFID-instrumented sites across France and Switzerland, represented
as red dots.

Monitored sites

The four instrumented sites are located across France and Switzerland (see Fig. 2.1). All sites grossly
correspond to the typical setup presented in Figure 2.2, with a group of tags facing the antennas,
placed by pairs on fiber glass or metal stakes at an elevation of approximately 1m above ground. For
generalization purposes, these stakes can be simply considered as tagged objects. The reader antennas
are positioned on stable ground close to the landslide, usually at a higher altitude than the tags. The
tagged objects are placed on (slowly) moving ground. The maximum read range for the system is
about 50-60 m.

The main objective of our approach is to monitor each tagged object (metallic stake equipped of
two tags) individually through time. In reality, a landslide usually consists of one or multiple blocks.
Tagged objects on the same block behave the same way, and hence present coherent displacements.

In all the presented cases, the landslide general movement is known a priori and the antennas are
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FIGURE 2.2 Schematic principle of all RFID monitoring sites. (a) The principle of relative TD-
PD localization : the phase variation between two measurements is linked to the projected radial
distance variation (see Equation 2.1). (b) The tags are placed on the monitored objects (metallic
or fiberglass stakes) about 1m above ground, which can generate multipath interference between
the line of sight (grey) and reflected (blue) paths.

positioned optimally with regard to this movement. Except from I'Harmaliere (see below), the 1D

radial distance measured by each antenna roughly corresponds to the landslide movement.

e The Bidart landslide is located on the south-east coast of France. It has been under observation
by the Bureau de recherches géologiques et minieres (BRGM) and Geolithe, for more than 3
years. The RFID setup was installed in 2022 and consists of 2 reader antennas and about 30
tags. Reference measurements are frequently acquired using GPS and tacheometry. This coastal
landslide has shown strong activity since its recent instrumentation, with displacement rates up

to 5 meters per year.

e The Harmaliere landslide (Sinard, France) is located near Grenoble in the western Pre-Alps, and
is a slow moving landslide currently active and investigated by many research projects [Fiolleau
et al., 2021]. The RFID setup, installed in 2020 [Charléty et al., 2022b], consists of 4 reader
antennas and 32 tags spread in a 30 m by 30 m investigated zone. Tacheometry reference
measurements are frequently performed. The Harmaliere landslide RFID experiment was built
in a different way than the other RFID sites, with an open multi-antenna setup oriented towards

2D and 3D monitoring [Charléty et al., 2022b]. Although this installation was built

e The Pont-Bourquin landslide is located in the western Pre-Alps near Lausanne in Switzerland.
The setup installed in 2017 [Le Breton et al., 2019], consists of 2 reader antennas and 20 tags. An
extensometer located near the installation is used as a 1D-reference for surface displacement (see
2.4). This reference is notably unavailable during winter due to snow cover on the extensometer

wire. This site shows the longest monitoring time, with several data features to interpret : strong
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acceleration phases, snow creep, harsh weather conditions.

e The Valloire landslide is located in a steep valley (Beaujournal) above the city of Valloire (France).
In the case of exceptional rainfall events this landslide threatens to feed debris flow and endanger
the city. The site was instrumented in 2019, and features RFID as well as photogrammetry and
seismic monitoring instrumentation. The Valloire landslide has not shown measurable activity
since its RFID instrumentation.It has nonetheless been an important source of data to test and

improve the methods herein presented.

The sites presented above cover a wide variety of topographies, weather conditions and environ-

mental risk, highlighting the versatility of the presented technique.

Amongst other factors, data gaps are often related to the power supply failure of RFID stations.
Most stations need to be electrically autonomous due to their location, and this implies the use of in-situ
power sources such as wind turbines or solar panels. For such systems where energy is a scarce resource,
a compromise is necessary between measurement sampling frequency (which depletes the batteries) and
data continuity over time (which requires available battery power). As of now, the measurement scheme
has been adapted depending on the power source of each station : the autonomous station in Harmaliere
was set to a lower sampling frequency (2 minutes of measurement over 20 minutes : 10% duty cycle)
than the Pont-Bourquin station (100% duty cycle), which is connected to the Swiss power grid. On
an energy-saving setup such as ’'Harmaliere, the strategy could be further adapted by increasing the

sampling frequency when increasing displacements are detected.

RFID Relative localization scheme

A schematic of the TD-PD localization method is presented in Figure 2.2a. TD-PD is a relative ranging
technique based on a phase variation d¢ = ¢2 — ¢1 between two measurements of the same moving
point, at different points in time. J¢ is related to the radial distance variation dr = r2 — r1 between
the tag and the reader antenna, by the following equation:

c

5T=—m

09 (2.1)
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where f is the frequency of the electromagnetic wave (in Europe 865.7, 866.9, 866.9 or 867.5 MHz)
and c is the speed of light in the propagation medium. It is important to note that Eq.(2.1) is only
valid for displacements smaller than A\/4 ~ 8 cm between two phase measurements because of phase
ambiguity. This ambiguity which should ideally be A\/2, is further reduced due to the reader setup
used. In the present case the A/4 condition is generally fulfilled as the incremental displacements are
small compared to the wavelength (usually less than 1 cm between two successive acquisitions). In
the case where the phase is correctly unwrapped, Eq.(2.1) is valid for any unwrapped phase variation.

Phase unwrapping is a crucial step in recovering true tag displacement, as we will see below (2.4).

2.3 Challenges for RFID data availability

This section will present and discuss the main challenges encountered with the RFID-phase monitoring

technique, in terms of data availability, quality and processing.

Increase data availability with multiple antennas and tags

The availability of data at all times is crucial in the context of early warning systems, especially at the
start of a soil surface movement. The quality of the signal is usually worse during strong precipitation
events, when the risk of landslide activation is generally higher [Guzzetti et al., 2007]. Additionally, the
experience showed that RFID phase availability is heavily dependent on tag/antenna orientation and
multipath shading. In order to increase data availability and redundancy, most sites were equipped with
two tags per monitored object, at a short distance from one another (about 20-50 ¢cm). Additionally,
multiple antennas often read the same tag, providing more data redundancy. This alone can mitigate
several problems : the multipath-induced artifacts can be detected and compensated, and the data
availability is higher which can further increase the continuity of the displacement measurement (see
section 2.4).

In all the following sections, data availability does not refer to the sheer amount of acquired data.
Rather, it reflects the fact that at any point in time, there is an available data point for every monitored

object.
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Avoid unwrapping errors due to data gaps

Data continuity over long periods of time is a key challenge in order to correctly estimate tag displace-
ment. In the TD-PD relative localization scheme, the maximum readable displacement between two
measurements is limited to a few centimeters. When a data gap coincides with a rapid displacement
higher than the unwrapping ambiguity, this localization scheme alone does not allow true displacement
estimation. Such data gaps can be caused by various phenomena such as hardware failures, multipath
shading, or harsh environmental conditions.

The unwrapping ambiguity is geometrically dependent on the angle between tag displacement and
antenna-to-tag radial vector. In the Harmaliére landslide [Charléty et al., 2022b], a multi-antenna
setup is described with a localization approach taking advantage of the Angle-of-Arrival concepts [Az-
zouzi et al., 2011], although the distance between the antennas is much higher than the required
distance for an Angle-Of-Arrival solution. The system aperture is parallel to the tags displacements,
which increases the size of the acceptable ambiguity. In such setups, tags can be tracked even when
incremental displacements are higher than 8 cm. The downside of such methods is the higher sensitiv-
ity of the localization to a phase measurement error. In order to take advantage of both approaches

(Angle-of-Arrival and 1D phase unwrapping), new methods could be developed in the future.

The next section will describe the various data processing methods that were implemented in order
to improve the quality of the RFID data, with an objective of decreasing the number of unwrapping

errors and obtaining more synthetic results.

2.4 Data fusion and processing

The data continuity and availability issues are mitigated via a signal processing data-fusion approach,
notably by taking advantage of the information redundancy provided by a dense network of tags, as
well as the multi-frequency and multi-antenna measurements. All these processes will be illustrated by
following the data improvement of one specific tagged object (stake) monitored with two tags, in the
Pont-Bourquin landslide (see Figures 2.4 to 2.6). The overall data workflow is summarized in Figure
2.3, with simple schematics summarizing the various approaches. At every step of the process, a short

and specific literature review will allow to put the proposed method into perspective.
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FIGURE 2.3 (a) Schematic of the multi-frequency approach : every tag-antenna couple yields
four phase measurement series. (b) Schematic of the multi-tag and multi-antenna approaches.

(c) Flowchart for data fusion with all approaches : multi-frequency (MF), multi-antenna (MA),
multi-tag (MT) and guided unwrapping.
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Complex rolling window unwrapping

As explained above, phase unwrapping is a very important step in phase processing. Many approaches
have been presented in the recent literature to tackle different phase unwrapping situations.

In general, the unwrapping methods based on bayesian state-space models are fit for scenarios
where either the antennas or tags move along inertia-dominated paths : flying or sliding object, con-
veyor belt, unmaned-aerial vehicle equipped with a reader. [Sarkka et al., 2011a] resolves the phase
ambiguity using an Extended Kalman Filter in a multi-antenna, moving-tag scenario with an accuracy
of 0.02 m. [Giannelos et al., 2021] implements a particle filtering approach with a moving antenna to
resolve distance ambiguity, taking into account the potential multipath-rich environments. They reach
accuracies around the 0.2 m scale.

Other more deterministic unwrapping methods also exist, often considering the problem as an
optimization problem with the objective of linearizing it. Such methods are often sensitive to other
reference measurements, such as reference tags or known antenna/tag trajectory. [Tzitzis et al., 2019]
presents an unwrapping algorithm based on the segmentation of the signal in coherent measurement
sets. Each segment is first unwrapped with a simple algorithm, then the whole set is unwrapped by
minimizing a cost function based on the antenna positions. Predicted accuracy is below 0.1 m.

In order to overcome the errors on reference measurement or due to strong multipath interference,
machine learning has also been applied. Notably the tag/antenna displacement trajectories can be
taken into account in training the algorithms. For example, [Li et al., 2021] performs unwrapping
using a random forest algorithm and [Li et al., 2022] proposes a deep learning approach, reaching
accuracies between 0.5 m and 0.1 m.

In the present scenario, a noise-robust unwrapping algorithm is required, because of the highly
variable RFID data quality in an outdoor scenario. We implement an unwrapping algorithm based
on a complex smoothing approach. Let ¢ be the measured phase series (from 0 to 27) and z4 be the
corresponding complex angle series :

Zp = eid)

We decompose this complex series in a low-frequency smoothed zs component and a high-frequency 2
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component, in order to avoid discontinuities :
Zp = 2s + 2

zs is obtained by average smoothing over a variable time window, usually ten minutes. After this

separation, both components are reverted back to real angle values as ¢s and ¢.

¢s = Arg(zs) ¢ = Arg(Z)

We then unwrap the smoothed component ¢ using a classical unwrapping algorithm [PyU, ] to obtain

the smoothed unwrapped phase ¢Y, to which we add the noise to get the final unwrapped measurement

ok

Note that by construction the noisy component q~5 is considered smaller than 7 and does not need
unwrapping. This algorithm, although quite simple in its implementation, greatly reduces the influence
of data noise on the unwrapping process. Nonetheless it does not reduce the quantity of information, as
the high-frequency component is not lost in the process : the smoothing is simply used as a temporary

step to increase the unwrapping reliability.

Frequency-domain measurement averaging (MF)

In this section we describe a method for combining the RFID measurements at different frequencies,
in one synthetic phase measurement. This approach is compatible with frequency-hopping [Li et al.,
2009], and brings the same advantages in terms of mitigating multipath interference [Yang et al., 2021].
It would benefit even more from a larger frequency band than the ETSI band.

Let us first recall the relationship between phase, radial distance r and carrier frequency [Nikitin

et al., 2010], related to the Frequency-Difference Phase-Difference (FD-PD) ranging method :

r (2.2)

:Eﬁ

If we hypothesize that the total distance r presents negligible relative variations over the considered

time, we can convert all phase measurements to the same equivalent frequency. More precisely, that is
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FIGURE 2.4 Phase measurements at four different frequencies and the corresponding fused
measurement (black dots) for one tag on the Pont-Bourquin landslide. The initial sampling
frequency is one measurement per minute for every tag and antenna couple, but the presented
data was resampled for readability. The total displacement is about 60 cm. Each frequency
channel was offset to increase readability. The best mono-frequency series shows 26111 data
points, and the multi-frequency averaging series shows 49055 points.

when the displacement measured by the TD-PD method (Eq. 2.1) is small compared to the absolute

distance estimated via the FD-PD method (Eq. 2.2).
6TTD—PD << Trp-rp

This approximation is accurate in the case of slow moving landslides, where total radial distances
are generally higher than 10 m and their monthly variations on the 0.1 m scale. In this situation, the
phase difference A¢s between a phase series measured at frequency f, and an equivalent frequency feq

(usually set as 865.7 MHz) can be computed :

by =r(f ~ fe) (23)

Using Eq.(2.3) all phase series ¢y measured at various frequencies f, are superimposed by subtracting
the value A¢y. This subtraction yields nyf..q = 4 superimposed data series (illustrated in Fig.2.4) that

are fused in a frequency-synthetic complex phase series zar (MF stands for multi-frequency) :

1 "freq
RICYSINDS)

ZMF =
Nfreq f=1
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Computing the complex argument of zj/r provides a wrapped-phase synthetic measurement. The

final wrapped multi-frequency phase fusion ¢ r result is computed by :
dmr = Arg(zmr)

The fusion approach presented above exploits frequency diversity and allows to concatenate all available
frequency channels in one measurement, increasing the size of exploitable data by reducing the data
gaps, as shown in Figure 2.4. The method described is valid for other frequency channels, making it
usable with any UHF-RFID standard bandwidth. In fact any frequency channel can be used, provided
the computed A¢y is smaller than 7.

In the next section, we propose methods to further merge multi-channel data, using multi-tag and

multi-antenna data series.

Combining data across space : multiple tags (MT) and reader antennas
(MA)

Another common way of enhancing RFID data is to exploit the spatial diversity of reader antennas and
tags. Historically, a major step in tag localization was brought by the k-Nearest-Neighbors approach
using reference tags [Ni et al., 2003] and received signal strength measurements. A bayesian filter was
added [Xu et al., 2017] to increase the accuracy from 1 m to about 0.1 m. Using phase measurements,
[Siachalou et al., 2019] exploits the difference between tags in order to locate them among a grid of
already-localized tags. With a flying antenna without onboard accurate positioning they obtain a tag
localization accuracy around 0.2 m. [Li et al., 2019b] exploits the data from different tags in order to
perform tag-to-tag relative localization, and obtains a 0.3 m accuracy. Double-tag arrays are also used
by [Zeng et al., 2019] in order to solve phase ambiguity and improve localization accuracy up to about
0.2 m.

Antenna spatial diversity is usually exploited in order to perform 2D or 3D localization, with a gen-
erally better accuracy when performed in the plane [Tripicchio et al., 2022,Charléty et al., 2022b]. [Yang
et al., 2021] exploits the data from multiple antennas for phase or distance disambiguation, with a 2D
localization accuracy below 10 cm. Phase-based relative 2D localization was also performed using mul-

tiple antennas for landslide monitoring [Charléty et al., 2022b]. [Megalou et al., 2022] uses a trained
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FiGURE 2.5 Unwrapped data series from the two tags on the same object, and the fused
measurement (Pont-Bourquin landslide). The background colors highlight the fact that only
one tag is read. The steep phase variation (grey arrow) in February 2021 corresponds to snow
melt, generating a backwards displacement due to the bending elasticity of the fiber poles
holding the tags.

neural network to perform multi-antenna phase difference hyperbolic positioning, without any given
initial position, reaching an accuracy of 0.5 m. [Tripicchio et al., 2022] performs hyperbolic localization
based on multi-antenna measurements, in an indoors Synthetic Aperture Radar approach and with an
accuracy close to the centimeter scale. [Tzitzis et al., 2021] uses a multi-antenna Synthetic Aperture
approach with a Particle Swarm Optimization algorithm [Bernardini et al., 2020b], reaching a 3D lo-

calization accuracy below 0.2 m.

In the present scenario, we exploit both the multi-tag and multi-antenna approaches in order to
obtain better unwrapping results. When two antennas (reader or tag) are close together, the measured
phase variations are generally similar and can be superimposed after complex mean subtraction. We
thus consider that tags on the same object behave similarly, and that all antennas will measure the
same phase variation for each specific tag. Note that we do not aim to use the spatial diversity of tags
and antennas to localize objects in 2D or 3D space. Rather we intend to maximize 1D data continuity.
The 3D case was investigated elsewhere [Charléty et al., 2022b].

Figure 2.5 shows such correspondence for multi-tag fusion, with a difference between the super-
imposed phases (from tags on the same object) never exceeding 1 rad ; this difference is most likely
a combination of multipath interference and small position difference between the two tags. Fusing

several partial vectors in complex space, gives rise to an improved synthetic measurement ¢fyseq. After

52



the multi-frequency averaging operations are performed, the complex phase series from all tags on the
same object are fused by complex superposition and averaging. The fused phase is then unwrapped in
order to recover the estimated displacement. If we define the unwrapping algorithm by U (as described

UNW

in 2.4), the unwrapped phase ¢},  is obtained using the wrapped fused phase ¢fused :

d)?zgjed = U(¢fused)

This whole process tends to synthesize all available data from each tagged object, into one displacement
indicator. The next section will present various approaches to obtain further information by exploiting

the near environment.

Guided unwrapping

When individual data series are not dense enough to correctly unwrap the phase (such as in Figure
2.5), the unwrapping process can be guided using a reference. This reference can be an absolute
measurement or a synthetic fusion vector.

The concept a guide for phase unwrapping already exists in 2D interferometry, where unwrapping is
equally a crucial step prior to data analysis. For example, [Wang et al., 2011, Liu et al., 2019, Ajourlou
et al., 2019] use a quality-guide to unwrap 2D interferograms. This method comes down to using
high-quality unwrapped references to progressively unwrap the surroundings. The following methods
apply roughly the same concept to the RFID phase data.

This guiding approach is obviously based on the common motion of multiple tagged objects, which
is generally observed as the coherent landslide blocks are large. We use this coherence between different
displacements, to better unwrap each and every phase data series. Hence the use of grouped-fusion,

which is a loose generalization of the multi-tag approach.

Grouped fusion for individual unwrapping In the case of a data gap during a rapid dis-
placement, simply taking data from each object is usually not enough to correctly unwrap the phase.
In such situations, one possibility is to implement a fusion operation over a group of tagged objects
sharing the same behavior. All measured phases from the group are merged to produce a synthetic
guide containing more information than individual phase series. This guide can then help unwrap every

individual tag. Let ¢ be the phase series from tag ¢, then the reference group fusion ¢,y is computed
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FIGURE 2.6 Example of guided unwrapping process for one tag on the Pont-Bourquin land-
slide. (Top) Computation of a group-guide based on all phase data. The group is shown in
red, and each dotted color line represents a tagged object. (Middle) Guided unwrapping of the
single multi-tag data ("fused” in black, see Figure 2.5) using the group guide in red. The result
is in blue. (Bottom) Guided unwrapping using the extensometer data (in green) ; the dotted
blue line corresponds to the full blue line in the middle plot ; the final result is again in full
blue. The main unwrapping corrections are highlighted by a grey arrow.

from the rate of change (;Qt using a simple average operation :
. 1 & .
= — 2.4
¢Tef e t;}@ ( )

With n: the number of tags in a group, and gbmf the group fusion time derivative. Equation 2.4
essentially computes an average velocity of the group of tags. ¢,es is then obtained by time integration,
and presents more features than every individual phase series (see Figure 2.6). This reference is then
used as a guide to unwrap the individual series. Using the unwrapping algorithm U as discussed above,

guided unwrapping corresponds to the following operation :

¢g = U(¢m - ¢ref) + ¢ref (25)
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Where ¢, is the measured phase and ¢, the unwrapped phase guided by ¢,.y. The main idea
behind this operation is that if the measured phase presents an unwrapping error, it will be highlighted
and corrected by subtraction of the reference which supposedly shows a better phase continuity. Al-
though the unwrapping is not guided by a high-quality reference but rather by a synthetic group
reference, this methods yields coherent results even when the reference and the phase series do not fit

perfectly (see Figure 2.6).

Absolute reference measurement When at least one absolute reference measurement (tacheom-
etry, GPS or extensometer) is available on a field, it is used to help unwrap the whole dataset. This
was the case in the Pont-Bourquin landslide where absolute displacement data was available (although
scarce in time) via an extensometer. If the reference data is continuous in time, guided unwrapping can
be performed. If not, discrete corrections are performed either automatically or by manually correcting

the phase. This approach allows keeping track of long-term displacements, as shown in Figure 2.6.

Putting things together

All the previously mentioned approaches are integrated in a hierarchical data processing workflow
described in Figure 2.3. The four frequency channels are first fused together to obtain a synthetic
phase series for each tag-antenna couple. Next, the data from all antennas are fused for every tag,
in order to have one synthetic measurement for each tag. Then the tags from each object are fused
together, and the resulting series are unwrapped by complex unwrapping. Finally, on sites where it is

applicable, guided unwrapping is performed using an absolute reference, a group-fusion guide or both.

2.5 Results and discussion

In this section we present and discuss the results obtained after the phase processing. First we describe
the specific data quality and unwrapping improvements concerning one specific tag, then we present
and discuss the general improvements brought on all instrumented landslides. Finally we come back

to the other monitoring challenges on landslides, and the implemented solutions.
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Processing step | Pont-Bourquin | Valloire | Harmaliere | Bidart
MF (%) 13 (26) 23 (48) 2 (10) 2 (13)
MA (%) 4 (19) 2 (30) 3 (18) 3 (31)
MT (%) 15 (58) 2 (22) 2 (18) -
ALL (%) 38 (129) 28 (64) 3 (50) 5 (37)

TABLE 2.1 Overall available data size improvement for each processing layer compared to
the previous one, for the four RFID-instrumented sites. The increase is given in percentage
of average data availability increase, with the maximum value in parenthesis. Pont-Bourquin
landslide : 5-year monitoring period and 20 tags. Valloire landslide : 1-year period and 15 tags
(MT and MA are cumulated because of their low value). Harmaliére : 2-year period and 15
tags. Bidart : 10-month period and 40 tags (no multi-tag available).

Data availability improvement and unwrapping for one tag

Figure 2.4 presents each frequency channel for one tag, and the corresponding MF phase series during
a 5-month period. Over this small time period, the MF fusion yields an available and continuous data
size 80% larger than the mono-frequency phase series : the best individual series shows 26111 data
points, and the MF fusion shows 49055.

The unwrapped multi-tag (MT) fusion results are shown in Figure 2.5 for the same tagged object, with
several corrected unwrapping errors compared to the two individual data series. The noisy variations
occurring around March 2021 correspond to snow melt before the metallic stakes were installed, and
an unwrapping error (June 2020) remains in the final data. We note that the partially-observed dis-
placement originating from snow creep (February-March 2021), generates unwrapping errors : the total
displacement after winter is lower than before winter. This issue is partially solved by using the group-
guide on all tags from the Pont-Bourquin landslide : on Figure 2.6, we see that the whole winter period
is covered by the guide, and yields a more coherent displacement after snow creep. Furthermore, the

extensometer reference measurements allow for long-term phase correction, notably after September

2020 where displacements occurred but where not measured.

General improvement on all sites

Table 2.1 shows the general data availability improvement of the fusion approach on all 4 sites. Each

layer increases the exploitable data by the given percentage. We can note that for Valloire and Pont-
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Unwrapping errors | Before | After
Bidart Group 1 11 3
Bidart Group 2 7 3

TABLE 2.2 Number of cumulative detected unwrapping errors with and without applying the
grouped fusion, for two different groups of tags in the Bidart landslide.

Bourquin, the multi-frequency (MF) fusion brings a high data availability increase above 10%. Com-
paratively the multi-antenna (MA) fusion does not bring a significant improvement on average, with
some individual exceptions especially on Valloire (+30%) and in Bidart (+31%).

In total the three processing layers (ALL) increase the data availability by 3 to 38% depending on the

site, with peaks for specific objects reaching more than 50% data availability increase.

As seen in Figure 2.6, the use of a synthetic guide allows a better signal reconstruction by reducing
the number of unwrapping errors. In the Bidart landslide, the data was split in two distinct groups of
tags with coherent behaviour, in order to unwrap the data using a group-guide. The improvements ob-
tained by this method are quantified in Table 2.2, compared to the previous processing which consisted
of individual mono-frequency series unwrapping. This shows a strong reduction of detected cumula-
tive unwrapping errors. These errors are computed based on reference measurements over a 2 months

period with displacements of about 1m, from March to May 2022.

Figure 2.7 compares the data availability improvement to the normalized read rate for each and
every tag. The normalized read rate is computed by comparing the number of measurements to the
ideal number (with no data gap) expected on the measurement period. As could be expected, we note
that the processing is least beneficial to the tagged objects with the best read rates ; on the contrary,

the data availability increase is much higher for tags with low read rates.

Discussion

Figure 2.7 shows that the main benefits of the fusion approach arise in the scenario of a difficult tag
reading, e.g. when multipath interference is strong or when the signal strength is poor. In most cases

this occurs on tag that are either at a great distance from the antenna, or when the read angle is high.
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FIGURE 2.7 Data availability increase in percentage after applying the MF/MA /MT process-
ing, as a function of the normalized read rate for every site.

Nb of frequencies used 2 3 4
Data availability increase (%) | 8 11 13

TABLE 2.3 Cumulative data availability increase brought by the MF processing on Pont-
Bourquin, depending on the number of frequency channels taken into account.

The increase in data robustness is clearly highlighted in such situations. We also note that several tags
with the lowest read rates (close to 0.1) do not benefit as much from the processing.

We now turn to a more specific discussion on the processing steps, based on the results from Ta-
ble 2.1.

The MF fusion is the main contribution to data availability increase. Table 2.3 shows the cumula-
tive improvement brought by each new frequency channel, on the Pont-Bourquin site. This highlights
that frequency diversity is a major aspect, and that even broader frequency windows would further
improve the data availability. The MF fusion approach yields much better results on Pont-Bourquin
and Valloire than on the two other sites. This is most likely due to the environmental conditions on
these two sites : a higher altitude with stronger presence of snow. The corresponding multipath effects
and signal strength diminution, although not critical in general, can worsen the data quality in already

deteriorated situations. In such scenarios, the multi-frequency approach proves to be valuable.

The relatively low increase from the MA processing on all sites, is most likely due to the nature of
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the general measurement setup : antennas are the same model and often rather close together. Hence

the situations where one antenna reads a tag and not the others are rare.

We note that the multi-tag (MT) fusion brings a highly variable improvement. This can be ex-
plained by the height difference between tags on an object : the objects shaded by multipath inter-
ference or micro-topography will greatly benefit from MT fusion, whereas those that are in a better
radio-frequency environment will not. Also, in cases where the lowest of the two tags is poorly read,
the MT fusion will not bring significant improvements either, because most of the data comes from the

topmost tag.

Moreover, Table 2.1 shows that the data from I’Harmaliere and Bidart benefit much less from the
processing, than the two other sites. This is most likely because both setups were already optimized
to obtain the highest reading availability : relatively short distances between antenna and tags, more
overall measurements thanks to higher number of antennas, as well as tag and antenna orientation

optimization.

Measurement quality and trueness is also sensitive to multipath interference, which is a general
challenge in RFID localization [DiGiampaolo and Martinelli, 2020]. Multipath is related to terrain
topography, system geometry, but also to soil humidity and snow cover. As studied in [Charléty et al.,
2022b] multipath generates both a measurement bias, a higher random error and a potential data
loss due to the weak signal. The measurement errors amount to a centimeter-scale localization error
in the horizontal plane. As of now, the presented data processing scheme can mitigate some of these
effects : the multi-frequency approach takes advantage of the different multipath behavior with varying
frequency, and the multi-tag and multi-antenna approaches yield a more multipath-robust measurement
thanks to spatial diversity.

Environmental conditions can also have a strong influence on RFID-phase measurements. Phase
random fluctuations can imply centimeter value errors in localization, as studied in [Le Breton et al.,
2017]. This study confirms the need for using appropriate hardware for outdoor phase-stable RFID
measurements. The main limitation to a spatial up-scaling of the method is the tag reading range.

The current method cannot read the Survivor RFID tags past a 60 m maximum distance, which limits
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FiGURE 2.8 Final results from the last two years of RFID data on the Pont-Bourquin site.
Each colored line represents the displacement of a tagged object, after all processing (MF, MA
then MT) and after guided unwrapping with the group-guide and extensometer data (black
line). An offset was added to every data series to increase readability.

the size of the monitored field. The reader antennas directivity can also limit the angular range, both
horizontally and vertically.

In order to increase the size of the monitored areas, long-range tags were installed along with a more
sensitive reader (Impinj R700). For even wider areas, new methods are developped based on Unmaned

Aerial Vehicle (UAV), as described in [Breton et al., 2021, Buffi et al., 2018].

Figure 2.8 illustrates a portion of the final results for the Pont-Bourquin landslide. Through this
figure we do not claim to present quantitative results concerning the localization accuracy of the RFID
monitoring approach. Ideally speaking, the validation of our approach would necessitate independent
reference measurement on the position of each tag, which is hardly feasible for technical and economical
reasons. Nevertheless we point out that this method has already proven its centimeter-scale accuracy
through multiple works [Le Breton et al., 2017, Le Breton et al., 2019, Charléty et al., 2022b], and that

the present paper mostly aims at enhancing phase data.
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2.6 Conclusion and perspectives

This paper proposes various data processing and fusion techniques, that take advantage of the RFID
data redundancy in order to increase data availability and quality. These approaches are based on multi-
source (frequency/antenna/tag) data fusion and on phase calibration using various references, with an
objective of both increasing the available data size and decreasing the number of phase unwrapping
errors. By applying such methods to RFID phase-based landslide monitoring, we show that these
processes are valuable in long-term outdoor and complex environments. The overall average data
availability improvement of the process was between 3% and 38% depending on the site, with several
monitored objects greatly benefiting from the processes (+50% data availability). Moreover, the process
yields more synthetic data which is therefore more exploitable.

Earth surface displacement monitoring with RFID has proven to be a viable solution, with four equipped
sites across France and Switzerland. The varying nature of outdoor RFID data quality, will bring us
to further develop data fusion approaches. In particular we foresee that applying bayesian filters to

such measurement systems is a promising path.
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Winter image of the Harmaliere RFID measurement station. In the foreground, the first meters
of damaged soil that constitue the landslide scarp.
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Chapter 3

Kalman Smoothing for better

RFID Landslide Monitoring

This chapter was published in the 31st Furopean Signal Processing Conference (EUSIPCO) [Charléty
et al., 2023b].

Authors : Arthur Charléty, Olivier Michel, Mathieu Le Breton.

Abstract

The use of Radio-Frequency Identification (RFID) in Earth Sciences has been growing in the recent
years, notably for landslide monitoring using phase-of-arrival localization schemes. In this article, an
Extended Kalman Filtering approach is presented to exploit RFID phase data for landslide displace-
ment monitoring. The filtering is based on a stochastic Langevin equation for the state-space model,
introducing a heuristic coupling based on the mechanical continuity of the landslide material. This
helps correct measurement biases and deal with missing data in the tracking of multiple tags. The
Kalman state covariance matrix is a useful indicator of the tags localization quality. It can be exploited
to discriminate true displacements from multipath-induced artifacts. Phase unwrapping is performed
implicitly through the state model. Preliminary clustering calculations suggest the existence of coherent

landslide blocks. This is a new way of studying the landslide activation kinematics.
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3.1 Introduction

The use of RFID in Earth Sciences has been growing in the recent years [Le Breton et al., 2022],
with notable applications in landslide monitoring [Le Breton et al., 2019]. RFID tags are low-cost and
versatile devices that can be easily deployed, and represent cheap and dense solutions for displacement
monitoring. This was already demonstrated in both 1D and 2D long-term monitoring [Charléty et al.,
2022b, Le Breton et al., 2017], with centimeter accuracy and weather robustness.

The counterpart of these advantages is the need to handle phase noise and ambiguity [Charléty et al.,
2023]. The high amount of data and its redundancy, both in space and time, implies a high number of
different sensors with inhomogeneous data sampling, variable noise levels and the risk of measurement
bias (caused by multi-path interference for example [Giannelos et al., 2021]). For such datasets, fusion
approaches based on Kalman Filters or Extended Kalman Filters (EKF) have been widely investigated
for the localization of moving tags [Henriques Abreu et al., 2014]. EKF enable to work with missing data
and variable measurement errors, which makes them particularly fit for redundant and noisy datasets.
Moreover, the continuity of displacements can be implemented in the EKF physical model to further
increase the robustness of the filter, like with RTK-GNSS localization [Gao et al., 2021]. Kalman-
based sensor coupling is vastly demonstrated for GNSS sensor fusion [Sirtkaya et al., 2013, Falco et al.,
2017]. Data fusion from multiple sensors is the main motivation for applying EKF to RFID tag
localization [Yang et al., 2019] [Magnago et al., 2019]. In [Sarkka et al., 2011a, Bekkali et al., 2007]
an EKF is used to fuse data from multiple antennas in order to perform indoor localization. In a
real-world scenario, [Hoffman and Bester, 2020] demonstrates RSSI and phase data fusion to improve
absolute ranging and relative displacement estimation.

EKF are also widely used in Earth Sciences, notably in landslide monitoring scenarios.They often
address data scarcity through sensor fusion [Cai et al., 2022, Tan et al., 2020], or to synthesise different
observables and models [Zhang et al., 2022, Lu and Zeng, 2020].

In general, combining RFID tags considerably enhances the precision of phase results, notably using
an average operator [Le Breton et al., 2023b]. In this work, we aim to improve RFID data combination
with a Kalman-based approach. We address data scarcity and varying accuracy by exploiting data
redundancy and physical heuristics in order to link multiple tags together. Namely, we implement the

continuity of position and velocity both in space and time at the observation scale (about 1-10 m). The
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main specificity of the proposed method lies in the coupling of multiple tags at different positions, based
on the concept of landslide kinematic element [Schulz et al., 2017]. The approach we propose yields an
improved and model-based phase unwrapping, as well as data completion and fusion. Furthermore it
provides an estimate of the quality of the localization estimation, which is of great importance from a
user point-of-view. This work is the first attempt at applying the EKF to improve long-term, outdoor

and slow-moving RFID monitoring.

3.2 Experimental Setup

The Harmaliere landslide (Sinard, France) is a slow moving landslide located near Grenoble in the
western Pre-Alps. It is investigated by many research projects [Fiolleau et al., 2021]. The RFID setup,
installed in 2020, consists of 4 reader antennas and 32 tags spread in a 30m by 30m investigated zone.
Tacheometry reference measurements are frequently performed. The experimental setup (see Fig. 3.1)
was described and validated elsewhere [Le Breton et al., 2017, Le Breton et al., 2019, Charléty et al.,
2022b], as well as signal processing methods for data availability improvement [Charléty et al., 2023],

and showed centimeter-accuracy in 2D over year-long monitoring.

3.3 Model and Kalman filter

Measurement setup A set of M antennas (4 in our setup) at respective positions xg', m € {1,..., M}
are spread at the border of the landslide area (see Fig.3.1A). The antenna of index m estimates a phase
propagation delay for each single tag at position x. This phase is:

D — dn f

m c dm+(boff7

m

where @, holds for the phase offset and dn, = ||x — xg'||. All phases are only observable modulo 7
(8 cm ambiguity) due to RFID reader constraints. A first order approximation with respect to the tag

displacement gives:

8dm = ulox + o(|0x]), B, ~ TLul ox (3.1)
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where u,, = is a unit norm vector. For this single tag and M antennas, we get:

=g |

up
5 = [6®1, ..., 500" = # 5x = Kox, (3.2)
U%f

Where K € R*M and d is the space dimension (3 in our case). The classical MSE estimation of the

tag position change, given a set of M phase measurements leads to solve the normal equation:

KK76x = Ké® .

Assuming that phase measurements errors are Gaussian distributed, this solution matches with the
maximum likelihood estimate. It provides an unbiased estimate of dx and with a variance equal to
(KKT)~!,

This approach exhibits two problems: first it requires that the antenna/tag geometry ensures
that KK” has full rank (as studied in [Charléty et al., 2022b]), and the variance depends on the
conditioning of this latter matrix. This builds the motivation for developing an alternative approach
relying on Kalman filtering. To that end, a state equation is required, usually directly related to the
displacement physical model.

In early-warning and monitoring applications, empirical or kinematic landslide models are often
used [Bernardie et al., 2015, Intrieri et al., 2019]. A simple and approximate model is derived below.
Physical model Let Z; be a state vector in R2dN, constructed from both positions P; and velocities V,
of a set of N tags at time ¢:

7 P 1T NT 1T NT\T
= =(x; ...Xp Vi ...vp ).

V,
We propose a model constructed from both the fundamental principle of dynamics in physics and
from an heuristics stating that close enough tags will have coupled trajectories. Consequently, we
assume that all movements are due to random forces or accelerations. Note that although gravity is
the major long-term driving force constraining downwards displacements, local landslide block activity

generates displacements in all directions (for example, block rotation generates upward movement).
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Thus velocities behave like Wiener-Levy processes, and the system will follow the following Langevin
equation [Arnold, 1973]:

Pt 0o C Pt ONd ONd
d = dt + , (3.3)

V. 0 0 V. VBlya dw
where 0 and C' are Nd x Nd matrices, Ong and 1n4 are constant (resp. 0 ad 1) vectors of dimension
Nd. wy; is the Nd dimensional Wiener Levy process with unit covariance matrix (assuming that all
driving forces are independent and have identical diffusion constants). C' is the velocity coupling
matrix whose expression will be discussed later. /B entails inertial mass and power of the driving
force. It represents the diffusion coefficient of the process. From Eq. (3.3) the Fokker-Planck ordinary
differential equation followed by the covariance matrix of Z; is derived and after integrating on the

interval [0,t], we get [Arnold, 1973, Jazwinski, 2008]:

2o

2

3
LocT

r.(1) = 8 (3.4)

%C T tlnaxwe
The above expression of I'.(t) is of major interest as it accounts for both the decrease of the model
reliability when the time t between two consecutive observations increases, and for the statistical
dependence of position an velocity estimates. This latter dependence is related to the fact that velocities
are not observed but derived from the position estimates.
Velocity coupling matriz: Arguing that tags near each other should have similar velocities (because they

belong to the same kinematic elements [Schulz et al., 2017]), the following structure for C' is proposed:

[Cli=(1-a) [C];= gge—? el N}, (3.5)
where A accounts for the characteristic distance above which tags are considered to have possibly
independent velocities, and 0]2- will be the tag j estimated velocity error variance. This allows to lower
the influence of tags whose velocity is badly estimated. Note that C' is time dependent (d;; and o; vary
with time). Forcing C to be the identity will lead to a solution where each tag position and velocity
may be tracked independently from each other.

State equation: All previous results and equations lead to the state equation (integral form of Eq. (3.3),
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between ¢ and t' > t):

I G
Ly = Zi + vy = AZy + vy (3.6)

0 I

where ;s is a 2Nd-dimensional white noise with correlation matrix I'; (¢ — t’) defined by Eq. (3.4).
Note that the larger the time elapsed between two observations (at ¢ and t’), the larger the covariance
matrix of the state noise 7.

Observation equation: 1t is derived from Eq. (3.2), to which some observation noise is added. The
measurement covariance matrix of the observation noise &, noted I's, depends upon the instrument
used to estimate d® (see [Le Breton et al., 2017, Charléty et al., 2023] for more details). Finally, by
assuming that dx, ~ (' — t)V, (this is satisfied if the velocities vary slowly on the interval [¢,t']), we

get:

0Py = ( 0 (t-tK, ) Zy + & = HeZy + &y (3.7)

Although this equation is linear at each step, it is important to notice that H; varies with ¢.
Remarks: In practice, forcing row and column of index k of I'g to take very large values at some time
instants where measurements from antenna k are missing allows the Kalman filter to rely only on the
state equation at these time instants; actually, it can be shown that the Kalman gain k-th component
will be thus forced to a near zero value. Nonetheless, the velocity coupling term C; will still force some
local ensemble movement. The problem of phase unwrapping disappears in the Kalman formulation

as the 'modulo 7’ term is determined by considering the forecast:
S®(t'|t) = HZy), -

This quantity is estimated at ¢’ from the system observed until time ¢ only. Setting both state and
noise covariance matrices is critical, as it deals with the precision/robustness tradeoff. Choosing 3 is
therefore critical. On the contrary, setting C' = I in ', has a lower importance in practice, and will be
adopted in order to simplify the Kalman filter implementation.

The terms o; and d;; are replaced in Eq. (3.5) by the estimated velocity error covariance for tag j
and by |X; — X;| respectively, estimated at time ¢. The derivation of the Kalman filter equation is then

classical and is not detailed is this short article.
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FIGURE 3.1 A : Aerial view of the landslide equipped with RFID monitoring. B : Example of
phase series, unwrapped by the Kalman filter or by a deterministic approach [Charléty et al.,
2023]. C: (Top) Displacement for two tags on the same support at different heights (highlighted
tag in A). The two tags were chosen among 32 to be those with the best quality of recorded
data. Left: a = 0 (no coupling between tag velocities). Right: a = 0.5 (equal contribution
of mutual velocities). The black dots represent reference measurement, with the corresponding
error bar. (Bottom) Trace of the Kalman covariance state matrix for each tag.

We have derived an Extended Kalman Filtering approach including sensor state coupling, and

accounting for position-velocity error correlation. Next section will comment on simple real-data results.

3.4 Results and discussion

Figure 3.1C presents displacement results from a pair of tags, with their a posteriori (after Kalman
filtering) error covariance estimation ; results for two different values of a (different C' matrices) are
compared. The grey bar represents a data gap caused by hardware failure. Two main phases of activity
stand out : March 2021 and January 2022, with peak velocities of 2 cm/day.

As expected, the covariance estimation shows a strong sensibility to missing data, with extremely
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high values that are not shown here. Except from these (useful) values which can be filtered out, the
variation of the covariance trace informs the user about the overall quality of the localization.

In the case where a = 0 (C' = I) it can be considered as a proxy for detecting interference phenomena
or defective material. The presented pair of tags should share approximately the same displacement,
as they are positioned on the same object. Nonetheless we see a drift of the lower tag occurring
from May to October 2021, with a temporary displacement difference of 20 cm between the two tags.
This drift, along with the strong increase in state covariance, is most likely a sign of radiofrequency
interference [Whitney et al., 2018]. This interpretation is confirmed by the received signal strength
indicator which strongly decreases during the same period. As shown in [Charléty et al., 2022b] for
the same setup, this phenomenon mostly impacts tags positioned closer to the ground. The state
covariance estimate is a tool for assessing the confidence of a result. In the present case, the apparent
displacement shown by the lowest tag around June 2021 can be discarded, it is identified as an artifact
due to the important state covariance increase.

In the case of a = 0.5 the drift between tags is diminished, as the model imposes a partially-shared
velocity. It can be shown that the choice of o > 0 implies a decrease in the a posteriori covariance,
and this theoretical result is validated by observation. However this higher precision is obtained at the
cost of a decreased robustness of the filter : it is less stable with respect to a departure between model
and reality. We also note that the drift of the lower tag is propagated to the upper tag, generating
a displacement artifact on both tags for the whole period of May to October 2021. Using a higher
number of tags as well as a different value for «a should be a way of solving this issue [Eom et al., 2011].

An example of model-based phase unwrapping is shown in Fig. 3.1B. The velocity propagation im-
plemented in the model allowed for a correct unwrapping compared to deterministic methods [Charléty
et al., 2023].

The coupling between tags relies on the concept of kinematic element, stating that landslide blocks
stand out with coherent displacements. In practice this assumption is often verified in the current
geomorphological environment [Schulz et al., 2017]. Nonetheless, the distance-based correlation does
not fully correspond to the landslide block situation : close tags could behave differently if they’'re on

a different block. Implementing a correlation function based on tag clusters could improve the results.
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3.5 Conclusion

Extended Kalman Filters applied to long-term outdoor RFID data allow to complete data gaps with
multi-tag guidance thanks to a position-velocity model, and to perform model-based phase unwrapping.
The Kalman state covariance matrix is a usefull indicator of the localization quality. It can be exploited

to discriminate true displacements from multipath-induced artifacts.
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Images depicting most hardware used throughout the present research work. (Left) GPS mobile

laying oh the main landslide scarp. (Top right) Tacheometer, fixed station, and flying UAV
(Bottom right) RFID tags on the field during an experiment.
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Chapter 4

2D Phase-Based RFID

Localization for On-Site

Landslide Monitoring

This chapter was published in MDPI Remote Sensing Volume 14, Issue 15 [Charléty et al., 2022b].

Authors : Arthur Charléty, Mathieu Le Breton, Eric Larose, Laurent Baillet.

Abstract

Passive radio-frequency identification (RFID) was recently used to monitor landslide displacement at
a high spatio-temporal resolution but only measured 1D displacement. This study demonstrates the
tracking of 2D displacements, using an array of antennas connected to an RFID interrogator. Ten tags
were deployed on a landslide for 12 months and 2D relative localization was performed using a phase-
of-arrival approach. A period of landslide activity was monitored through RFID and displacements
were confirmed by reference measurements. The tags showed displacements of up to 1.2 m over the
monitored period. The centimeter-scale accuracy of the technique was confirmed experimentally and

theoretically for horizontal localization by developing a measurement model that included antenna and
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tag positions, as well as multipath interference. This study confirms that 2D landslide displacement

tracking with RFID is feasible at relatively low instrumental and maintenance cost.

4.1 Introduction

Ground deformation monitoring with high resolution both in space and time remains a challenge
due to the high cost of existing solutions, and to environmental limitations, such as meteorological
phenomena, rough terrain or dense vegetation. Amongst several remote sensing methods [Scaioni et al.,
2014, Zhao and Lu, 2018], surface monitoring of large landslides can be typically performed through
interferometric synthetic aperture radar (InSAR), either by space-borne measurements [Colesanti and
Wasowski, 2006, Strozzi et al., 2005] or using ground-based stations [Wang et al., 2020b, Tarchi et al.,
2003, Monserrat et al., 2014, Helmstetter and Garambois, 2010, Aryal et al., 2012]. Despite the high
space resolution of these methods, the station cost remains high and the time resolution can be multiple
days in the case of satellite remote sensing. More localized techniques, such as GPS [Benoit et al.,
2015, Li et al., 2017, Segina et al., 2020, Dong et al., 2020] and radiofrequency-transponders [Intrieri
et al., 2018, Mucchi et al., 2018], show higher time resolution, but also require on-board power sources
which greatly increase initial cost and maintenance.

In this context, radio-frequency identification (RFID) has shown increasing potential for earth sci-
ence applications [Schneider et al., 2014, Breton et al., 2021]. Amongst other applications, it is foreseen
as a promising alternative for landslide and civil engineering structure deformation monitoring [Le Bre-
ton et al., 2019] due to its low cost relative to other solutions, and because it works under rain, snow
and vegetation cover conditions [Le Breton et al., 2017,Le Breton, 2019]. It can thus be used as a tool
for landslide early-warning [Intrieri et al., 2012], forecasting or long-term monitoring [Intrieri et al.,
2019]. A wide range of solutions exist for tag localization using RFID [Balaji et al., 2020, Miesen et al.,
2011a], with various possibilities both in measured quantity and in terms of the measuring scheme.

The quantities most used for localization are the received signal strength and the back-scattered
phase of arrival. Signal-strength-based methods have been widely used for tag localization [Ni et al.,
2003,Subedi et al., 2017, Rohmat Rose et al., 2020, Martinelli, 2015,Subedi et al., 2017,Shen et al., 2019].
However, phase-based methods have shown better precision and reliability in recent years [Scherhiufl

et al., 2015, Wang et al., 2016, Zhou and Griffin, 2012], primarily because they are less sensitive to
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environmental variations and because the phase of the signal varies more rapidly with distance than
the received signal strength.

Phase-based localization is divided into multiple schemes, which are extensively presented else-
where [Li et al., 2019a, Huiting et al., 2013, Pelka et al., 2014, Nikitin et al., 2010]. These schemes
generally rely on either multistatic stationary antennas and different carrier frequencies [Povalac and
Sebesta, 2011, Scherhdufl et al., 2014, Scherhdufl et al., 2015], or on a moving antenna with a known
trajectory (e.g., the synthetic aperture radar technique) [Buffi et al., 2017, Buffi et al., 2018, Motroni
et al., 2018, Bernardini et al., 2020b, Gareis et al., 2020]. This paper focuses on a monostatic multi-
antenna time-domain phase difference (TD-PD)-inspired scheme, as TD-PD has shown the best results
for measuring relative displacements outdoors [Le Breton et al., 2019], with a precision of about 1 ¢cm
over long time periods for 1D displacement tracking. To date, RFID systems deployed to monitor mov-
ing ground only provide one-dimensional distance information and are subject to phase unwrapping
issues that could be solved by using multiple antennas. In this article, we test the stationary config-
uration for 2D RFID tag localization using a set of four antennas in a TD-PD relative localization
approach, and also discuss 3D localization perspectives. To the best of our knowledge, this is the first
attempt at 2D-localization of RFID tags in an outdoor scenario, using a monostatic, monofrequency
multi-antenna setup.

In the following section, we present the instrumentation of the experimental site and the methodol-
ogy for data acquisition and processing. Section 4.4 provides theoretical background and experimental
validation of the RFID measurement error in order to decide on ideal antenna positioning by optimiz-
ing the localization accuracy and phase ambiguity. Section 4.5 reports on an example of 12 months of

surface deformation monitoring on the slow-moving Harmaliére landslide.

4.2 Instrumentation and Methods

Experimental Site: Harmaliere Landslide

The Harmaliere landslide (Sinard, Isére, France) is located in the Trieves area about 50 km south of
Grenoble in the western Prealps (see Figure 4.1). Trieves appears as a sedimentary plateau eroded
by the Drac river; the plateau is formed by Quaternary varved clays and alluvial materials deposited

in a glacially dammed lake during the Wiirm period [G., 1973]. Quaternary sediments also include
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FIGURE 4.1 (Top) The Harmali¢re landslide location in France. (Bottom) Overview of the
Harmaliere landslide, with the RFID tag distribution (red points). Blue points : antennas and
acquisition system. The dotted black line represents the landslide scar, the gray dotted lines
represent 1-meter isolines.

silts, sometimes with a morainic cover, and rest on either interglacial Riss——Wiirm period glaciofluvial
materials (gravels and sands) or on the underlying Jurassic carbonate bedrock. The thickness of the
clay deposits can vary from 0 to a maximum of 200 m [Jongmans et al., 2009]. The landslide is
southeast oriented, 400 m wide at the top, narrowing to 150 m at the toe. It develops from an altitude
of 735 m (asl), down to the Monteynard Lake (480 m), over a distance of about 1.5 km. It was
abruptly activated in 1981 and has remained active ever since, with new peaks of activity in 2016 and
2017 [Fiolleau et al., 2019]. The slow moving landslide shows regressive behaviour, the headscarp
retreating at an average velocity of 1 m/year, with very strong variations from year-to-year (including
almost a decade of rest). The central body of the landslide is moving at velocities ranging from cm/year
to m/year, with possible dramatic acceleration phases (m/day). A variety of research subjects are

currently investigated in connection with it [Fiolleau et al., 2021, Fiolleau et al., 2019].
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RFID Instrumentation and Localization

RFID Instrumentation

In February 2020, a section of the landslide was equipped with an RFID system consisting of 32 battery-
assisted passive tags and an acquisition station located near the landslide scar (see Figure 4.1). These
tags can last about a decade without maintenance or replacement in the present real-time monitoring
scenario. The station includes four antennas, an interrogator (Impinj SR420), a micro-computer (RPI-
3B), and a modem to send the data automatically to a remote server, as described by (patent pending
FR-17/53739). It is powered by a photovoltaic module and a wind turbine. The station collects RFID
data for 3 minutes every 20 min from every tag and every antenna. The data includes the phase of
arrival (termed here "phase”) measured at 865.7 Hz, the received signal strength indication and the
tag temperature. The tags were placed in pairs on fiber glass stakes 50 cm and 1 m above ground.
They were spread out within the antennas reading range in a zone approximately 30 m x 30 m wide
(see Figure 4.1), in such a way as to maximize the line-of-sight readability of each tag by multiple
antennas. To validate the RFID localization calculations, the position of the tags was measured with
a LEICA TCRR&05 tacheometer and a handheld target (estimated precision 4 cm), approximately once

every month.

RFID Localization Scheme

TD-PD is a relative ranging technique based on phase variation d¢ = ¢1—@o between two measurements
at different points in time. d¢ is related to the radial distance variation ér = r1 — ro between the tag
and reader antenna, by the following equation:

C

6T:_m

8¢ (4.1)

where f is the frequency of the electromagnetic wave (see values above) and c is the speed of light in
the propagation medium. It is important to note that Equation (4.1) is only valid for displacements
smaller than A/4 ~ 8 cm between two phase measurements because of phase ambiguity. In the present
case, this condition is generally fulfilled as the incremental displacements are small compared to the
wavelength (usually less than 1 ¢cm between two successive acquisitions). Moreover, a series of phase

measurements can generally be unwrapped using well-defined algorithms. In this case, Equation (4.1)
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is valid for any unwrapped phase variation.

Section 4.3 presents a multidimensional localization scheme based on TD-PD.

4.3 Theoretical Model

In this section, we derive a mathematical model for phase-based RFID localization to compute the
localization error of our real experiment. The main goal of this derivation is to study the origins of
the localization uncertainty, mainly with respect to the system geometry and the physical measure-
ment process.

From now on, we will consider that all phase measurements are unwrapped, and that Equation (4.1)
is valid for all phase variations. Most presented tags were correctly read and no unwrapping error was
detected in the monitored period. The specific case of an unwrapping error is examined separately,
and does not fall within the scope of the present study.

In the following, index i describes a series of measurements starting at ¢ = 0 and j describes the

antenna indexing.

Localization Model

One Dimensional TD-PD

The localization method presented in this paper is based on the tag phase shift measured by each
antenna at different points in time (TD-PD) [Nikitin et al., 2010]. In a homogeneous medium, the phase
shift ¢; ;—d¢o,; between the initial and the i-th (unwrapped) phase measurement, is directly proportional
to the radial displacement dr; ; between the tag and antenna j (see Equation (4.1)).

Assuming an initial radial distance ro,j, we obtain a series of radial distances r;,; from a measured
phase series ¢; ;:

Ti5 =To,5 + (51“,',]‘ (4.2)

where dr; ; is obtained directly through Equation (4.1). This localization method is, hence, relative to
the initial position, as it does not allow for absolute positioning without further information about the

system (e.g., when ro ; is not known).
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2D Relative Displacement Approach

Using the measurements of multiple antennas, we can expand this TD-PD method with spatial con-
siderations. For this purpose, we need both the phase measurements and the geometrical coordinates
(z;,y;) of each antenna. This derivation focuses on the 2D problem; the 3D case will be briefly discussed
at the end.

We define the initial distance ro,; from the antenna j to the tag:

ro; =/ (z; —20)% + (y; — yo)?

where (zo,yo) are the initial coordinates of the tag and (x;,y;) those of the antenna.

Applying Equation (4.2), we obtain a series of radial displacements from the phase measurements
of each antenna. From these radial distance measurements, a multilateration approach [Norrdine,
2012] can be applied to estimate the most probable position (Z;,9;) for the tag at the ith position.
Amongst various possible methods of multilateration, we use an optimization algorithm that minimizes

the following cost function C'f for the i-th measurement:

Chiwy) = 3, i — /@@ — 2P + (5~ v (43)

(T4, 9s) = argmin(Cfi(:c,y))
(z,y)eR?

where (z,y) are the test point coordinates, N, is the number of antennas, r; ; is the i-th radial distance
from antenna j, and (Z;,§;) is the most probable tag position. The minimization of this cost function
was performed using the Trust-region optimization algorithm [Conn et al., 2000] implemented in the

Scipy-optimize Python module.

Geometrical Localization Sensitivity

In this section, we focus on theoretical considerations regarding the localization sensitivity of the
geometrical antenna-tag system to compute the value and direction of a displacement error of the tag
with respect to a phase measurement error [Le Breton et al., 2017]. For a given antenna position

(x4,y;), the absolute phase accumulated on a linear ray path (line of sight, LOS) between the antenna
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and a point (x,y) is expressed as follows:

b (wy) =~ =T (- v

Let us define Ky; as the space gradient of the measured phase ¢;, also defined as the phase

sensitivity kernel, expressed in the spatial dimension as:

5¢j Ka:
o i
Keste) = | ™ | = (1.9
j Y
By Ky,

For a system consisting of two antennas (A and B) and small phase variations, the relation between
the phase variation vector d¢ and the true tag displacement dr can then be approximated by the linear

matrix system:

0¢a Kg, Kj ||o=
son| | Kz, KL, || o
That we can simply rewrite :
0¢p = Kor (4.5)

Equation (4.5) holds for any number of phase measurements (thus any number of antennas N,),
and any number of space dimensions M; in such cases, K will be an M x N, matrix. It expresses the
direct solution of the phase-based relative localization problem, where K represents the transformation
matrix from measured phase space to localization space.

For the sake of simplicity, consider now that N, = M = 2, which implies a bijective relationship
between phase measurements and tag 2D relative displacement. In this case, the invertibility of the
K matrix is almost always possible—the only exceptions are when the point position (z,y) coincides
with that of one antenna, or when it is aligned with the two antennas. We exclude these limit cases
that have no significance in our experiments. The above equation can then be reversed and gives the

theoretical phase sensitivity of the tag position:

or =K' 6¢ (4.6)

We now consider the linear transformation matrix K ! to which we apply singular value decom-
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position (SVD). Any real matrix can be decomposed as follows [Van Loan, 1976]:

K'=uxv' (4.7)

In our model, VT represents the eigenvectors in phase space, ¥ the diagonal eigenvalue matrix and
U the eigenvectors in localization space.

In this derivation, we assume the same variance for all phase measurements; hence, the covariance
matrix Cy is defined as follows :

Cy =05 In, (4.8)

where o, is the typical phase standard deviation and Iy, is an identity matrix of size N,. Cy is,
thus, a constant diagonal matrix in our model, with typical values of 0.04 rad. This phase standard
deviation is both an experimentally computed value and also corresponds to the modeled approximation
of Equation (4.12) (see next Section).

Considering a given phase measurement uncertainty for each antenna, we can plug any phase distri-
bution into the transformation from Equation (4.7). The shape and orientation of the resulting spatial
distribution around tag position (that we will call localization spot) is described by the localization-
space covariance matrix C,.. This matrix can be expressed in the following way, depending on K~ as

well as the hypothetical covariance of the phase measurement matrix Cy:

Cr= (K NH'CK ' =UxU"T (4.9)

Extracting the eigenvalues and eigenvectors of C; allows for a completely analytical determination
of the localization spot properties (especially the direction of highest error) for a given antenna-tag
geometry, as shown in Figure 4.2. With a phase error of 0.04 rad, and at the given tag position, we
expect a localization random error of about 1 cm. Note that in the model, any relative increase in
phase error will result in the same relative increase in localization error, as the measurement operator
is linear.

The calculation presented above can be extended to a three-antenna system for a 3D localization
problem, following Equations (4.1) to (4.9) with K a 3 x 3 matrix. In the case where N, > 3, the system

from Equation (4.5) is overdetermined, and a least-squares solution has to be found [Anton and Rorres,
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FIGURE 4.2 Localization error shape at the position of tag A (see Figure 4.1) compared
with the RFID position estimation during a stable period in the Harmaliere (November to
December 2020). The green point distribution is computed through the K~! transformation
(see Equation (4.6)), using a Gaussian phase distribution with a standard deviation of 0.04
rad. The eigenvectors of the green distribution (red lines) are scaled up to encompass 97% of
the data. The black points correspond to the RFID-phase localization results. The antenna
positions are set as in the real experiment (see Figure 4.1).

2013, Golub and Kahan, 1965]. Using the pseudo-inverse of K, Equation (4.6) then gives:

or = (K'K) 'K "6¢ (4.10)

This new system can be solved and the eigenvectors computed by considering the transformation

matrix (KTK) ' K.

Phase Error Model : Multipath, Phase Standard Deviation and Radi-
ation Pattern

While the previous section focuses on geometrical localization error, we will now incorporate the impact
of real-scenario error sources, e.g., antenna radiation pattern and multipath. The following derivation

is based on the work of [Le Breton, 2019].
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Multipath Propagation Model

Multipath interference is a major challenge in RFID-localization and several solutions have been pro-
posed to estimate, reduce or mitigate its effect on measurements [Wang et al., 2020a,Faseth et al., 2011].
To start investigating the multipath, we use a simple two-ray model, assuming that the measured sig-
nal is a superposition of the line-of-sight (p = 1) signal and a signal reflected on the ground (p = 2),
as shown in Figure 4.3. The two signals propagate over different path lengths r, and orientations,

which translate in different received power values due to Friis’ law:

Py(r) = (-=-)* x P - Gr(ip) - Gr(ip) for p={1,2}

4dmry

where P; is the power transmitted by the antenna, P, is the received power along path p, G, and G4
are the receiver and transmitter gain which depend on the signal orientation angle i, and the antenna
radiation pattern, A is the carrier wavelength and r, is the path propagation distance. We can then
define the amplitude gain Ay (ip,rp) for the line-of-sight (1) and reflected (2) signals :

1
Ai(in, 1) = " Ge(i1) - Gr(in)

As(in,72) %R(ig) Gi(ia) - G (ia)

where R(i2) is the reflection coefficient impacting the reflected ray (which depends on ground relative
permittivity). The received signal voltage s, after normalization by the initial emitted voltage can be

expressed by the following phasor:
sp(ip,Tp) = Ap(ip,Tp) - ﬁ eIk for p={1,2} (4.11)
where k is the wave number. The resulting signal s:o; arriving on the tag is the sum of the two phasors:
Stot = $1(11,71) + s2(i2,72)

After accounting for tag modulation efficiency L; [Rembold, 2009], and due to the reciprocity of

all gain values during the back-scattered propagation, the full signal phasor received by the station
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FIGURE 4.3 Schematic definition of the two-ray multipath model. The orange line represents
the line-of-sight path with angle i; and propagation distance r;. The blue line represents the
reflected path with angle i and propagation distance 2. hiqg and hgntenna are the tag and
antenna heights above ground.

antenna is finally expressed as follows:

2
Sfull = Sior * Lt

As a reminder, the squared s;o: corresponds to the back-and-forth path of the signal.

Two Types of Phase Error

We define the phase measurement error as the difference between the ideal LOS phase and the full
received phase. This error can be divided into two contributions: the phase random deviation o,gqm
and the systematic phase bias ¢, which are both consequences of multipath interference. Let us
now consider these two error contributions separately. Previous investigations [Le Breton et al., 2019]
have shown a direct relationship between antenna received power P(W) and phase random deviation

oram(rad), using the same acquisition configuration (tag, interrogator, and communication protocol):

4 _

Ordm = %f -9.5-10"°/V/P (4.12)
where c is the light velocity and f the carrier frequency. This empirical relationship reproduces the
phase error value of 0.04 rad used in the previous section. The received power greatly depends on
propagation distance, but also on multipath interference, which is why o,4m is multipath-sensitive.
The systematic phase bias ¢ is defined as the difference between the ideal LOS phase ¢1 and the full

received phase ¢ gy

¢y = arg(st) — arg(syun) = o1 — Grun (4.13)
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The phase bias obviously depends on multipath behaviour. In phase space, the two error contri-
butions o,r4m and ¢, can be interpreted, respectively, as a scaling and translation operation on an
ideal phase measurement distribution. Indeed, ;4 represents the width of the measurement error
distribution, and the bias ¢, represents the center of this distribution; compared to the LOS ideal mea-
surement; the true measurement will thus be translated by ¢, and scaled to a width of or4m,. Assuming
Gaussian behaviour for the measurement process, each antenna j will, hence, present a measurement

distribution ¢; following a normal law:

¢; = N (v, 07am)

These considerations can be applied in the phase-localization scheme presented in the previous
section via a multi-antenna phase distribution.

Let us define the scaling matrix S and the translation vector T" as follows:

S =
0 ()

.
T= [¢b1 ¢’b2]

The entries of S originate from Equation (4.12) and the entries of T' from Equation (4.13). They
correspond to the values of phase random error and phase bias measured by each antenna (N,=2 in
this simple scenario). Note that the phase random deviation values o; are different for each antenna
for geometrical reasons; each antenna is in a different location, hence, the multipath and radiation
patterns do not yield the same error values. The scaling S in phase space allows for a definition of the
phase covariance matrix Cy :

Co=5-5"

Cy can be used in the singular value decomposition to compute the displacement error eigenvectors
via the displacement covariance matrix C, (see Equation (4.9)). The localization spot dimensions are,

hence, fully described by the following covariance matrix in displacement space C, :

Cr= (K YOkt (4.14)
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FIGURE 4.4 Schematic description of the matrix transformations in phase space towards real
2D space for a 2-antenna system. (a) Representation of the simulated multipath-induced phase
measurement distribution (orange) compared to the previously assumed centered distribution
(blue), highlighting the scaling S and translation T'. The translation is illustrated by the shift
between the center of the blue distribution and the center of the red distribution. (b) True
space localization spot obtained by further transformation via the K~ matrix. The antennas
are not represented. The systematic bias is again illustrated by the shift between the real
position (black point) and the center of the measured distribution (red point).

On the other hand, the translation T' induced by the phase bias corresponds to a translation dry
in displacement space, obtained by:

dry =K' T (4.15)

Equations (4.14) and (4.15) represent our best attempt to model the deviation from an ideal LOS
phase measurement, taking into account the various phase measurement errors, and the geometry of
the system. Figure 4.4 presents a 2D schematic view of the measurement distributions from phase
space to displacement space. We see that the phase distribution is scaled and translated in phase
space, compared to the centered distribution that was set in Equation (4.8). In displacement space,
this gives a specific localization spot with covariance C,, translated from the true LOS measurement

by vector dry,. The specific values of C, and dry, are discussed in Section 4.4.

4.4 Harmaliere Landslide Monitoring

In this section, we will discuss the specific case of the Harmaliere landslide RFID system. After pre-
senting the acquired data, the theoretical model will be applied to the real system geometry, then the

localization results will be presented.
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FicUrE 4.5 Unwrapped phase variation for tag A, measured by four antennas at a frequency
f=865 MHz, from January 2021 to February 2022. The grey bar shows a period of missing data
due to hardware failure. Data was directly available after replacement of the malfunctioning
device.

Real Phase Data

Among the 32 tags installed in the field, 10 were read almost continuously by more than two an-
tennas for 12 months (January 2021-February 2022). The rest of the tags yielded partial results
that could not be used for 2D localization via the present scheme. Two main factors can explain
the lack of readability of some tags, namely, the narrow horizontal directivity of the antennas (4/—
30° aperture) and signal attenuation—the furthest tags showed the lowest signal quality. Generally
speaking, the tags placed 50 cm above ground showed worse results than those placed 1 m above
ground, both in terms of data quality and localization accuracy. This observation corresponds to
the above theoretical results (see Section 4.4 and Figure 4.7c), which tend to show that displace-
ments close to the ground are subject to stronger multipath interference. This study will only show
the tags read by at least two antennas during the whole period. The unwrapped phase measured
during the January 2021-February 2022 time period is presented in Figure 4.5 for tag A. The data
(70 measurements per day) were averaged over 24 h periods before applying the localization algorithm
to mitigate the daily phase variations due to humidity and temperature. The missing values corre-
spond to strong weather events that most likely depleted the battery of the acquisition system, or to

hardware failures.
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Real tag-antenna Geometry : Mapping :

system : — | Compute the K operator (eq. 4) for all grid | ——| Compute localization
points. random error via C,. (eq. 14)

Input parameters and localization bias dr,

(Table 1) : Two-ray model : (eq. 15).

antenna positions, tag Compute phase for all grid points (eq. 11).

and antenna heights |~ | Compute Gyqm, (eq. 12). | Map the random error and

above ground, soil Compute ¢y, (eq. 13). bias on the monitored field

permittivity. (Figure 7).

FIGURE 4.6 Schematic view of the workflow used to estimate the localization error and bias
in the real-scenario Harmaliére geometry.

TABLE 4.1 (Up) Geometrical parameters for the positions of the four antennas in the Har-
maliere setup. (Down) Values of the main variables used in the two-ray model (see Figure 4.3);
the height of the station is relative to the ground at the same position.

Antenna No. x (m) y (m) z (m)
1 0 0 0

2 0.018 —0.034 1.55

3 0.013 —2.608 0.256

4 —0.338 2.148 0.287
hantenna (m) 3
htag (m) 1

Ground relative permittivity 24

Application of the Model to a Real Geometry

Before presenting the localization results, we will first apply the previously developed model to the
real system geometry. The workflow is presented in Figure 4.6, showing how the real parameters come
together with the geometry and model to compute the localization error mapping.

We have set the model geometry according to Table 4.1, which corresponds to the Harmaliere
setup geometry. The number of antennas is now set to N, = 4. The ground relative permittivity is set
according to the literature for dry soils [ITU, 1992, Lytle, 1974], and the following results correspond
to this dry soil scenario. In the case of a wet soil, we expect the relative permittivity to reach values
around 25. In the model, this turned out generally to increase the phase error (and localization error)
values by about 30%, which can represent millimeter to centimeter values depending on the context

(see Section 4.4).
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Random Localization Error of the Experimental Field

The previous developments (Equations (4.14) and (4.15)) have been applied to the geometry installed in
the Harmaliere landslide, as shown in Figure 4.7. A mapping of the random localization error (related
t0 0rdm, Equation (4.12)) is shown in Figure 4.7a. We see that the lowest error is obtained when facing
the antennas, which are oriented eastward. The plot is separated in two main areas, discriminated by
the 2 cm random localization error value. This value was chosen because it reflects the target precision

in our application.
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FIGURE 4.7 Mapping of the 2D localization error extracted from Equations (4.14) and (4.15),
simulating the geometry of the Harmaliere setup. The red dots represent the reader antennas,
and the arrows show the principal antenna directions. The orange cross indicates the position
of tag A. The vectors (uy., up, 1, ) define the cylindrical coordinate system used later on. (a) The
colormap shows the random localization error (maximum dimension of the localization spot)
up to 2 cm, related to the phase random deviation ¢,4,,. The localization bias is not shown.
(b) Color-mapping of the systematic localization bias (related to ¢) in the xOy plane shows
oscillations with meter-order spatial frequency and increasing amplitude with distance from the
measurement system. The random localization error is not shown. (¢) Color-mapping of the
systematic localization bias in the xOz plane, with higher oscillation amplitude and frequency.
The ground is located at z= —3 m.
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Systematic Localization Bias of the Experimental Field

The systematic localization bias (related to ¢, Equation (4.13)) presented in Figure 4.7b,c is not to
be understood as a raw localization error, but as a varying bias when moving in space; the interference
between LOS and the reflected signal changes with tag position.

To better understand the effect of the multipath-induced phase bias on 3D displacement measure-
ments, we propose to consider the typical case of a 1 m displacement along a given spatial direction,
starting from the position of tag A. The symmetry of our experiment being mainly cylindrical, we
consider a cylindrical coordinate system with its central axis in (z = 0, y = 0). For this displacement,
we compute the localization bias fluctuation, and project it on every space direction (along ugp, ur, )
to obtain an amplitude value. The displacement length of 1 m was chosen both because it encompasses
about one phase bias cycle, and because it corresponds to the actual displacement we measured in the
real landslide scenario (see next section).

Table 4.2 reports the simulated localization bias amplitude in the three space directions, together

with real error measurements that were performed on field.

e The direction that produces the least bias variation is a g displacement, which corresponds to

the quasi rotational symmetry of the system.

e A horizontal displacement along u, yields a small localization error. This confirms previ-
ous studies and demonstrates a centimeter precision for the RFID technique in the horizontal

plane [Le Breton et al., 2019].

e A vertical displacement along 4~ undergoes several strong bias oscillations (Figure 4.7¢). The sub-
sequent localization error is a cumulative effect of both the strong multipath interference and

the small vertical aperture of the measurement system.

These results tend to show that vertical localization in the current localization scheme cannot
be performed with precision. The multipath effect, along with the high system sensitivity in this
direction, yield a very high localization bias. This is why we will not present Oz localization results in
the following section. This model highlights the importance of the geometrical features of the system,

such as antenna position and spacing, tag height and direction of displacement.

91



TABLE 4.2 Direction-dependent localization bias in the 3 directions (cylindrical coordinates),
for a typical 1 m displacement. Each column corresponds to a different direction of displace-
ment. Each line represents the localization bias amplitude along a certain direction, during the
1 m displacement. The walues in italic correspond to field experiment localization bias mea-
surements.

Dir. . o -
Bias "o Ur Uz
max. up bias <1 cm <1 cm 10 cm
(1 ¢cm) (20 cm)
max. i, bias lem lem 2 cm
(1 em) (15 c¢m)
max. u, bias lecm <1 cm 70 cm
(5 ¢cm) (110 em)

Surface Displacement Monitoring Results

In this section, we present the experimental localization of the tags in the Harmaliere landslide. We
first focus on the 2D localization of one specific tag (tag A) in Figure 4.1, then we recapitulate on the

whole setup and discuss the results.

2D Relative Displacement for One Tag

The 2D displacement of tag A, computed from the radial displacements using multilateration and
data from the four antennas (see Equation (4.3)), is shown in Figure 4.8 against reference tacheometer
position measurements. The xOy results are in good agreement with the reference points. Note that, for
stable phase periods (for example July 2021), the localization algorithm yields very stable results with
a centimeter scale variability, which is in agreement with the theoretical localization error presented in
Figure 4.2. This correspondence between theory and experiment during stable periods is observed for
several tags, further validating the measurement error model. Note that Figure 4.2 does not present any
phase bias results, but focuses only on measurement random deviation (dimensions of the localization

spot).

2D Localization for All Tags

Figure 4.9 shows an overview of the xOy displacement norm measured by the RFID-phase for all

available tags during the measurement period. The total displacement is also shown for every tag in
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FIGURE 4.8 RFID localization in the xOy plane, using phase data for tag A (Figure 4.5).
The total displacement is about 1.6 m. The color plot represents the time evolution of the RFID
relative localization. The red crosses represent the reference measurements using a tacheometer,
with an estimated error of about 4 cm. The tacheometer measurement of March 2021 is set as
an absolute reference for relative localization. The black crosses correspond to the estimated
random error bars for TD-phase localization (calculated via the model developed in Section 4.4).

Table 4.3. All RFID localization results fit with reference measurements, notably for displacements
greater than 1 m. The steep displacement increase in January 2022 concerning tags 51, 4e and A, was
confirmed by tacheometer measurement. This rapid and localized deformation generated cracks and a
landslide retrogression of about two meters in this area. A south-east tendency is clearly validated
and corresponds to the landslide main direction, as can be seen in the qualitative vector mapping in
Figure 4.10, with various displacement amplitudes depending on tag location. This opens the way to
2D spatio-temporal monitoring of the landslide surface, offering the possibility to better understand
the physical mechanisms at the origin of the landslide activation and propagation, and to build new

early warning monitoring systems.

Discussion

In this section we briefly discuss some of the results presented in this paper, as well as future develop-

ment of the RFID localization system.
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FIGURE 4.9 Cumulative 2D displacement norm for each tag, with reference measurements
performed via tacheometer (black crosses). An offset was added to every plot to increase
readability. The total displacement values are given in Table 4.3.

TABLE 4.3 Total 2D displacement norm for all presented tags computed from the RFID
phase, from January 2021 to February 2022. The reference is computed from the tacheometry
measurements, with an estimated error of +4 cm.

Tag 51 A 4e 26 55 5f 2d 5¢c 59 5b
Total disp (m) | 1.54 | 1.37 | 1.20 | 0.81 | 0.75 | 0.85 | 0.69 | 0.67 | 0.74 | 0.56
Reference (m) | 1.57 | 1.45 | 1.28 | 0.81 | 0.79 | 0.74 | 0.77 | 0.74 | 0.72 | 0.59

Localization Error and Reference Measurements

In the context in which RFID localization was performed, absolute reference localization at a centimeter
level was a complicated task. For practical reasons, reference positions taken via GPS were not suffi-
ciently accurate to be compared to the RFID localization results. This is why tacheometry was used,
which is a relative localization method. A landslide is an ever-changing environment, and using absolute
references such as trees or antennas involves several sources of error. For this reason, the tacheometer
uncertainty given in Table 4.3 is 4 cm. As has been described in previous reports [Le Breton et al.,

2019], RFID phase outdoor localization can outperform the reference measurements.

94



" mm RFD

Il Reference
FIGURE 4.10 Vector mapping of the total 2D displacement for all available tags from January
2021 to September 2021. The scale is modified for clarity with a 1 m displacement reference
(black arrow). The red arrows represent the displacement estimated from the RFID measure-

ments, and the black arrows represent the displacement computed from reference measurements.
The blue points numbered 1 to 4 correspond to the reader antennas.

Discussion on Antenna Position

The above model (Section 4.4) is a tool for optimizing the antenna positions in a given terrain to
minimize localization errors originating from both multipath and geometry. We performed calculations
for several geometrical cases in a plane xOy geometry, searching for the lowest random deviation in
the monitored zone. As a general rule, we conclude that surrounding the field with antennas yields the
best accuracy (lowest localization random deviation). For example, if four antennas are spread around
the Harmaliére field, the horizontal random localization error is expected to reduce to 1 mm.

Such setups are not always possible in real-environment operational situations—the experimental
setup obviously has to be designed taking into account the operational constraints and priorities. In
cases where a portion of the field is inaccessible, for example, the distance between antennas (system
aperture) should be maximized to obtain the lowest random deviation. This guideline has limitations,
such as cable length or station cost, hence the final setup will generally be a compromise between
precision and station/maintenance cost. Note that other localization methods, such as angle of arrival
techniques [Azzouzi et al., 2011, Faseth et al., 2011] rely on different system geometries and will not

lead to the same optimal antenna disposition. The guidelines provided here only apply to a relative
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displacement scheme; absolute positioning is a different matter which we do not discuss here.

Perspective for Improving Data Availability

In this investigation, the tags that yielded only partial data (i.e., less than two antenna readings, long
time periods without data) were not used, although more complex data assimilation techniques could
be of use [Sun and Deng, 2004, Sarkka et al., 2011b]. Exploiting both the knowledge of the landslide
mechanics and the redundancy of information that the system yields could allow tag monitoring even
in partial data scenarios, which are a common issue in outdoor environments. Such techniques will be

implemented in future work.

4.5 Conclusions

We have derived a phase-based 2D localization error theoretical model that allows for error estimation
in a scenario of two to four static interrogator antennas, taking into account the specific setup geometry.
The model is based on both the sensitivity kernel of the measurement system and a two-ray propagation
model (multipath). Under certain conditions, this model confirms the ability to track centimetric
ground displacements. The in-plane horizontal measurements demonstrate much better accuracy than
the out-of-plane vertical measurements, due to the preferential horizontal antenna distribution, and to
ground-reflection multipath interference.

A set of RFID tags was placed on an active landslide and phase measurements were performed over
several months to monitor the tags’ displacement. The results show a clear south-east displacement
of about 1 m in the horizontal plane over the monitored area. The presented method, inspired by
the time-difference phase-difference scheme, has shown very good results for the monitoring of relative
displacements in 2D at the centimeter scale. The monitoring of landslides using RFID technology
was demonstrated to be a viable solution, with centimeter-scale accuracy over large periods of time.
A further step in large scale monitoring could be to deploy a moving antenna (SAR) over greater

lengths, and to implement a data assimilation approach to increase data availability.
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The passing seasons are remarkably marked on the Harmaliere landslide. This is very much
due to the vegetation, the weather, but also the clay itself.
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Chapter 5

Landslide surface deformation
studied by dense RFID arrays,

with multi-method investigation

5.1 Abstract

Radio-Frequency Identification (RFID) shows great potential for earth-sciences applications [Breton
et al., 2021], notably in landslide surface monitoring at high spatio-temporal resolution [Le Breton et al.,
2019] with meteorological robustness [Le Breton et al., 2017]. Ten 865MHz RFID tags were deployed
on part of a landslide (Harmaliere) and continuously monitored for 20 months by a station composed of
4 reader antennas. 2D relative localization was performed using a Phase-of-Arrival approach [Nikitin
et al., 2010, Charléty et al., 2022b], and compared with optical reference measurements. The spatio-
temporal accuracy of the method allowed for a thorough exploration of the landslides mechanisms
during a 20-months period of activity. Laplacian clustering was applied to the RFID data and groups
of tags with coherent behavior were identified, allowing a fine description of the kinematic motion of the
landslide blocks and various mass transfer mechanisms. Different deformation zones were highlighted

on the monitored zone. Coupled to hydrological and ambient-noise seismic observations, displacement
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measurement allows for an interpretation of the seasonal behavior of the Harmaliere landslide. The

multi-method observations provide precious insights on the intricate mechanisms of the landslide.

5.2 Introduction

In a context of intensified climate extremes and ever-developing urbanization, landslide monitoring and
early warning are nowadays a growing aspect of natural risk assessment and mitigation [Rohan et al.,
2023, Dille et al., 2022]. Slope destabilization events cause thousands of casualties, and tens of billions
of euros losses every year [Froude and Petley, 2018]. The increased occurrence of such natural hazards
is putting at risk more and more unprepared regions [Cui et al., 2019]. In order to inform and warn
local communities, Landslide Early Warning Systems (LEWS) are commonly used as risk mitigation
strategies [Pecoraro et al., 2019]. These systems generally monitor surface deformation, groundwater
level or precipitation. In recent years, geophysical methods have shown potential for monitoring haz-
ardous objects, and investigating their mechanical or hydrological properties. These methods stand out
as complementary compared to more classical direct-quantity measurements [Le Breton et al., 2021].
In particular, an analysis from [Larose et al., 2015] revealed clear precursory geophysical signals, from
days to hours before landslide failure.

The complementarity of multi-method approaches provides both a better early warning capacity,
and a deeper understanding of the various processes impacting landslide activity. In that regard,
multi-method monitoring is usually seen as the most comprehensive approach, taking advantage of
all possible sources of information [Casagli et al., 2023, Fall et al., 2006]. Moreover, the datasets
from multi-method observation provides ideal insights in the kinematic mechanism of active land-
slides. Understanding the role of water, its impact on the soil mechanical properties, and the resulting
surface deformation, allows for a detailed analysis of the landslide processes. Schulz et al. [Schulz
et al., 2017] studied the long-term kinematics of a large landslide using InSAR, extensometer data,
and pore-water pressure measurements, noting the presence of distinct kinematic elements within the
landslide. Lacroix et al. [Lacroix et al., 2019] analyzed the kinematics of landslides in Peru using image
correlation and identified a self-triggering mechanism. Kanungo et al. [Kanungo, 2019] provided a com-
prehensive international review of landslide monitoring and prediction instrument setups. [Delacourt

et al., 2007] reviewed the satellite- and ground-based methods for landslide surface displacement mon-
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itoring. Casagli et al. [Casagli et al., 2023] remind that all methods have advantages and limitations,
that depend on local parameters such as the size of the investigated zone, the nature of the landslide,
and the level of risk. Hence the integration of various complementary monitoring systems is often best.
In this study we will focus on retrogressive, slow-moving clayey landslides, which are a vast research
topic [Lacroix et al., 2020] as well as a concerning natural hazard [Mansour et al., 2011, Handwerger
et al., 2019].These landslides exhibit a variety of deformation behavior, complex and intricate mass
transfer mechanisms leading to retrogression that are still under investigation [Fiolleau et al., 2021].
Understanding the kinematics of landslides and monitoring their surface displacements, are crucial for
assessing landslide behavior. In this study we propose to investigate both surface deformation through

RFID, hydrological quantities and subsurface behavior through ambient noise variation.

Radio-Frequency Identification (RFID) technology has emerged as a valuable tool for monitoring land-
slide surface displacements with centimeter accuracy and oversampling in both space and time [Le Bre-
ton et al., 2022]. After validation against outdoor environmental conditions [Le Breton et al., 2017],
one-dimensional RFID measurements were performed on the Pont-Bourquin landslide (Switzerland)
over a 6-months period [Le Breton et al., 2019]. The centimeter accuracy of the RFID-phase tracking
method was demonstrated against extensometer and total station reference measurements. Preliminary
results showed the strong link between landslide hydrology and surface deformation, and a predictive
displacement model based on rainfall measurements was proposed [Le Breton, 2019]. The method was
recently improved with two-dimensional monitoring [Charléty et al., 2022b] as well as data processing
enhancement [Charléty et al., 2023a, Charléty et al., 2023b]. The extension to 2D provides precious
information on the directionality of landslide deformation, and the spatial distribution of the deforma-
tion activity. Notably the different active blocks constituting the unstable zone can be identified, along
with the triggering mechanism. Combined with the spatio-temporal oversampling brought by RFID,

this yields new landslide-kinematics monitoring capacities.

Since a decade, methods based on seismic ambient noise have proven their potential in monitoring
slope instabilities, such as rock glaciers [Guillemot et al., 2020] and clayey landslides [Le Breton et al.,
2021]. By correlating ambient noise recordings from a pair of sensors, the subsurface in-between them

can be surveyed with a high temporal resolution by extracting two main observables. First, the rel-
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ative change in seismic surface wave velocity (dV/V) provides a direct proxy for elastic properties
(stiffness and density) [Larose et al., 2015]. Secondly, the correlation coefficient CC informs on the
coherence of diffused waves propagating between sensors, thus sensitive to cracks and fluid infiltration
through the surveyed volume [Thery et al., 2020, Guillemot et al., 2020]. Due to the dispersion of
surface waves, these seismic observables are frequency-dependent, allowing to probe the subsurface at
different depths. In the Harmaliére landslide, [Fiolleau et al., 2020] already observed a decrease in CC
associated with successive rainfall events. This decrease was observed from higher to lower frequencies
until the failure event, suggesting a mechanism propagating at depth. dV/V also changed rapidly
before the failure, although no clear trend emerged. Voisin et al. [Voisin et al., 2017] demonstrated an
excellent agreement between the water table and dV/V on a deep seated landslide, due to poroelastic
effects. dV/V is also sensitive to various environmental forcings, such as temperature, rainfall, atmo-
spheric pressure [Le Breton et al., 2021], and even snowfalls [Guillemot et al., 2021]. Additionnally,
microseismic events detected by seismic monitoring can be combined to become a proxy for estimating
surface deformation and a precursory signal for early warning systems [Tonnellier et al., 2013, Lacroix
and Helmstetter, 2011]. Compared to deformation-measuring tools, ambient noise monitoring provides
information on the damaged volume, with sensitivity to in-depth activity notably due to hydrological
processes. The surface to volume interaction is thus ideally investigated by the complementary surface

displacement and ambient noise data.

Hydrological parameters have long been used as a landslide monitoring tool. Iverson et al. [Iver-
son and Major, 1987] proposed to study the rainfall and groundwater flow to understand the landslide
dynamics. They concluded that landslide motion was regulated by the near-surface hydraulic gradients
and by waves of pore pressure caused by intermittent rainfall. Van Asch et al [Van Asch et al., 1999]
suggest that failure conditions in shallow landslides can occur when at a critical depth, the moisture
content in the soil becomes close to saturation, resulting in a considerable reduction of soil strength.
Deeper landslides (5-20 m depth) are triggered by positive pore pressures on the slip plane induced by
a rising ground water level. Bitelli et al. [Bittelli et al., 2012] examinated the interplay between soil
hydrological and mechanical properties, showing that the instrumented clayey landslide was triggered
in consequence of changes in soil suction stress. Rosone et al. [Rosone et al., 2018] proposed a model to

account for landslide displacement based on pore water variation. They manage to establish a quantita-
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tive correlation between cumulative rainfall, pore water pressures, and the activity of the landslides in a
complex soil formation. As was shown by both RFID [Le Breton et al., 2019] and ambient noise [Voisin
et al., 2017], the hydrology of the unstable terrain is a critical aspect that guides landslide activity.
Rainfall and water-table monitoring are thus very informative to identify and understand the surface

and volume processes leading to landslide activity.

The combination of methods integrating hydrological, ambient noise and surface displacement data
opens up new possibilities for probing the inner mechanisms of landslides, as well as improving early
warning systems and emergency logistics aimed at securing unstable zones. This study aims to demon-
strate the benefits from a multi-method approach incorporating RFID-based surface displacement,
combined with seismic noise and hydrogeological observations, in order to highlight the processes in-
volving the dynamics of a landslide. To our knowledge, this is the first usage of 2D-RFID for probing

the kinematic behavior of landslides.

5.3 Materials and Methods

Presentation of the Harmaliere landslide

Figure 5.1 presents an aerial view of a portion of the Harmaliére landslide, located in the Triéves area,
30km South from Grenoble (France). Trieves is a sedimentary plateau formed by Quaternary clays and
alluvial material deposited during the Wiirm period [G., 1973]. The thickness of the glaciolacustrine
clays varies from 0 to 200 m [Jongmans et al., 2009]. The Harmaliére landslide is southeast oriented,
400 m wide at the top, narrowing to 150 m at the toe. It develops from an altitude of 735 m (above
sea level), down to the Monteynard Lake (480 m), over a distance of about 1.5 km. It can be classified
as an "active very slow translationnal earth slide - earth flow”. It was abruptly activated in 1981 and
remained active ever since, with new peaks of activity in 2016 and 2017. It is subject to several research
projects. In the recent years, [Fiolleau et al., 2019] exploited UAV-LIiDAR imagery to monitor surface
deformation as well as to characterize the soil type ; multi-method investigation notably seismic and
hydrology was performed [Fiolleau et al., 2021] ; and [Lacroix et al., 2018] used optical satellite data
to detect precursory landslide motion. Ambient noise measurements allowed [Biévre et al., 2011] to

study the paleotopography of the landslide bedrock.
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FIGURE 5.1 Description of the instrumented site on the Harmaliere landslide and the different
available sensors. The black crosses x represent geophones positions for the temporary seismic
prospection survey. The orange triangles A represent the permanent seismometers. The blue
dots e show the position of the RFID tags, and the red squares = are the reader antennas. The
geomon is represented by a cyan cross +. The landslide scar is depicted as a brown dashed
line.

RFID setup and analysis

The RFID monitoring setup is extensively described in [Charléty et al., 2022b]. The autonomous
interrogation setup, consisting of four cross-polarized antennas and an RFID reader (Impinj) powered by
solar/wind energy, reads the set of tags placed in the field at a rate of one measurement every 20 minutes.
The Phase of Arrival [Nikitin et al., 2010] is recorded and used to recover the relative radial displacement
for each tag-antenna couple. Specific concerns about phase processing in outdoors and long-term
environments, are discussed elsewhere [Charléty et al., 2023b, Charléty et al., 2023a, Le Breton et al.,
2017]. An inversion is then performed using the four radial distance measurements, in order to compute

the 3D trajectory of the RFID tags over time, and reconstruct the landslide surface displacement. In
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practice the vertical estimate presents much higher uncertainties than in the horizontal plane, notably
due to multipath effect and antenna system aperture.

Along with the RFID relative displacement measurement, one permanent Geomon ”low-cost” GNSS
receiver (www.infrasurvey.ch) was installed on the field [Fiolleau et al., 2021], and provided absolute
positioning starting from April 2021. In addition to validating the RFID displacement, the Geomon
provides vertical displacements that are generally discarded in RFID [Charléty et al., 2022b]. Con-

versely the RFID deployment provides a dense spatialization of the landslide horizontal movements.

Velocity spectral clustering. To further synthesize the RFID results from n:,, tags, we propose
a spectral clustering approach based on a tag distance-velocity metric. This will help identify coherent
groups of tags, and hence coherent landslide sectors following the concept of kinematic elements pre-
sented elsewhere [Schulz et al., 2017]. For a given period of time, we construct an niag X ntag similarity

matrix, where every tag couple (7, ) has a score s; ; :

_ Cov(vi,v;)

Si,j X Wi,j
Ov,;Ou;

With v; and v; the computed velocity for tags ¢ and j respectively, o; and o; the standard deviation
of the velocity series. w; ; is a normalized distance score that is related to the distance d;; between

both tags and to a typical distance dp :

Wi = e~ di3/do
In our scenario, dy was set to 15 m as a typical decay distance. This way, tags that are too far from
each other will not be correlated.

In practice s;,; is computed as the norm of a 2D vector, with correlation coefficients along the
Oz and Oy directions as coordinates. We run a spectral clustering algorithm [Von Luxburg, 2007]
based on optimal discretization [Stella and Shi, 2003] implemented using a publicly available Python
package [Kramer and Kramer, 2016]. Fitting the similarity matrix s provides k groups of tags with
coherent velocity profiles. For this first implementation, & was empirically set to 2, as the instrumented
zone showed two main sectors. Further improvements could include an automatic estimation of k, as

explained in [White and Smyth, 2005]. This would be especially useful in the context of a system
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FIGURE 5.2 Left : Two-dimensional V, (a) and V; (b) profiles computed from the active
seismic tomography experiment. Interpretation should be limited to zones crossed by seismic
rays. Right: One-dimensional V}, (c) and V; (d) profiles used for sensitivity kernel computation,
with standard deviation envelope as a dotted line. Credit : Gregory Biévre.

Parameter | Sensors (#) | Spacing (m) | Shots (#) | Data Points (#) | Iterations (#) | x> | RRMSE (%)
Vi 24 4 9 193 6 0.5 4.56
Vs 24 4 9 198 12 1.4 3.58

TABLE 5.1 Acquisition settings for the V,, and V; profile inversion, and corresponding statis-
tical results of the geophysical profiles. See [Bievre et al., 2021] for more details.

up-scaling, where many more tags could be deployed.

Active Seismic tomography

A seismic profile was acquired using the same method described in [Biévre et al., 2021], based on
active compressional (P) and shear (S) waves recording using a series or vertical-horizontal geophones.
The positions of the 24 geophones are shown in Figure 5.1, with a spatial sampling of 4 m. The
detection of first-arrival times allowed for inversion of V,, and V; profiles, as shown in Figure 5.2. The
acquisition parameters are summarized in Table 5.1. Inversion results provide satisfactory statistical
results for both x? and relative root-mean-square error (RRMSE). The RRMSE informs on the fit
between true measurements and forward model values produced by inversion. The x? value reflects
the correspondence between experimental error and model misfit.

Note that the seismic profile inversion should not be interpreted in-depth, in zones not illuminated

105



Depth (m)

0.200
R 0.175

0.150

0.125

0.100

0075

0.050

0.025

30 0.000

5 10 15 20 25 30
Frequency (Hz)

FIGURE 5.3 Sensitivity kernel (dimensionless) of the fundamental mode of Rayleigh surface
waves, computed from 1-D V,, and Vj profiles, between 2 and 30 Hz. Credit : Antoine Guillemot.

by seismic rays. Similarly, the V}, and V; one-dimensional profiles are computed as an iso-depth mean

of the 2D-profiles, with no value below the lowest ray trajectory.

Ambient noise monitoring

We used seismic data from a pair of seismometers (see Figure 5.1) located near the landslide scar.
Two Lennartz LE-3D/5s MKIII seismometers were used, with an eigenfrequency of 0.2 Hz, protected
in a waterproof case. We used a CENTAUR-6 digitizer at a sampling rate of 200 Hz, connected to the
same central setup as RFID measurements. After pre-processing steps (spectral whitening and clipping
similar to those described in [Guillemot et al., 2020]), both relative change in velocity dV/V and its
correlation coefficient CC were estimated by applying the stretching technique to cross-correlations
of vertical components. We used a time window between 0.3 and 1.0 s to select only the coherent
coda part of the cross-correlations, that is more sensitive to elastic changes of the medium and less
sensitive to the seismic sources variability than ballistic waves. The cross-correlations were filtered at
several frequency bands, but we finally selected only the 6-9 Hz frequency band that seems to provide
stable and significant results. Assuming the coda part of vertical cross-correlations is mainly composed
of Rayleigh waves, we deduced from their sensitivity kernel that this 6-9 Hz frequency band is most

sensitive to elastic changes occurring between 1 and 10 m depth (see Figure 5.3).
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Hydrological measurements

In order to measure the water table level, a piezometer was installed close to the headscarp of
I’Harmaliére, 300 m East from the field shown in Fig. 5.1. Additionally, rainfall and snow-height
data from the La Mure station (10 km east from ’'Harmali¢re) were used, provided by Meteo France.

The meteorological data was resampled by summing over 24 h for simplicity.
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FIGURE 5.4 (a,b,c) Global displacement summary for all tags on the 2021-2022 period. East-
ing is in full scatter-plot, Northing in dotted line. For clarity, the three plots are arbitrarily
selected based on subjective data quality assertion. (d) Vertical displacement estimated using
the Geomon device.

108



— Group W

o N — GroupW
0.0014 S —— Group E N

0.007 — Group E

20
0.0012 0.006

0.0010

w

0.005

]

0.0008 0.004

M
Rainfall (mm/h)

Rainfall (mm/h)

0.0006 0.003

S

Displacement rate (m/h)
Displacement rate (m/h)

0.0004 0.002

0.0002 0.001

0.0000 0.000

o 0
A3 AN A5 A6 AT A% A9
3> o3 o3 0% 0¥ 0¥ 03
\.0 21 21 21 21 e Pt
207 29 20 20 20 20 20

-Lvﬂ\‘ﬂls 7_:37.\‘37"7:l 7_:,7.\1"7"1g -me-"ix;’;r“‘m 7_07.1‘“\"03

FIGURE 5.5 Velocity series for the march 2021 (left) and december 2021 (right) periods. The
colors indicate the clustering groups (Figure 5.6) : W in blue, E in red. The grey bar-plot
shows hourly rainfall.

5.4 Results and discussion

RFID displacement results

Figure 5.4 shows displacement results for the whole set of tags. The tags are separated by data quality
in order to improve readability. The proposed coherent groups of tags will be presented later. Note
that some tags are moving towards the antenna, although a majority are moving away. The high
variability in data quality is mainly attributed to RF communication : tags that are further, or in
RF-shadowed zones, or out of an antenna’s main lobe, show lower quality data. This is related to
the estimated localization error computed in [Charléty et al., 2022b], caused by multipathing, distance
attenuation and antenna radiation pattern. Generally speaking, the variance is higher in the North-
south direction (lower antenna system aperture) as expected from former theoretical studies [Charléty
et al., 2022b, Charléty et al., 2023b]. The displacement series exhibit various activation phases, with
specific tag groups sharing similar behavior. For example tags 2b, 4e and 51 share most of their
displacement features. Two main activation periods stand out : January to May, both 2021 and
2022, which are linked to intense precipitation events and snowmelt. Following both these events,
a slow creep occurs at rates of about 2 cm/month, with accelerations strongly correlated to rain
events. The Geomon data show coherent results when compared to RFID, and provide valuable vertical
displacement estimation. Downwards displacement is observed consistently over the measurement
period at a rate of about 3 cm/month, with a stabilization during autumn 2021 and 2022. Figure 5.5

presents the velocity series for two selected periods in March and December 2021. The groups of tags (in
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FIGURE 5.6 Displacement field for selected periods of time (P1 to P5), delimited in the
bottom diagram. The vectors represent upscaled tag displacement, and the colors highlight
the clustering results. Starting from April 2022, the approximate shape of the new scar is
drawn in dotted line. In the last image (bottom-right), comparison of two photographs taken
in September 2021 and 2022, with indication of the previous and new landslide scarp. On the
December 2021 subfigure, the group attribution from Table 5.2 is illustrated.

color) were clustered based on the above-mentioned method, using the empirical number of 2 clusters.

This illustrates the differential activity between groups of tags. Note that the clustering results do not

110



yield consistent groups over time, it is rather a matter of general tendency of certain tags to behave
similarly. Two zones stand out for the majority of events : the most active western block (noted W),
and the eastern lower zone (E), which is the flattest sector. In practice, zone E shows heterogeneity
between the tags closest from the scarp (tags 5f, 55, 61) and the southernmost tags, notably during the
2022 scar opening. Based on clustering results, displacement series analysis and empirical judgement,
we propose a broad attribution of tags to groups in table 5.2. Note that some tags belong to both
groups, illustrating the complex and time-varying nature of surface deformation. This attribution is
illustrated in Figure 5.6.

Concerning the March 2021 activation, the two groups show a different behavior. The successive
acceleration phases are all linked to rain events. The E group shows peak velocities earlier than W.
Regarding the December 2021 activation, the main deformation is represented by three tags in the
W group, with peak velocities approaching 1 cm/h. On the other hand, most other tags feature a
week-long slow creep. Figure 5.6 presents a series of 2D displacement fields, for time periods that
were manually selected for their activity features. The clustering results are illustrated by the colored
vectors. The method provides nearly-consistent clusters over time, despite the complex nature of
surface deformation in this case. Nonetheless, the qualitative information provided by the clustering

helps to identify specific active zones.

Multi-method observation results

Figure 5.7 summarizes multi-method observations spanning the 2021-2022 period. Concerning RFID,
a synthetic cumulative displacement indicator is shown. This cumulative indicator is computed from
the integration of average absolute velocities of the whole RFID group, which makes it monotonic. It
can also be interpreted as the positive advancement on a curved (and averaged) trajectory, of the whole
group of tags.

Hydrological information in Figure 5.7 is provided from the piezometer, precipitation and snow

Group Tags
W 4e, 51, 2b, 5b, 2d
E 5b, 26 , 59, 61, 55, 5f, 2d

TABLE 5.2 Attribution of tags to a group showing coherent displacement over time. See
Figure 5.6.
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depth measurements, along with daily temperature measurements. dV/V and CC are shown as well
for the 6 —9 Hz frequency band. We chose to focus on this frequency band because at these frequencies,
surface waves probe a large and representative depth (Figure 5.3). The resulting dV/V are then related
to depths where dynamic processes of the landslide are likely to occur. Note that the dV/V variation
is relative to an averaged reference over the whole monitoring period.

Every RFID displacement is correlated to precipitation events, as well as every CC drop. In many
cases, a surface activity is synchronous to CC degradation, either prior to the triggering (periods of
activation 3, 5, and 7 in Fig. 5.7) or during deformation (2, 8). We observe that CC and dV/V
variations are generally linked, either synchronously (1, 2, 4, and 8) or with a correlation change
preceding the velocity drop (3, 5, and 6).

The dV/V series shows seasonal variations which are expected [Voisin et al., 2016], that correlate
negatively with the water table variations. On a weekly time scale, the main features are variations in
the range of 1-3% that can be related to shear stiffness or density changes. Most of those diminutions
are synchronous to observed surface deformation. In some cases (6, 8), the dV/V drop precedes the
surface velocity peak by a day or two. The seismic data from may 2021 was partly discarded, as the
cross-correlation processing did not provide coherent results.

The landslide is small compared to the volume investigated by the seismic waves that constitute
the coda [Guillemot et al., 2020], which integrates a variety of regions (solid ground, fractured material,
high-density of tree roots, vadose and saturated zones). In such heterogeneous media, the damaged
landslide surfaces represent only a fraction of the ambient noise information. Moreover the volume
directly probed by the pair of sensors is only at a short distance above the landslide scar, and does
not fully include the main slip surface. Hence the rather small observed variations related to landslide
activity, compared to other study sites [Guillemot et al., 2020].

Figure 5.7 exhibits two types of dV/V drops. In the cases of February 2021 (event 1) and June
2022 (8), the sudden variation is quickly followed by a return to the preceding value. Conversely, other
periods of degradation (2, 4, 6, and 7) are followed by a longer transient recovery. In February 2022
(7), a series of accelerations also shows that dV/V changes follow snowmelt and subsequent water table
elevation (see Figure 5.9). This translates in a higher surface displacement that slows down when the
water table goes back to normal, although at a higher displacement rate than previously. Concerning

multiple selected accelerations (1, 3, 4, and 7), a typical scenario is observed : a (series of ) precipitation
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event(s) precede(s) a surface acceleration, which is closely followed by a dV/V drop. One or two days

after the peak velocity, the precipitation impulse translates in a water table rise.
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FIGURE 5.7 Multi-observable data series for the monitoring period. (a) Cumulative displace-
ment indicator for the whole RFID field (described in section 5.4). (b) Daily precipitation and
snow depth. (c) dV/V (in red) and CC (in yellow) for the 6-9Hz frequency band. (d) Daily
temperatures (in black), with different markers for positive (]) and negative (+) temperatures,
and water table level (in blue). Selected periods of activation are indicated by vertical dotted
lines, numbered from 1 to 8.
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FIGURE 5.8 Same legend as Figure 5.7, zoomed in for December 2021 event (6).

Discussion

The space-time oversampling of RFID results, provides precious insights for understanding the trigger-
ing mechanisms of the landslide. We will describe the december 2021 activation event as an example
(event 6 in Fig.5.7, and Fig.5.8). The RFID velocity time series focused on the December 2021 activity,
suggest a cascading activation (Fig.5.5) : the E group shows notable creeping activity two days before

the main event (12/27/2021), with peak velocity in the W sector.

It stands out that the most active W sector is almost never the triggering one, and generally follows
a relatively small and progressive displacement of the downslope E sector. The W sector also shows
the highest peak velocities, whereas the other shows a more progressive, often creeping behavior. This
difference in activation behavior between zones, can be interpreted as a different stage in the landslide
deformation process. Indeed, the most active sector is closest to the landslide scarp (and to stable
terrain), and is located higher in terms of altitude. There is less material surrounding it, so it seems
likely that any viscous damping force will be less pronounced than on the other sector [Nguyen et al.,

2017,Hamasaki et al., 2017].
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From May to September 2022 (event 8 in Fig.5.7) although no dramatic surface acceleration stands
out, a strong change in surface behavior is observed. The main active block W changes directions, a
clockwise rotational movement in the lower part of the field is observed, and a new scar appears several
meters above the previous one. This is illustrated by the displacement field series from Figure 5.6 and
by the photo-series comparing September 2021 to September 2022. We interpret this creeping period
as triggered by the rapid top-down displacement occurring at the end of 2021 (event 6 in Fig.5.7).
RFID data suggests a change in deformation mechanism during this period (see Figures 5.4 and 5.6), a
slow creep followed by rotational movements and the onset of a south-west tendency. Timelapse images
and field observations show profound changes in the instrumented zone, with a strong scar retrogres-
sion and a downward displacement of the area, as shown by the Geomon vertical series in Figure 5.4.
The displacement data as well as the photographs, exhibit a mass transfer towards South-West, and a
synchronous downwards retrogression of the field.

Figure 5.7 shows that, although every surface activity is correlated to rainfall, a mere hydrological
monitoring is not sufficient to account for landslide activity in the current context. Now taking into
account the geophysical quantities, we propose an interpretation of the 2022 activation. Seismic velocity
has been linked to material fluidization, especially in clayey environments. Sudden drops in dV/V can
be interpreted as a rigidity diminution [Larose et al., 2015], generally triggered by a water intake,
leading to fluidization and surface deformation observed by RFID. After the triggering that occurred
mid-winter (event 6 in Fig.5.7), the damaged sliding surface would not heal during the next months,
with sustained deformation accumulating in the viscoplastic medium [Li et al., 2023, Angeli et al.,
1996, Handwerger et al., 2019]. After every strong rain event in early 2022, the dV/V drop is maintained
for weeks. This suggests a fluidization of the in-depth slip plane, which is associated to surface creep
(see Fig.5.9 and Fig.5.7). This interpretation is also backed up by the general response of the water
table to rainfall : in winter because of a lower evapo-transpiration, the water intake is stored longer in
the ground, which may induce stronger variations in soil mechanical properties [Finnegan et al., 2021].
With the dry period starting in May 2022 (see piezometer in Fig.5.7), the creeping slows down and the
general surface behavior changes. The material property change due to pore pressure variation, vastly
documented concerning clay-rich soils, causes a change in soil rigidity due to shrink-swell behavior. This

results in the rapid opening of a new landslide scarp about 3 meters above the previous one [Meisina,
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FIGURE 5.9 Same legend as Figure 5.7, zoomed in for February 2022 event (7).

2006]. The evolution of CC regarding surface displacement can be interpreted as a progressive damaging
of the material during deformation. This is usually followed by global healing suggested by an increase
in CC [Bontemps et al., 2020]. In the case of August-September 2021 (event 5), the correlation decrease
precedes surface activity and dV/V change. Concerning the 2022 crack opening, we observe a general
decrease of CC over the January-August 2022 period.

Following previous work [Grét et al., 2006, Hillers et al., 2014], the interaction between hydrology
and dV/V can be interpreted as a poro-elastic mechanism, where the shallow water layers are affected
by the water table fluctuations. The increased water content elevates the bulk modulus (as well as the
density), lowering the S-wave velocity and hence the surface waves velocities [Le Breton et al., 2021].
The general correspondence between dV/V, rainfall and piezometer high-frequency fluctuations in this
study, tends to validate this interpretation.

The event of December 2022 (event 6 in Fig.5.7) corresponds to a critical scenario in terms of
hydrology, as illustrated in Figure 5.8. Due to a sudden temperature rise and strong precipitations, the
30 cm snow depth accumulated from the previous months melted in 6 days. The corresponding water

intake brought the water table to its highest level in the whole observation period. The dV/V drop
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was synchronous with the rainfall event, and surface displacements onset. The month-long deforma-
tions triggered by precipitation (events 1,6, and 7) are most likely linked to the structural degradation
illustrated by the dV/V drop. Nonetheless, it should be pointed that the snow depth measurement
was not performed in-situ. As the snow cover evolution can be highly variable at a kilometer-scale,

this indicator should be taken with precaution.

The interplay between surface deformation, hydrology and ambient noise measurements, provides a
large quantity of information. In this work, the observation set was narrowed in order to produce
simpler observables for comparison. Nonetheless, both ambient noise and hydrology results could be
further investigated. The seismic velocity profiles (Figure 5.2) could be further analysed to describe

more accurately the mechanical properties of the material, as in [Uhlemann et al., 2016] for example.

The RFID clustering method has proven useful to qualitatively estimate the main deformation zones.
The identification of kinematic elements showed that some sectors were more coherent (W) than others
(E). We believe that clustering can be improved in such scenarios. Notably, implementing spatio-
temporal velocity clustering [Ansari et al., 2020] could allow for a more automatized detection of
deformation events in both space and time dimensions. This would highlight the triggering, damping
and propagation mechanisms that come into play. Moreover, a denser and wider RFID network could

increase the robustness of the clustering.

5.5 Conclusion

The two years of data acquired on I’Harmaliére provided fruitful insights on the landslide kinemat-
ics. Backed-up by a qualitative clustering approach and multi-method monitoring, several landslide
activation phases were identified along with their sub-daily kinematics behavior. Two main activa-
tion periods were identified, triggered mid-winter and ended in summer (both 2021 and 2022). A
retrogression event was analysed, and an interpretation of the multi-observable data was proposed :
the damaged slip surface did not heal notably because of the high water level, and the continuous
deformation induced a constraint release on the topmost landslide material, leading to crack opening

and retrogressive behavior. In general, nearly all notable dV/V changes were directly correlated to
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surface activity, either synchronously or with a day-scale time delay. The results suggest cascading
triggering mechanisms, between interacting landslides blocks ; namely, it seems that downslope slow
creep precedes headscarp activity on the instrumented site. A synchronicity between water table level,
precipitation, surface acceleration (RFID) and soil stiffness variation (dV/V) was demonstrated for a
majority of activations. Thanks to the 2D-RFID deformation estimation, a retrogressive behavior was
identified, correlated to notable dV/V changes and a large advance of the landslide scarp. Velocity clus-
tering results highlighted two main sectors on the instrumented site. A quantitative and automatized
clustering of RFID velocity series can be foreseen in the future. Future work will further investigate

hydrological data as well as ambient noise depth inversion, and the interplay between both.
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FIGURE 5.10 Velocity series for RFID tags during the december 2021 main activation (event
6 in Fig. 5.7).
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Pictures from inside the landslide. Displacement in the Harmaliére landslide are frequently
impeded by the dense vetegation, or the clay which is dry and friable in summer, then resembling
slippery quicksand in winter.
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Chapter 6

Towards centimeter precision

UAV-RFID localization

6.1 Abstract

Radio-Frequency Identification (RFID) shows great potential for earth-sciences applications [Le Breton
et al., 2019], notably for landslide surface monitoring at a high spatio-temporal resolution with long-
term robustness to meteorological events (rain, fog, snow) [Le Breton et al., 2019, Charléty et al.,
2022b]. The ability to localize RFID tags using Unmanned Aerial Vehicles (UAV) in a Synthetic
Aperture Radar (SAR) approach, would offer new possibilites for monitoring inaccessible terrain, even
under vegetation and snow. To that end, an onboard measurement system was built that allows
Global Positionning (GPS) tracking of an RFID reader antenna, in order to perform real-time SAR
measurement acquisition. Three antenna tracking methods were compared. In addition, Marko-Chain
Monte-Carlo (MCMC) optimization was used to estimate tag position and characterize the solution,
even in non-convex cost function scenarios. Two cost functions were compared, based on different
RFID-phase processing approaches. Real-time SAR-RFID localization yielded a centimeter accuracy
in the horizontal plane, with lower resolution in the vertical direction. The Post-Processed Kinematics
algorithm proved to best fit antenna tracking. The unwrapped-phase based cost function provided

more convex solutions, at the cost of a lower accuracy compared to the complex-phase cost function.
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MCMC is computationally efficient in SAR-RFID optimization, with enhanced results concerning the

shape and orientation of the main localization errors.

6.2 Introduction

In the recent years, the use of Unmanned Aerial Vehicle (UAV) as a means of remote sensing has been
a growing research topic [Mohd Noor et al., 2018, Hugenholtz et al., 2012]. In Earth Sciences and
Environmental Remote Sensing, UAVs provide a relatively cheap solution to investigate unreachable
or dangerous places for humans. Compared to satellite-based remote sensing, UAV’s allow for a more
local and flexible investigation, especially in terms of acquisition frequency. Compared to heavier
local devices (fixed Lidar, total station, etc), they represent a lighter solution free to investigate both
wide areas and specific objects. With the Internet-of-Things (IoT) paradigm, new sensing systems are
appearing in which the role of UAVs is of importance, notably in telecommunication [Feng et al., 2018]
and agriculture [Boursianis et al., 2022]. Radio-Frequency Identification (RFID), which is an important
domain in IoT [Jia et al., 2012], has acquired rising interest in the Earth Science community [Le Breton
et al., 2019] for a variety of applications such as pebble tracking, soil moisture sensing, snow depth
estimation [Le Breton et al., 2023b], or landslide displacement monitoring. The combination of UAV
and RFID technologies provides great possibilities notably in the domains of logistics and retail [Motroni
and Nepa, ], but also in environmental sensing [Cassel et al., 2020, Piégay et al., 2020] and notably
ground surface displacement sparse monitoring [Ilinca et al., 2022].

Landslides are complex natural hazards, under investigation since decades. Monitoring is essen-
tial both to study landslide dynamics and to create early warning system. Surface displacement is
commonly monitored and predicted using a wide variety of technical devices, in order to warn the
affected communities when necessary [Chae et al., 2017]. Aerial remote sensing solutions include In-
terferometric Synthetic Aperture Radar (InSAR) and airborne imagery. Stable in-situ methods rely
on total stations, Lidar devices, GNSS or extensometer, and recently RFID landslide monitoring was
demonstrated [Le Breton et al., 2017] and improved [Charléty et al., 2022a, Charléty et al., 2023a] with
a system of fixed antennas in both 1D and 2D localization schemes [Le Breton et al., 2019, Charléty
et al., 2022b).

Most methods suffer from specific outdoor conditions, such as steep slopes, rain and fog, snow,
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vegetation or wandering animals. The above-cited approaches can hardly measure accurate displace-
ments under vegetated cover, even less in the case of snow as its surface movement (snow creep) does
not match ground motion. In this context, RFID shows interesting features that allow measurements
without a free line-of-sight between readers and tags, with a manageable sensitivity to vegetation and
snow [Le Breton et al., 2023a]. Although the interactions between RFID systems and snow or vegeta-
tion have been partly studied [Le Breton et al., 2017, Le Breton et al., 2023b], tag localization in these
media has not yet been demonstrated.

As of now, RFID measurement systems installed on landslides have always been fixed stations
[Le Breton et al., 2019, Charléty et al., 2022b]. We foresee the development of UAV-RFID localization as
a promising method, that could greatly enhance the size of RFID-monitored sites, ensuring a vegetation-
and snow-ready measurement technique [Le Breton et al., 2022].

This paper proposes to investigate the intricate challenges of UAV-RFID landslide monitoring, and
monitoring under vegetation or snow cover : can we monitor surface displacement through snow and
vegetation using UAV-RFID, and with which performance ? First we introduce the subject in an
operational manner (Sec. 6.3), reviewing the various sources of error and the corresponding literature.
The performed experiments are then described in the Materials and Methods (Sec. 6.4). Next, specific
aspects concerning RFID data inversion are covered (Sec. 6.5). Lastly the localization results are

presented and discussed (Sec. 6.6).

6.3 Operational review for outdoor localization

UAV-aided RFID localization using phase-of-arrival measurement, is a challenge that puts several
devices and measurements into play. In that sense, it is a complex problem that implies many sources
of error and offers a variety of choices at every step of the process. Table 6.1 proposes a summary of
all the measurement chain, to the best of our knowledge, and the corresponding literature works. This
table was constructed in an operational perspective, in order to help decipher and reduce individual
€rTor sources.

First the localization of the drone and the antenna attached to it, can be performed in multiple
ways. Using a single GNSS receiver, Precise Point Positionning (PPP) can provide centimeter accuracy

after post-processing [Alkan et al., 2020]. This method often requires dual-frequency measurement and
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is best suited for immobile antenna positioning [Monico et al., 2019]. Differential methods using base
and rover GNSS receivers, such a Real Time Kinematic (RTK) or Post Processed Kinematics (PPK),
only require mono-frequency measurements to reach centimeter accuracy. The latter proved to be more
accurate than RTK because of the better integration of correction and calibration data [Remzi et al.,
2020]. Nonetheless the loss of a fixed-integer position can occur, leading to the absence of usable data
points. To prevent this, Suzuki et al. [Suzuki et al., 2016] used the redundancy of multiple GNSS
receivers mounted on the same drone. Another solution would be to track the antenna using a total
station [Janos et al., 2022]. Although this would yield the best accuracy (even used as a reference
compared to GNSS), it would also negate many advantages of the approach : heavy ground-based
devices, and need for line-of-sight.

When performing measurements with a flying antenna, the geometrical relation between the GNSS
rover position and the antenna position (so-called ”lever-arm effect”) can vary because of tilt [Daakir
et al., 2016]. This is even accentuated in outdoor scenarios, and when the drone flies at high speed
or follows an erratic trajectory because of the wind. The use of an embedded inertial measurement
unit (IMU) for correction can therefore be necessary. In the present scenario, all experiments where
performed at low velocity (a few cm/s at most) on a stable support, so that no inertial correction was
required.

Variations in the phase center position are also prone to appear, notably with varying reader angle
as studied in [Li et al., 2021] or due to a metallic surrounding. In extreme angle geometries, this can
lead to a 1.2rad phase offset (3 cm with the present UHF devices). The presence of the metallic drone
structure is generally accounted for by setting the phase center 10 cm above its physical center [Buffi
et al., 2018]. The combination with antenna tracking error (drone position + tilt) then produces non-
negligible uncertainties, which motivates the exploration of phase-differential methods that can reduce
the impact of phase center bias, by focusing on the local phase variation.

In every RFID-SAR scenario, the shape of the trajectory has a notable impact on the localization
performance. A general rule states that the longer the trajectory in one direction, the better the local-
ization accuracy. The shape of the trajectory can generate secondary peaks in the inversion process,
as studied elsewhere using simulation [Bernardini et al., 2020a]. In scenarios where the antenna over-
looks tags placed on the ground, the trajectory should have maximal vertical and horizontal extension.

Measurements from multiple antennas are also used to increase the size of the SAR without actually in-
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creasing the antenna trajectory [Bernardini et al., 2020b].The spatial sampling frequency should follow
Shanon’s criterion, which imposes a limit on the drone flying speed in the case of real-time measure-
ments. During the measurement process, usual phase measurement errors are expected, with a notable
relationship to RSSI values [Le Breton et al., 2017]. Moreover, in the case of rough terrain or presence
of water (humid vegetation, snow, soil moisture), multipath interference may generate measurement
biases that can hardly be simulated nor canceled.

Another critical aspect of this multi-measurement setup is the time synchronization of RFID, GNSS
an potentially IMU data. At a flying speed of 1 m/s a time delay of 10 ms can lead to a 1 cm space
offset between UAV position and corresponding RFID measurement, added to the relatively poor
stability of the RFID reader in time. To overcome this issue, trigger events have been used for initial
synchronization [Buffi et al., 2018]. Added to this difficulty, is the fact that GPS measurements are
under-sampled compared to RFID.

Once the measurement is performed, the inversion problem poses yet another set of issues. RFID
phase data is usually taken in its complex form and the cost function is defined by the correlation
score between measured and synthetic vector [Buffi et al., 2018]. Other methods rely on segmented
phase unwrapping, which tends to reduce the localization ambiguity [Tzitzis et al., 2021, Li et al.,
2021]. Lastly, the optimization algorithm is a crucial choice in terms of computational cost. A grid-
search approach can be used for exhaustive characterization [Bernardini et al., 2020a], but in real use
cases other methods were explored : Particle Swarm Optimization (PSO) was lately used for complex-
phase, non-convex cost functions [Bernardini et al., 2020b], and simpler gradient methods were applied
to unwrapped-phase convex cases [Tzitzis et al., 2021]. In general it is more efficient to exploit all
available observables such as RSSI and phase, in order to reduce the search window and then perform

a more costly inversion [Li et al., 2021].

6.4 Materials, methods and workflow

Experimental test structure, embedded system

An experimental setup was built to simulate the embedded system on a flying drone, with all devices
mounted on a fiber glass structure (see Figure 6.2). This structure, inspired by [Garcia-Ferndndez

et al., 2020], allowed for a 1D-SAR trajectory of length 1.6 m without actually flying a UAV.
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Error source Comment / solution Error esti- | Literature
mate
Reader Positioning
Localization approach PPK/RTK/PPP. 1-5 cm [Bisnath et al., 2004,
Remzi et al., 2020,
Suzuki et al., 2016], this
paper
Loss of fixed-integer solu- | Related to sky view / multipath | Data loss [Suzuki et al., 2016,
tion environment. IMU can help. Jackson et al., 2018]
Sky view DOP, satellite clock errors. Im- | 1-10 cm [Maciuk, 2018, Cledat
plies a time-varying bias. et al., 2020]
Reader Antenna Posi-
tion ing
Lever-arm effect Requires IMU. 1-10 cm [Daakir et al., 2016,
Gautam et al., 2019,
Zhong et al., 2016, An-
gelino et al., 2012, You
et al., 2020]
Time sync between GPS | Trigger event, or NTP sync. [Buffi et al., 2018, El-
and RFID measurement ing et al., 2015, Hasan
et al., 2018], this paper
GPS/RFID subsampling | Interpolation using IMU or other [Ch’ng et al., 2019]
methods.
Phase meas.
Antenna phase center | Angle (antenna directivity) and | 1-10 cm [Li et al., 2021, Buffi
variation environment dependent. et al., 2018]
Random phase error Depends on antenna and signal | 1 cm [Le Breton et al., 2017,
strength. Charléty et al., 2022b]
Propagation phase error Multi-path interference, media- | 1-20 cm [Charléty et al., 2022b,
dependent delay. Lu et al.,, 2016, Wang
et al., 2020a, Casati
et al., 2017], this paper
Doppler phase shift Depends on UAV velocity. [Tesch et al., 2015,
Azarfar et al., 2021]
Inversion problem
Shape of trajectory Secondary peaks could appear. [Bernardini et al.,
SAR length should be maximized 2020a, Bernardini et al.,
in all directions. 2020b]
Density of points Shanon criterion should be re- | 1-10 cm [Bernardini et al.,

spected, even with trajectories
distant in time.

2020a, Shannon, 1949]

Choice of cost function

Wrapped /unwrapped phase, dif-
ferential, RSSI.

[Buffi et al.,
2018, Bernardini et al.,
2020b, Ma et al.,
2020, Tzitzis et al.,
2019, Tzitzis et al.,
2021], this paper

Inversion algorithm

Computation time, accuracy, pre-
cision estimation.

[Bernardini et al.,
2020a, Bernardini et al.,
2020b, Tzitzis et al.,
2019], this paper

TABLE 6.1 Errors sources for UAV-RFID localization.
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A receiver provided rover GNSS signal connected to a local base with short baseline (<10 m). RFID
measurements were performed with a reader connected to a circular polarized RFID antenna, using a
carrier frequency of 867 MHz and at a sampling frequency of 20 Hz. Internet and wireless connection
was provided by a 4G+ modem. Time synchronization was performed by using a supplementary GNSS
dongle [Hasan et al., 2018] through a local NTP server to which the RFID reader was synchronized. This
way a millisecond-order delay was insured between all measurements. All the devices were connected to
a Raspberry Pi (Rpi), that launched and stored the various measurements. This measurement system
was then moved on a rail structure made of fiber glass, guiding the system on a 1D trajectory. The
height and orientation of the structure varied in the different experiments. Lastly, a mini-prism was
mounted on the system to perform tacheometry reference measurements [Bldha et al., 2012]. Figure

6.1 presents a general scheme summarizing the measurement setup, as well as the construction of the

SAR data.

Data pipeline to produce the SAR

The Synthetic Aperture Radar is a composite vector, combining both reader position and corresponding
phase measurement. This section describes the construction of this SAR vector from raw measurements.

First we will discuss the SAR trajectory tracking. In this study PPK and RTK were used for
reader tracking, along with tacheometry for reference measurement. For PPK, the raw observation
files measured from the base and rover were post-processed using RTKLib [Takasu and Yasuda, 2009]
to obtain a 5Hz-sampled position series. For RTK, the pyUBX [pyu, | python module was used. In
any case, when the fixed-integer solution was lost (leading to a floating point solution), the data was
discarded.

The SAR vector consists of both 3D position and 1D phase measurements, in a 4 x N, shape,
where N, is the total number of readings. Due to different sampling frequencies an interpolation of
the antenna position is required. A spline interpolation was applied for continuous measurements that
respect the Shannon criteria, although IMU-based interpolation could yield better results. When the
criteria was not met, no interpolation was performed. In real-time acquisition scenarios, i.e. when the
antenna position changes between every RFID measurement, high acceleration periods were discarded
because the tilt, vibrations or elastic deformation could disrupt the geometrical relationships between

the different system devices.
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FIGURE 6.1 (Left) Schematic of the SAR embedded measurement system. (Right) Workflow
for data processing, from raw measurement to SAR inversion.

Step-by-step 1D-SAR experiments

The following experiments were performed using the fiber glass structure fixed on the ground (see
Figure 6.2). During experiments the system was moved manually step by step, with a 10 s step
measurement duration. This allowed for a stable configuration at each point. The spatial increment
between measurements was 3 cm. Pointwise tacheometer references were taken using a total station
and the mini-prism. The 1D-localization experiments were performed using the fiber glass structure,

in a variety of propagation media.

e Vegetation : Two different vegetation types were tested : blocks of hay (30 cm thick) and layers
of bark (20 c¢m thick), with different moisture contents. The materials were super-imposed in
various geometries over the tags before the SAR measurement, as represented in Figure 6.2. The

moisture content was estimated by drying the material and weighing it.

e Snow : In freezing conditions, a tag was placed below a 28 cm thick homogeneous dry snow layer,
with an average density of 0.54. The homogeneity of the snow was verified with snow density
measurements at various depths, and the snow temperature profile was measured as well. This
confirmed dry snow conditions (negative temperature on the whole profile). The structure was

placed to perform 1D measurements both with and without the snow layer.
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FIGURE 6.2 Summary of the 1D experiments. (Top left) Schematic of the typical 1D mea-
surements. (Top Right) Experiment in air. (Bottom Left) Vegetation experiment. (Bottom
Right) Snow experiment.

Real-time 3D-SAR experiments

A set of experiments was performed with continuous movement and real-time sampling. The fiber-glass
structure was handheld to perform 3D trajectories, during synchronized measurement from GNSS and
RFID. The antenna velocity was low (a few cm/s) and kept a steady orientation, as was confirmed by

inertial measurements. The real-time measurement campaigns were performed in clear sky conditions.

6.5 From SAR to tag position : inversion methods

In this section, the methods used to estimate the tag position from the SAR tracking and phase
measurements are discussed. First, two cost functions are compared ; then a heuristic is proposed to
reduce the inversion search space ; finally, we discuss the importance of the vertical antenna tracking

error on the final localization result.
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Choice of cost function

In this section, two different cost functions are presented for SAR inversion in order to compare them

: complex phasor correlation and guided unwrapping.

C1 : Complex phasor correlation Most phase-based SAR-RFID localization works [Buffi et al.,
2018] use the following scheme in order to localize an RFID tag with a moving antenna. Let s; be the
complex phase value measured at time ¢. In this work we do not consider the signal amplitude, as the

localization only exploits phase values. Each phase measurement ¢ can be expessed as :

d)i(pant,ptag) = 7471—77/)\ + ¢0 + ()bbias (61)

Where A is the carrier wavelength, r; is the distance between antenna and tag phase center positions
Dant and Piag, ¢o is an unknown phase offset due to phase propagation in the reader, cable and reading
antenna, and ¢pies is a bias due to multipath or antenna phase center variation. Note that ¢ is
supposed constant, and ¢piqs is not modeled in this work. As it is only a second order quantity, we will
discard ¢piqs in the following. We will nonetheless discuss it later. The complex phasor s; is defined

as follows :

si=e 9% = ¢ ITATIA L g) (6.2)

In the following we only consider the phase variation and not the absolute phase value, in order to

remove the constant ¢o. Usually this is done by subtracting the first measurement :

and reducing the measurement vector y to a normalized phasor sequence :

y(panhptag) = [17 Asy ... Asn]
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Inversion is performed by producing a synthetic measurement vector a based on a hypothetical tag

position p},, and the estimated antenna trajectory :

a(pantap;ag) = [1, ASll Asfn]

The best match between the measured and synthetic vectors is then found through the normalized

correlation product :
a”y]

C /a =
HPtas) = Loy v

With H the Hermitian operator.

C5 : Guided phase unwrapping Phase unwrapping is a crucial aspect of phase-based RFID
localization, usually associated to cost-function convexity and more constrained localization solutions.
The complex trajectory of outdoor UAV flights and on-board data acquisition, add to the difficulty of
ad-hoc phase unwrapping. Additionally, rough terrain and humidity generate unpredictable multipath
interference, and loss of data points can lead to phase decoherence.

We propose a simple algorithm derived from fixed-antenna RFID monitoring [Charléty et al., 2023a]
in order to perform unwrapping based on a model. To keep track of phase coherence, we utilize
the synthetic unwrapped-phase vector for every test point b built through Eq.6.1 as a reference for

unwrapping the measured wrapped phases y :

yo=U(y—Db)+b (6.4)

With U an unwrapping operator as discussed in [Li et al., 2021, Sarkka et al., 2011a], the choice of
which is not the subject of this work. In the present case we used the complex smoothing unwrapping
approach, presented in [Charléty et al., 2023a]. Note that the knowledge of ¢ remains unnecessary as
we can still normalize both vectors to the first measurement. The guided output y, is thus unwrapped
to correspond to the test point phase series b, especially after long data gaps. The proposed cost
function is the same as C', in order to obtain comparable cost functions.

|bHyg|

Callay) = A2 Yol
(Pias) = T5] Ty,
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We have herein presented two cost functions for SAR inversion. The two next sections will discuss
the inversion approach, first reducing the search space, then using MCMC to characterize the cost

function.

Pre-localization heuristic

In order to reduce computational cost, it is necessary to have a relatively small search zone. Additionally
it is important to use a robust convergence algorithm, to prevent incorrect localization results due to
secondary peaks. Final inversion is generally performed using only phase measurements, but pre-
localization can be performed using more classical RSSI-based algorithms [Ni et al., 2003, Han and
Cho, 2010]. Even though the latter show accuracy on the order of 0.5 — 1m, it reduces the search
window and the computational cost in a cubic manner. In this work we use the RSSI maximum as the

center horizontal of the search space, which is a cube of variable size depending on the experiment.

Inversion algorithm

In this section, the choice of the optimization method is discussed, which is an important matter
as well. Firstly because the cost function is generally non-convex, and gradient-based algorithms do
not converge towards a stable solution. Secondly because an exhaustive search (so-called gridsearch)
implies a high computational cost, especially in the case of a 3D search in a meter-wide window. For
both research purposes and real-world applications, using an efficient algorithm to find the tag location
is thus crucial.

In a real-world outdoors scenario, with uncertain antenna height due to rough terrain, and unstable
trajectories due to wind and obstacles, typical inversion methods do not provide stable minima. As
was studied elsewhere [Bernardini et al., 2020a], the shape of the cost function greatly depends on the
SAR trajectory, with secondary peaks often appearing.

This paper proposes to use a Markov-Chain Monte Carlo (MCMC) optimization, which is suited for
global optimum research of non-convex cost-functions [Gilks et al., 1995]. Moreover MCMC constructs
a covariance matrix in the parameter space, providing useful information about the main directions
of error. This paper will not go into detail concerning this method, only stating that MCMC builds
a Markov Chain that approximates the probability distribution of a given function, here C; or Cs.

One classical way of building this Markov Chain is the Metropolis-Hastings algorithm, which we use
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here. The ergodic property of this random walk algorithm, tends to approximate the cost function
as a probability density distribution. The general MCMC approach is inspired by [Serripierri et al.,
2022, Moreau et al., 2014]. First a simulated annealing (SA) algorithm is run to obtain a starting
position [Du et al., 2016] and an estimate of the measurement variance, then classical MCMC [Chib
and Greenberg, 1995] is run for cost-function mapping. Using the correct parameters, the output

distribution represents the cost-function.

Sensibility to antenna position uncertainty

In the SAR-RFID scenario, there is a doubled negative effect from the system sensitivity in the vertical
direction. It is widely documented that GPS solutions show a higher uncertainty in the vertical
direction than in the horizontal one [Zandbergen and Barbeau, 2011]. Moreover, the direct model for
phase measurement is especially sensitive to a vertical displacement of the reader antenna, because the
UAV flies above the RFID tag [Bandini et al., 2022].

Let us derive a simple model to explain the vertical sensitivity of the system. Figure 6.2 describes
the system. As derived elsewhere [Charléty et al., 2022b], the phase variation d¢,, in the direct model

at first order is expressed as :

1 x

A = ————
o= T

[dzy + €z dzr + €] (6.5)
Where z and z are the antenna-tag distance coordinates, dx, and dz, are the true position variations,
€z and €, are the antenna localisation errors. The GPS device that we use yields values of €; ~ 1 cm
and €, ~ 3 cm, confirmed by the literature [Janos and Kuras, 2021]. In usual UAV trajectories, the z
coordinate is usually less prone to vary (if not set to a constant) than the horizontal coordinates. In
the present step-by-step scenario, the true variation dz, between consecutive measurements is of mm
order. This implies that the modeled height variation dz, + €. is mostly driven by the vertical error
€.. In addition, the fact that z > z in the general case of a drone flying over the tag, yields a higher
sensitivity in the z direction. For these reasons it is important to mitigate the antenna vertical position
error.

We have covered various aspects of SAR inversion, notably the choice of the cost function and the

importance of the vertical tracking error. Next section will present and discuss the results.
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FIGURE 6.3 Qualitative results for the localization of a tag using a 1D SAR and tacheometry
for antenna tracking. (Top) 3D view of the MCMC distribution (180 000 points out of 800 000
candidates). (Bottom) xOy and yOz projections of the MCMC distribution. The colors repre-
sent the corresponding cost using C1. The true and estimated position are shown as crosses.

6.6 Results and discussion

Before analysing the localization results, we first validate the MCMC method in comparison to a grid-
search algorithm. Then the various antenna tracking methods, and 1D localization under different
media are compared. The two cost functions C; and C5 are discussed, and finally 3D real-time local-
ization is presented. In this next section, all MCMC results are presented in a statistical manner. After
performing the MCMC run with a given number of candidates (typically 100 000), the distribution is

plotted as a histogram with sub-centimeter resolution, or as a 3D scatter-plot.

135



. e {1 |
g

o
ES

IN

IS

o
w

Oy PDF
w -~
—

o
N
C1 cost (gridsearch)
Oz PDF
o
(2]
"~
~=
/
o
w
C1 cost (gridsearch)

N
o
£

—

> ||
o
o

'
v
e

-0.1
/ \ 0.2 - / \
14
-0.0
R o
0- 00- -
-1.0 -05 0.0 05 1.0 -1.0 -0.5 0.0 05 1.0

y(m) 2(m)

/

FIGURE 6.4 In blue, histogram of the MCMC distribution projected on the Oy (right) and
Oz (left) axes. In orange, gridsearch estimation of the cost function along a line, centered on
the estimated position.

Validation of MCMUC localization with 1D SAR

Figure 6.3 presents qualitative MCMC results for a 1D-SAR experiment performed in air. The mul-
tivariate plots highlight the 3D shape of the cost function, which resembles a torus centered around
the SAR axis. When projected onto Oy and Oz, the MCMC distribution indicates the presence of
minor secondary peaks, although not generating localization ambiguities. An exhaustive gridsearch
was computed along the main SAR directions, centered around the MCMC solution. The comparison
between gridsearch and MCMC in Figure 6.4, shows coherent maxima. The difference in cost function
shape is due to the different search spaces represented by both 3D-MCMC and 1D-gridsearch : the
first represents accumulated results along the whole 3D search space, whereas the second only shows
the cost function along a 1D-line. Figure 6.4 shows that MCMC succeeds in accurately mapping a non-
convex function for SAR-RFID phase inversion, with a lower computation time and better (virtually
unlimited) resolution than a gridsearch algorithm. Moreover the MCMC output is directly exploitable

for a statistical evaluation of the inversion (see below).

Tag localization using different antenna tracking methods

Table 6.2 shows results for 1D-localization using different antenna tracking methods. The tacheometer
is the most accurate method, as could be expected from the devices’ reported performance [Bldha
et al., 2012]. RTK and PPK yield a similar accuracy in the horizontal plane. The artificial vertical

stabilization of the SAR trajectory tends to improve the vertical localization results.
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L Tacheo RTK PPK
Localization scheme
1D 1D Stable Z 3D
€y (m) < 0.01 | 0.015 0.01 0.02
€, (m) 0.026 0.08 0.04 0.03

TABLE 6.2 Summary of localization results using a fiber glass stable structure, and the au-
tonomous measurement system. The 1D experiments were performed step-by-step, while the
3D experiment was real-time.

Vertical stabilization for RTK The higher vertical error for both PPK and RTK is partly
induced by the poor accuracy of both methods in this direction. The reported RMS of the U-blox
FOP is 3 cm in the vertical direction [Robustelli et al., 2023], which was also verified in situ during the
testing phase. This Oz instability produces poor inversion results as stated previously. An artificial
stabilization of the vertical coordinate was tested : a 3-point rolling average was applied on the RTK
vertical coordinate, increasing the Oz localization accuracy by a factor 2 (see Table 6.2). This smoothing
showed satisfactory results in a controlled and stabilized experiment. We believe more research should
be performed in order to generalize it to real-time acquisitions. Indeed as the behavior of the SAR
phase does provide information about the Oz antenna movements. A Kalman filtering approach could
for example be applied in a SLAM approach, that would take into account the vertical error of the

antenna as well a data fusion from IMU or Lidar devices [Gupta and Fernando, 2022].

Tag localization under vegetation and snow

The drying experiment revealed a 50% moisture content for bark, against 2% for hay. Figure 6.5 shows
localization results for the vegetation experiments, illustrated by MCMC histograms. Hay does not
show any significant effect on the radiowave time of flight, thus on the localization cost function, even
when two blocks of hay are used (1m depth of material over RFID tag). As shown in Table 6.3, the
localization error stays within centimeter margins. On the contrary, the effect of bark is more notable.
The shape of the solution is not changed dramatically but the error isl higher in both Oz and Oy
directions. In the case of a bark/hay superposition, with the moist bark above hay, the localization
results are strongly disturbed. The cost function is modified especially in the Oz direction, where a
clear secondary peak appears. In both directions, the peak is widened and shows a higher deviation.

This disturbance is most likely due to multipath effects, as was confirmed by comparison of phase
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FIGURE 6.5 MOCMC results for the 1D vegetation experiments, with €, and ¢, the localization
error along Oy and Oz, o, and o, the respective standard deviation of the MCMC distribution.
All results were computed using Cf.

Medium Air Hay Bark | Bark/Hay | Snow C; | Snow Cj
¢, (m) | <001 | <0.01 | 003 | 001 0.05 0.06
c. (m) | 0.0l | 003 | 0.05 0.04 0.14 0.25

TABLE 6.3 Localization results for various propagation media : error €, along the 1D-SAR
direction, and €, along the radial direction (or vertical).

measurements.

The localization results under snow are presented in Table 6.3 and Figure 6.6, with typical errors
about 3 cm. Using the same cost function as in the vegetation experiment (C7), we note that the
snow induces a strong secondary peak approximately one wavelength away from the main one (\ &~
16 cm). Focusing on the main peak, a 5 cm horizontal error is still obtained, and 12 c¢cm error in the
vertical direction. The localization in air from Figure 6.6 shows a higher error than in the vegetation
experiments, although it remains in the standard deviation limits. The cost functions will be compared

below.

Interpretation The sensitivity to the bark material can be explained by its higher moisture con-
tent, as well as its mesoscale material structure, that present a high number of air/wood interfaces

(RF diffraction and diffusion). As could be expected from the mostly horizontal trajectory, the verti-
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FIGURE 6.6 MCMC results for the 1D snow experiments, with a comparison between C; and
C5 results.

cal direction is more sensitive to perturbations of the medium. Moreover, one specificity of the bark
material was its asymmetry : one side of the bark layer was thicker, which deported the measurement
bias towards a specific direction. Translated in real scenario, this highlights that non-homogeneous
and moist material can strongly disturb both measurement accuracy and precision [Le Breton et al.,
2017, Pichorim et al., 2018], especially if they are elevated above ground (wet leaves for example). This
is why the snow experiment was performed with dry and fresh snow : although it caused a considerable
phase shift, the relative homogeneity and symmetry of the medium preserved the coherence of the
measurement. Nonetheless, the overall 1D results show that the effect of snow on localization are the
highest compared to the tested vegetation. Besides, the snow might artificially lower the position of
the tag, because of the longer optical path in snow than in air. Due to the vertical ambiguity of the

results it is not possible to conclude on this aspect.

Comparison of cost functions

Figure 6.6 also presents MCMC results using cost functions C and Ca, for the snow experiment. C}
produces an ambiguous inversion result with multiple peaks in the presence of the snow layer. This is

most likely due to the multipath interference and phase delay introduced by the snow. On the contrary,
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Cs generates a stable peak in the Oy direction. This can be explained qualitatively, by stating that
the guided-unwrap approach accumulates information along the whole SAR. Indeed, a correct phase
unwrap is new information for inversion and it reduces the ambiguity. We interpret C> as a way of
averaging the ambiguities that C; highlights. Conversely C> produces a much broader vertical peak,
lowering the accuracy of the Oz localization. In this direction, C7 thus seems like a more accurate
solution.

The smoothing nature of the C> function translates in a less pronounced minimum and a decreased
MCMC process temperature, which implies a higher number of candidate rejection. In order to obtain
a given number of points in the distribution, C'> hence needs more MCMC iterations. Moreover as C2
implies more operations (unwrapping is a significant burden), its computation time is higher than C;.

This is balanced by the convexity which makes gradient-descent possible using Cs.

Limitations of the unwrapping approach Cs :  Note that the Cs algorithm is based on the
assumption that ¢,, and ¢; behave in a similar way, and is built to estimate the resemblance of the
two series in a real-data scenario. If the two series have nothing in common, the algorithm will produce
non-realistic over-fitting results that should be discarded. This method proves to be more stable than
standard phase unwrapping, and the added information allows for a better convergence when searching
for most probable tag position.

Although phase unwrapping shows considerable advantages, it is much more sensitive to perturba-
tions. Notably when the space sampling frequency changes (UAV speed variation) and in strong weather
scenarios (wind/rain/vegetation), the stability of any unwrapping algorithm is challenged [Charléty
et al., 2022a]. Most unwrapping algorithms have been developed and tested indoors [Tripicchio et al.,
2021, Tzitzis et al., 2019], where the faced challenges are different (more multipath, simpler environ-

ment). There still remains a need for outdoor validation of such algorithms.

3D real-time localization results

Figure 6.7 presents MCMC results for a 3D-SAR real-time experiment using the C2 function. The

localization results are provided in Table 6.4, with aperture length L, error € between reference position
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FIGURE 6.7 MCMC localization results for a tag with a 3D trajectory. (Left) 3D densities in
xOy and xOz planes. (Right) MCMC density projected on every axis.

and MCMC distribution average, and distribution standard deviation o. Note that the MCMC solution
error is consistently comparable to the standard deviation score (interpreted as an ”error bar”). The
relatively short vertical aperture results in a higher deviation than in the horizontal plane. This partly

explains the higher error, along with the higher vertical sensitivity of the system (see Section 6.5).

Direction | Aperture length (m) | Localization error (m) | Standard deviation (m)
X 1.6 0.02 0.015
Y 1.2 0.02 0.015
Z 0.25 0.08 0.1

TABLE 6.4 Summary of the 3D-SAR localization results.

Discussion on main error directions

In the context of a mainly horizontal trajectory, the xOy and Oz estimations are often discriminated
because they don’t rely on the exact same inversion approach. Namely, the SAR horizontal aperture
can provide a high precision in the xOy plane, whereas additional information is often needed for
Oz, such as Lidar, IMU or other altitude measurement devices. Figure 6.7 shows qualitatively that

MCMC space parameters are correlated, which challenges this horizontal/vertical separation. The
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Experiment Air | Hay | Bark | Bark/Hay | Snow | 3D
yOz corr.coef | 0.15 | 0.26 | 0.22 0.34 0.3 | 0.41

TABLE 6.5 Correlation coefficient between Oy et Oz parameters in the MCMC distribution,
for various localization experiments.

strong correlation that can appear between vertical and horizontal parameters is an additional source
of error. It is expected that the main error directions are not aligned with the XYZ inversion frame,
and MCMC allows for a detailed analysis of these directions. Table 6.5 presents correlation coefficients
between Oy and Oz parameters, in the yOz plane (or perpendicular to 1D trajectory, when applicable).
Note that the highest 1D scores are reached in the most RF-sensitive media (heterogeneous and high
permittivity : bark/hay and snow), indicating that multipath-rich environments also reshape the cost
function’s main directions. The higher correlation in the 3D case is also an effect of the trajectory,
which is not symmetrical nor uniformly sampled. This highlights the necessity to identify eigenvectors

of the MCMC distribution and compare them to the usual horizontal-vertical directions.

6.7 Conclusion and perspectives

This paper presents various advances aiming towards centimeter localization with SAR-RFID devices,
in outdoor conditions. The numerous sources of error of the method, and the corresponding hardware
and software choices, were listed in an operational manner. The feasibility of localization under veg-
etation and snow cover was demonstrated, and limitations concerning moisture content and medium
homogeneity were highlighted. Localization errors under vegetation do not exceed 5 cm in the vertical
direction, and 1 cm in the horizontal plane. Under snow, the vertical localization error was about 10 cm,
and 4 cm in the horizontal plane. Two cost functions were compared for SAR inversion, highlighting
that phase unwrapping resolves solution ambiguities, but lowers the vertical precision. Three antenna
tracking methods were compared, namely tacheometry / RTK / PPK and showed that PPK was best
adapted for landslide monitoring purposes. An optimization algorithm based on Markov-Chain Monte
Carlo was employed for inversion, providing both high accuracy and estimation of parameter covariance.
Real-time measurements performed with a handheld SAR-RFID structure, demonstrated centimeter
accuracy and precision in the horizontal plane. As expected the vertical accuracy of SAR-RFID is

the lowest and most sensitive to multipath interference from the propagation environment. Various

142



solutions to this issue could be for example : a diversified trajectory lowering the sensitivity to vertical
direction, or the use of a lidar or accelerometer to provide a more stable vertical position.

The overall SAR-RFID system suggests interesting perspectives of improvement, notably concerning
better antenna positioning using for example GPS-IMU fusion, and of course real UAV monitoring on
landslides. As a side-use, this method can also be used for material sensing by exploiting the RF
disturbance of snow or vegetation. SAR-RFID approach is promising for landslide surface monitoring.
More experiments are needed in vegetated and snowy environments, especially in humid scenarios. UAV
measurements showed that research efforts should be dedicated to estimate and correct the lever-arm

effect from GNSS rover to antenna center.
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The cultivated field above the landslide is affected every year by the headscarp progression.
On the bottom picture, the wheat that was sown before the scarp retrogression could not be
harvested.
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Chapter 7

Conclusion

In this conclusive section, we will summarize the key results of this research work, then discuss the

current limitations of the approach, and finally propose perspectives for future research work.

7.1 Key findings and conclusions

Signal processing approaches were developed in order to enhance the RFID data, exploiting redundan-
cies and tag group behavior (Chapter 2). Fusion operators were implemented to merge multi-frequency,
multi-antenna and multi-tag phase data, with data availability increasing from 3% to 38% depending
on the site. A guided-unwrapping approach was used to better unwrap partially-read tags, which re-

duced the number of unwrapping errors by more than 50% on the studied site.

In parallel to deterministic processing, a stochastic Kalman smoothing approach was developed (Chap-
ter 3). Based on a simple position-velocity model, the smoother produced accurate results with im-
proved features compared to the previous deterministic approaches. Namely, implicit phase unwrapping
was demonstrated based on the velocity continuity hypothesis, and inter-tag coupling was introduced
in order to complete partial data. Additionally, the Kalman covariance matrix is a promising indicator
of the localization quality, and can be exploited to discriminate true displacements from multipath-

induced artifacts.
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Following the prior validation of 1D monitoring capabilities in an outdoor environment [Le Breton
et al., 2019] using RFID tags, we demonstrated 2D monitoring at a centimeter level (Chapter 4). The
study of the sensitivity of 3D localization highlighted the importance of the reader antenna system
aperture, as well as the higher sensitivity in the vertical direction. In the current scenarios, centimeter
accuracy can be expected in the horizontal plane. 2D monitoring presents notable advantages com-
pared to 1D. Namely, a lower sensitivity to fast displacement because of higher ambiguity zones, hence
an increased robustness to fast displacement ; the possibility to identify changes in direction of move-
ment ; the potential resolution of rotational movements by exploiting multi-tag information. All these

advantage open new application perspectives.

The two years of data acquired on the Harmaliere landslide provided fruitful insights on landslide
kinematics (Chapter 5). Supported by a clustering approach and multi-method monitoring, several
landslide activation phases were identified along with sub-daily kinematics behavior. The results sug-
gest a cascading triggering mechanism, between interacting landslides blocks. The synchronicity be-
tween surface creep (deduced from RFID) and soil properties variation (from dV/V) was pointed. This
synchronicity was interpreted in light of the hydrological data. Although every surface acceleration
was linked to hydrological events (rainfall, high water table), the hydrological inputs do not entirely
dictate the landslide activity. By providing insights on the damaged volume below the surface, and on
its potential healing, the dV/V series allowed a finer understanding of the inner landslide mechanisms.
In general, most notable dV/V changes were directly correlated to surface activity. Thanks to the
2D-RFID estimation of tag displacement, a retrogressive behavior was identified, correlated to strong
dV/V changes and a large advance of the landslide scarp. Multi-method monitoring using notably

RFID and dV/V, hence proved its interest on this applied case.

Synthetic Aperture Radar was applied to outdoor tag localization (Chapter 6), with the objective
of localizing and tracking tags using UAVs with a centimeter accuracy. A set of field experiments
highlighted the challenging aspects of such methods, both technically and theoretically. Laboratory
experiments demonstrated centimeter accuracy with snow and vegetation cover, and a novel optimiza-
tion method was applied based on Markov-Chain Monte-Carlo. This method is especially fit for the

SAR-RFID problem, because it allows global minimization of non-convex functions, and it provides a
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covariance matrix in the parameter space. Real-time measurements performed on a handheld structure

demonstrated centimeter resolution in the horizontal plane.

This thesis showed the possibility to localize and track RFID tags on a landslide surface. Through a va-
riety of approaches and measurement systems, we have shown the growing potential of RFID landslide
monitoring. Thanks to 2D /3D localization, a fine understanding of landslide kinematics can be reached.
The data fusion and Kalman smoothing approaches bring RFID monitoring towards improved data
robustness. This opens the way to go beyond observation, towards hazard securing and early warning
systems. The potential of UAV-RFID localization was demonstrated as well, with promising applica-
tions in large landslides monitoring under vegetation and snow cover. Considering the above, we can
conclude that RFID landslide monitoring proved its potential, and was further developed towards more

robust, more accurate and more wide-scale methods.

7.2 Current limitations of the approach

Besides the promises of RFID landslide monitoring, we shall point out the limitations and lines of
improvement that are currently identified.

As of now, the tag read range is a key issue for system upscaling : the ability to track tags further
than 100 m via fixed antennas, or to localize them with UAV under 30 m-high trees, would be extremely
beneficial for the method. Currently the range of applications is limited by the relatively low read range
of RFID systems.

Another remaining challenge of outdoor RFID systems is data robustness or enhancement. Al-
though RFID provides valuable all-weather, long-term and low-cost access to surface displacement, the
noisy and variable-quality datasets (compared to more stable measurements such as extensometer or
total station) pose specific issues. This high variability challenges the data-processing methods that
were developed, such as phase unwrapping or data fusion algorithms. It has been an ongoing challenge
to implement robust (deterministic) algorithms, and there is now a need for stochastic methods to take
advantage of the varying measurement accuracy. Several improvements have already been brought
herein (Chapter 2 and 3) and elsewhere [Tsanousa et al., 2022, Wan et al., 2022], opening promising

perspectives for the future.
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Most approaches presented in this work only consider relative ranging, which is of limited interest
compared to absolute ranging. This is related to the relative nature of Phase Difference of Arrival
(PDoA) measurements. Although this is an important drawback of the method, we will discuss ways
of bypassing it in the next section.

Concerning the RF measurement itself, multipath interference is another major issue for any RFID
measurement. This has been thoroughly tackled in indoors scenarios, where multipath can be simulated
thanks to flat surfaces and predictable evolution in the interference patterns. But in outdoors scenario,
with complex topography and the presence of vegetation or snow, multipath interference is virtually
impossible to simulate. Ideal cases can be studied, such as a flat ground surface with a homogeneous

snow layer (Chapter 4), but the general case does not yet seem computable.

7.3 Perspectives and future work

Future of RFID landslide monitoring

This work showed the potential of RFID landslide monitoring, both in terms of data processing improve-
ment and of geomorphological interpretation. This section will discuss a few development perspectives

that can be foreseen, in the continuity of this work.

First, as the main advantage of the method is the cost-per-point, increasing the number of tags on the
observation site would be a simple but effective improvement. This is one of the main arguments for
developing RFID in environmental monitoring, as it provides space-time oversampling with virtually
no limit on the number of tags : it becomes possible to densely map the true displacement field of a

landslide on a dense grid, under vegetation and snow, at a relatively low cost.

Then, related to the previous point, as the range of RFID tags is a strong limitation nowadays, im-
proving it is a key challenge for developing the method. Other works have already shown interesting
results, notably exploiting the quantum tunnelling effect on 5.8 GHz semi-passive tags and reaching

up to a l-kilometer read range [Amato et al., 2018].
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We should also point out the numerous environmental sensing capabilities of RFID tags, apart from
solely propagation-based remote sensing. Tags equipped with moisture sensors have already been used
for landslide monitoring [Pichorim et al., 2018]. Along with temperature [Amin and Karmakar, 2011],
pressure [Brinker and Zoughi, 2022], pH [Potyrailo et al., 2011] or strain sensing [Occhiuzzi et al., 2011],
RFID offers a vast set of quantities to monitor. Combined with the many advantages described in this
work, environmental sensing with RFID will surely continue to foster earth science monitoring in the

future.

Next the subject of noisy and redundant data remains widely unexplored for our application. Al-
though notable improvements have already been demonstrated notably in this work [Le Breton et al.,
2017,Charléty et al., 2022a,Charléty et al., 2023b], we still lack a systematic approach for RFID localiza-
tion that would be adaptive to the data context. Taking inspiration from the GPS techniques [Drawil
et al., 2012], we could develop data quality indices associated to corresponding ranging methods,
with comprehensive phase ambiguity resolution. To that end, Kalman data fusion algorithms seem
promising for optimally merging different ranging methods (relative and absolute) featuring variable
accuracies [Gan and Harris, 2001]. As an example, absolute RFID ranging has been recently improved
thanks to the increased ETSI band [Mathieu, 2023]. Such fusion architectures are analysed by [Sasi-
adek and Hartana, 2000]. or [Gao and Harris, 2002], and [Loffeld et al., 2007] applied fusion for 2D
phase unwrapping. Using these approaches, optimal use of the RFID data could be reached with an

absolute ranging objective.

Connected to the previous points, the clustering methods described in Chapter 5 have shown in-
teresting although limited results. The relatively low number of tags in 'Harmaliere, along with the
variable noise levels and the clustering method itself, could be responsible for such results. We be-
lieve that with an increased number of tags and more adapted clustering methods, some kinematic
landslide features could be detected automatically : triggering mechanism, retrogression, and general

changes in behavior. The redundancy of our dataset is important and it has not yet been fully exploited.

Finally we shall discuss the future development of UAV-RFID landslide monitoring. UAV’s have

already shown great potential for earth-science applications [Antoine et al., 2020], including landslide
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mapping and characterization [Niethammer et al., 2012, Rossi et al., 2018]. As shown in Chapter 6,
one of the the main current barriers for improvement is the antenna’s accurate positioning (linked
to both GNSS accuracy and lever-arm effect), along with GNSS-RFID measurement synchronization.
Presently, the GNSS accuracy issue is a quite active topic in environmental monitoring [Gilliot et al.,
2022,Remzi et al., 2020, Tomastik et al., 2019], and many improvements can be expected in the future.
Concerning RFID landslide monitoring, several challenges have been tackled both hardware (measure-
ment accuracy, synchronization) and theoretical (inversion methods). A few steps remain before proper
in-flight localization can be performed, notably the validation of the lever-arm effect correction, and
ideally the implementation of IMU-GNSS fusion for higher position accuracy [Gautam et al., 2019, You
et al., 2020]. Moreover, the systematic implementation of additional on-board systems such as Lidar
devices, could greatly enhance the quality and stability of UAV-RFID data acquisition [Opromolla
et al., 2016, Qian et al., 2021]. In the future we anticipate the rise of UAV-flight automation for the
daily monitoring of large geo-hazards. Indeed, as was observed during the numerous measurement
campaigns of this work, the level of human effort needed for manual UAV-flight is high, and it even
brings new sources of error in harsh environmental contexts. Such ideas about automation have al-
ready been discussed [Kingston et al., 2016, Gomez and Purdie, 2016], leading to the development of

search-algorithms [Ivi¢ et al., 2020] that could inspire UAV-RFID monitoring.

Low-cost sensors for environmental monitoring

Although my work was focused on RFID sensors specifically, it belongs to a global dynamic that goes
beyond both RFID or landslides. Low-cost sensors applied to environmental monitoring have attracted
research interest since more than a decade, for a variety of applications including weather monitor-
ing [Strigaro et al., 2019], water resource management [Paul and Buytaert, 2018], soil moisture [Placidi
et al., 2020], or pollution monitoring [Kumar and Gurjar, 2019]. The Internet of Things paradigm,
along with easier access to data and diminished sensors cost, offers new perspectives for environmen-
tal measurements. As stated by [Mao et al., 2019], "while there are some trade-offs with regard to
robustness, calibration requirements and accuracy of low cost sensors when compared to high—end
commercial sensors, the potential for greatly increased spatial coverage will facilitate new insights
into environmental process dynamics” ; this statement perfectly fits the present work. Thanks to the

readiness and accessibility of low-cost off-the-shelf sensors, open-science and participative research are

150



expected to "make knowledge creation and governance more multidirectional, decentralized, diverse,
and inclusive” [Paul and Buytaert, 2018]. As an example, water table level and discharge measurement
systems usually necessitate complex maintenance that confines them to large institutions or govern-
ment entities : low-cost hydrological sensors could hence be considered as a means to complement
institutionalized data collection.

The benefits of such low-cost devices could be even greater in low-income countries, especially in
regions where conventional observation systems are insufficient. As explained by [Strigaro et al., 2019]
concerning weather monitoring, this could help address the low resilience and adaptation capacity of
low-income economies, enabling " monitoring local phenomena in real-time and through dense (in time
and space) observations”. These sensors are very attractive due to their near real-time availability
with a high spatio-temporal resolution and, therefore, potentially able to fill the long-standing gap in
detecting local activities that go unnoticed in various geographic locations.

The main issue to address with this kind of sensors is the data quality issue, as explained in Chap-
ter 2 and 3. If decisions are to be taken based on these sensor networks, data should be most reliable
and accurate. At a higher level, the absence of standards for data and metadata concerning these

sensors is also a crucial point [Strigaro et al., 2019].

Remote sensing and environmental monitoring

Although this work mainly focused on direct RF models, rarely taking the propagation environment into
account, interactions between RF and the medium actually provide vast quantities of information. This
is the basis of remote sensing, including satellite-based observation of vegetation [Xue et al., 2017], RFID
for snow depth estimation [Le Breton et al., 2023b] or vegetation depth [Le Breton et al., 2023a], and
other numerous methods [Weiss et al., 2020, Li et al., 2020]. Among the broad applications of remote
sensing to environmental monitoring, one that particularly attracted my attention are the so-called
” opportunistic measurements”. Using the intensive communication flux of either the Internet [Casado
et al., 2005], telephony [Nemati et al., 2017], or any other information propagation medium as a means
of probing it, stands out as a surprising, innovative and low-cost approach. At the frontier between

Radio-Frequencies, signal processing and low-cost sensing, the example of Commercial Microwave Links
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is eloquent in this regard. Several works have described the possibility to estimate rainfall through the
radio-link signal attenuation of telephony networks [Chwala and Kunstmann, 2019], which allows the
production of rainfall maps at scales from city [Djibo et al., 2023, Turko et al., 2021] to country [Graf
et al., 2020]. In this kind of application, the issues concerning antenna sensitivity to environmental
changes, multipath phenomena, and inversion of noisy data, relate closely to the RFID monitoring

scenario presented in this work.
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