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Chapter 1 Introduction

Chapter 1.  Introduction
1.1. Significance of the problem

During the last century, the influence of anthropogenic activities on the environment has
become more and more impactful. This trend can be attributed mainly to the substantial
growth of the human population: the results involve increased urbanization, industrial and
construction activities, and the realization of an ever-growing network of transport
infrastructures (Guzzetti, 2005). All these actions are inevitably correlated to an intensive
exploitation of the available land, as well as a negative impact on climate change due to the
ever growing demand of resources. As a consequence, a sensible increase of the occurrence of
natural hazards has been observed, with heavy socio-economic impacts on local communities.
According to data reported by the UNDRR (United Nations Office for Disaster Risk
Reduction), a total of 281 disasters were recorded in 2018, affecting 61.7 million people and
resulting in over 10700 lives lost (UNDRR, 2019).

Over the years, several international reports and policy documents have underlined this
issue, raising awareness on the environmental degradation as one of the main driving forces
behind the risk related to natural hazards (Depietri, 2020). The Millennium Ecosystem
Assessment, initiated in 2001 and presented in 2005, evidenced the increased vulnerability of
human populations to natural hazards caused by environmental degradation, and the
importance of an appropriate management of ecosystems as a tool to reduce it (Reid, 2005).
The Thematic Strategy for Soil Protection, produced by the European Commission in 2006,
highlighted the serious problem posed by soil degradation and reports a series of community
actions taken by several countries to address and discuss this issue (these include the United
Nation Convention to Combat Desertification, the Protocol on Soil Protection under the Alpine

Convention, the Kyoto Protocol, and the Convention on Biological Diversity).

Among the different typologies of natural hazards, landslides are included in the Thematic
Strategy as one of the main threats to European soils. The term landslide includes a wide
variety of phenomena and can be generally defined as a movement of a mass of rock, debris,
or earth down slope, under the influence of gravity (WP/WLI, 1991). The range of landslide
events is particularly diversified, encompassing small rock falls as well as large movements of
soil involving millions of cubic meters of material, and their evolution in terms of velocity spans
over fourteen orders of magnitude. Moreover, these phenomena are strongly correlated with
other type of natural hazards, such as heavy rainfalls, earthquakes, floods, tsunamis, and
volcanic eruptions (Casagli et al., 2017). A consequence of this connection is the
underestimation of the socio-economic impact of these phenomena, which are usually not
separated for the triggering actions represented by other natural hazards. The concerning

outcome is a potential reduction of awareness regarding landslide risk (Sassa and Canuti, 2008).

Nonetheless, in recent years the worldwide scientific community has increasingly focused its
attention on several approaches and methodologies for landslide risk reduction. A prime
example is the Safel.and project, funded by EU and ran from 2010 to 2012, aimed to develop

quantitative risk assessment and management tools and strategies for landslides across Europe.




Chapter 1 Introduction

Spanning over 5 Thematic Areas and 21 Work Packages, the large-scale research project
involved 27 institutions from 13 FEuropean countries coordinated by the Norwegian
Geotechnical Institute in Norway. The results of this collaboration were disseminated through

a series of deliverable and reports, detailing several aspects of the investigated topic.

Another instance is represented by the report realized in 2018 by ISPRA (Istituto Superiore
per la Protezione e la Ricerca Internazionale — Institute for Environmental Protection and
Research) to provide an updated overview on landslide and flood hazard and risk on the Italian
territory. Among European countries, Italy is one of the most affected by landslides (Figure
1), with a total of 620’808 occurrences included in the national database, corresponding to
roughly 2/3 of the total number of landslides in Europe. The report evidenced the high exposure
in terms of population, buildings, industries, and cultural heritage, highlighting the increasing

trend of significant events on the Italian territory (Trigila et al., 2018).
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Figure 1. (a) Landslide density, calculated as the ratio between landslide area and total area referred to a 1x1 km
grid; (b) Population at risk living in high and very high landslide hazard zones, defined by the River Basin District
authorities (Trigila et al., 2018)

1.2. Work structure

Starting from these considerations, the work here presented aims to introduce new
methodologies for landslide risk management and early warning purposes. In particular, the
main objective of this thesis involves the automatic analysis of monitoring data in order to
identify the occurrence of potentially critical events and consequently disseminate appropriate

alert messages.
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The first chapter is dedicated to the presentation of the main theoretical elements on which
the work is based. This involves the introduction of the concept of Landslide Early Warning
System and its main components, with particular attention to landslide monitoring devices and
failure forecasting methodologies. The second chapter descends from the previous one, exploring
the advantages of automatic monitoring systems based on Internet of Things technologies. The
chapter focuses especially on the improved performances of these techniques in term of ability
to achieve high sampling frequencies and integrate different sensor typologies for a multi-

parameter monitoring approach.

The following chapters represent the core of the research project, focusing on the algorithms
developed for the identification and assessment of potentially critical landslide events. Chapter
4 describes a criterion based on the analysis of displacement monitoring data to determine the
presence of an accelerating trend. The algorithm follows a multi-level structure for the analysis
in order to define the beginning of the acceleration phase, together with the dataset displaying
this pattern. The following Chapter introduces a classification process intended to be applied
to the outcome of the previous algorithm. The methodology relies on the evaluation of three
different parameters, dependent of the dataset features and the results deriving from failure
forecasting analyses, to assess the alert level for the identified event. Chapter 6 introduces two
different procedures to define alert thresholds starting from available monitoring data. The
first methodology is based on the forecasting model known as Inverse Velocity Method and
integrates a normalization operation applied to monitoring outcomes. The objective is to
provide a dimensionless parameter for the definition of generalized threshold values. The second
algorithm introduces the concept of equivalent displacement, defined as the displacement
generated in a time interval equal to the one showed by the potentially critical event. The
process aims to compare the displacement produced by the event of interest with equivalent
displacements referred to previously sampled data, to determine if the observed movement

deviates significantly from the trend displayed by already available measurements.

Finally, Chapter 7 entails the aspect related to the dissemination of relevant information
obtained from the previously described methodologies. For this purpose, two different
algorithms were realized exploiting the Matlab Report Generator™ toolbox. The first one is
dedicated to the creation of a periodic monitoring report, including all relevant outcomes
recorded over a predefined time period by instrumentation installed on site. The second one is
a l-page bulletin, generated in correspondence of the identification of a critical landslide event
and delivered in near-real time for early warning applications. It contains only the essential
information needed to understand if the observed phenomenon is evolving towards a hazardous

state.
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Chapter 2.  Landslides Early Warning Systems (LEWS)

Early Warning Systems (EWS) represent a relevant option for effective disaster risk
reduction, especially in those cases where structural measures are not viable for economical or
practical reasons, or if they are unable to guarantee the safety of areas interested by instability

phenomena.

A wide number of definitions and characterizations are present in the literature. As stated
by Medina-Cetina and Nadim (2008), early warning systems are “monitoring devices designed
to avoid, or at least to minimize, the impact imposed by a threat on humans, damage to
property, the environment, or/and to more basic elements like livelihoods”. According to
another definition provided by UNDRR (United Nations Office for Disaster Risk Reduction,
formerly known as UNISDR — United Nations International Strategy for Disaster Reduction),
early warning systems should be designed to “empower individuals and communities threatened
by hazards to act in sufficient time and in an appropriate manner to reduce the possibility of
personal injury, loss of life and damage to property and the environment” (UNISDR, 2006).
This definition was updated and integrated in 2016 with the following description: “An
integrated system of hazard monitoring, forecasting and prediction, disaster risk assessment,
communication and preparedness activities systems and processes that enables individuals,
communities, governments, businesses and others to take timely action to reduce disaster risks

in advance of hazardous events” (United Nations, 2016).

Several authors over the years have proposed different EWS general schemes, trying to
summarize the key activities that should always be included in the design process of a landslide-
oriented Early Warning System. According to UNISDR (2006), complete and effective EWS
should include four components: risk knowledge, monitoring and warning service, dissemination
and communication, and response capability (Figure 2a). The correct functioning of the entire
system depends on these elements, and a weakness in a single one of these could result in the

failure of the entire system.

An alternative structure was proposed by Di Biagio and Kjekstad (2007), which employed
a flow diagram to highlight four main sequential activities: monitoring, analysis and forecasting,
warning, and response (Figure 2b). According to the authors, the key issue to have an effective
EWS lies in the identification, monitoring, and measurement of the events preceding a landslide
occurrence. In particular, the precursors identification is essential for the correct choice of the

most appropriate monitoring sensors.

By elaborating these two approaches, Intrieri et al. (2013) presented a new diagram that
describes the EWS structure as a balanced combination of four components: design, monitoring,
forecasting, and education (Figure 2c). The first phase involves the identification of the needs
and vulnerabilities of the population at risk, as well as any obstacle to the action planned in
the EWS. It also includes the determination of geo-indicators, i.e., geologic and meteorologic
conditions that caused the landslide activation. The monitoring stage begins during the
previous step, in order to provide preliminary information regarding the landslide behaviour.

After the completion the design phase, the instrumentation becomes fully active, and the
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monitoring activity enters the so-called operational phase. Forecasting is regarded by the
authors as the most critical element of a LEWS, both for its importance and the issues related
to the definition of reliable thresholds and the formulation of meaningful predictions. In
particular, it is underlined the problem represented by false alarms, which can be reduced but
never completely eliminated from the early warning process. Lastly, the education phase is
focused on the community at risk and aims to increase the knowledge regarding the risk

perception and the correct actions to prevent damages or losses.

An alternative representation, in the form of a wheel-like scheme, was proposed by Calvello
et al. (2015). After the definition of the system scale and objectives, it is necessary to detail
the required skills, the activities to be performed, the means to be used, and the basic elements
of the system (Figure 2d). This approach underlines the necessity of a synergic collaboration
between technical and social skills, with the objective of defining efficient processes and making

the EWS an effective risk reduction tool, respectively.
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Figure 2. Schematic representations of LEWS structures, as proposed by: (a) UNISDR, 2006; (b) Di Biagio and
Kiekstad, 2007; (c) Intrieri et al., 2013; (d) Calvello et al., 2015
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The application scale is a fundamental component in the EWS design process, and it is
frequently used as a reference to categorize the different systems. The most popular
classification approach involves the definition of “local” and “regional” systems (Piciullo, 2016).
EWSs operating at local scale are intended for site-specific applications, focusing on a slope-
scale analysis of the instability phenomenon. Due to their site-specific nature, they are strongly
affected by several factors related to the addressed case study. An interesting contribution to
the design process of local EWSs, tackling both practical and technical aspects, is included in
a deliverable of the SafeLand European project (Bazin, 2012), while many other examples of
local early warning systems are available in literature (Froese and Moreno, 2014; Loew et al.,
2017; Manconi and Giordan, 2015; Michoud et al., 2013; Oppikofer et al., 2009; Tarchi et al.,
2003; Thiebes, 2012, among others).

On the other hand, regional warning systems are applied over appropriately defined areas,
affected by diffuse instability problems. They are used when the exact location of future
landslides is unknown, and typically involve the prediction and monitoring of meteorological
variables. In particular, as evidenced in Piciullo et al. (2018), rainfall events have been widely
used as the critical parameter to set up thresholds and plan emergency measures at regional
scale. The same authors present a slightly different terminology, defining as “territorial” (Te-
LEWS) the systems applied to the possible occurrence of several landslides at large scale. In
this context, the adjective is intended to provide a more general definition to include all EWSs
employed over a wide area, spanning from a river catchment to regions or nations. A detailed
and extensive description of several warning systems designed for large geographical areas can
be found in Guzzetti et al. (2020).

Regardless of the classification systems adopted, it is possible to identify a series of features
and criteria that any EWS must fulfil (Stahli et al., 2015):

= Easy of implement: it is essential to achieve limited complexity, both in technical and
communication-related aspects.

= Comprehensible and manageable: the interpretation of the EWS outcomes and components
(e.g., thresholds, predictions, alert messages, etc.) should be as easy as possible for those in
charge of the emergency management.

» Redundancy: it is fundamental to not rely on single sensors and transmission lines, and a
multi-parametric and redundant system should be preferred.

= Precision: the system should be able to measure the critical parameters with an adequate
precision.

* Autonomy: the power supply must be designed to support all operations with minimal
maintenance and keeping the system functionality even in remote areas.

= Robustness: instrumentation must be able to withstand severe environmental conditions,
taking into account a range external influences depending on the specific application.

= Affordability: the acquisition and operation costs should be balanced according to the

expected risk reduction.
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2.1. Risk assessment

Within the framework of natural hazards mitigation, risk assessment is a complex task that
involves the combination of a wide range of techniques and methods. The synergic coordination
between different expertise in the working fields of geology, geomorphology, engineering, and
environmental technologies (among the others) is the foundation for the achievement of such
an important objective (Guzzetti, 2005). Risk management processes plays a key role in the
modern world, where the rapid growth of population and anthropic activities have generated
problems related to the availability of territory. This has led to an increase of susceptibility to

potentially catastrophic natural phenomena such as landslides, floods, volcanic eruptions, etc.

The description and the main goals of the landslide risk evaluation activity derives from a
well-known report published by Varnes and the TAEG Commission on Landslides and other
Mass-Movements, which presents the following definition: “Landslide risk evaluation aims to
determine the expected degree of loss due to a landslide (specific risk) and the expected number
of live lost, people injured, damage to property and disruption of economic activity (total risk)”
(Varnes, 1984).

Due to its inherent complexity, landslide risk is usually determined starting from the
evaluation of its components. A largely accepted formulation describes the risk as a function

of three parameters, namely hazard, vulnerability, and elements at risk.

Landslide hazard (H) is defined as a description of the magnitude (M) and probability of
occurrence (P) of a potentially damaging phenomenon within a certain time period of time and

within a given area (Fell, 1994):

H=PxM (1)

In this context, the term “magnitude” refers to the volume of material which may fail, the
velocity of the movement during failure, and the potentially affected area (Crozier, 1995; Hunt,
1984). A simplified definition associates this component to the volume of displaced material.
For example, the International Geotechnical Societies' UNESCO Working Party on World
Landslide Inventory (WP/WLI, 1990) proposed an approximate formulation to evaluate the

landslide volume under the hypothesis of a rotational slide:
1
ET[*Dr*VVr*Lr (H)
where:

= D, is the maximum depth of rupture below the original ground surface
= W, is the maximum width between flanks of landslide perpendicular to length L,

= [, is the minimum distance from the toe of the rupture surface to the landslide crown
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On the other hand, the “probability” component can be described as the probability that a
specific landslide will occur within a given period of time, and it usually ranges between 0 and
1. It is strictly related to slope stability analyses, since it is possible to assess the probability

of failure according to the Factor of Safety evaluated by the procedure.

For what concern the vulnerability (V), Varnes (1984) defined it as the potential degree of
loss to a given element (or set of elements) at risk resulting from the occurrence of a natural
phenomenon featuring a given magnitude. The range of values varies between 0 (no damage)
to 1 (total loss). According to Fell (1994), it is possible to describe the vulnerability as a

product of different components, as reported in the following formulation:
V = VS * VT * VL (III)
where:

= Vs is the likelihood of spatial impact
=V is the likelihood of temporal impact

=V, is the likelihood of loss of life of an individual occupant in the impacted element

It is worth noting that, although human losses are of primary importance compared to
damages related to infrastructures and anthropic elements, scientific literature concerning the
vulnerability of people to landslide was less common if compared to building-related damage
analyses. The reasons for this derive from the difficulty to measure reliably all factors related
to the human behaviour, such as situational awareness and decision-making abilities (Eidsvig
et al., 2014). Moreover, it could be argued that human losses induced by a landslide event are
often related to the collapse of occupied building, thus resulting in an indirect vulnerability
(Jakob et al., 2012). However, it is possible to observe an increase of research activities focusing
on this aspect in more recent years (some examples can be found in Assis Dias et al., 2020; Lin
et al., 2017; Nor Diana et al., 2021; Pollock and Wartman, 2020).

These components allow to define the specific risk R; as the expected degree of loss
experienced by a given element due to the occurrence of a specific natural phenomenon.
According to this definition, proposed by Varnes (1984) and approved by UNDRO (Office of
the United Nations Disaster Relief Coordinator), the specific risk can be described as the

product of hazard and vulnerability:

Finally, the elements at risk (£) include the population, properties, infrastructures, and all
the economic activities located in the area potentially affected by a specific event, thus being
defined as a sum of every individual feature involved in the phenomenon evolution (Fell, 1994).

The definition of this coefficient is strictly related to the scale of the investigation.
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It this then possible to define the total risk Rr as the product of specific risk and elements
and risk, representing the expected physical and social damage caused by the occurrence of a

particular natural phenomenon (Varnes, 1984):

Rr=R¢xE=HxVx*E (V)
Triggering Preparatory Landslide
factors factors inventory
Probability of Runaour
landsliding behaviour Land use
Y #J v
Hazard Elements Vulnerability
assessment at risk assessment

"

RISK ASSESSMENT

X

Cost-benefit

analysis Risk management

Figure 3. Example of a general framework for landslide risk assessment and management (modified after Dai et al.,
2002)

When attempting to evaluate landslide risk, two main methodologies are usually employed:
quantitative (probabilistic) approaches, and qualitative (heuristic) approaches. Quantitative
analyses exploit numerical data and mathematical methods in order to estimate probabilities
related to persons injured, structural damages, disruption of economic activities, etc., thus
defining probabilistic levels of individual and collective risk. Their application often requires a
catalogue of landslides, the compilation of which can be extremely difficult and time consuming.
Moreover, the completeness, time span, and reliability of these lists play a key role in the
reliability of the quantitative risk assessment procedure (Guzzetti, 2005). The qualitative risk
assessment approach can be employed as an alternative to this methodology, in particular to
design landslide scenarios based on qualitative ratings. This involves the description of
hypothetical landslide events, including their effects on population and properties, in order to
establish a probability of occurrence. In both cases, it should always be taken into account that
the precision and reliability of the risk analysis depends on whether all components have been
considered properly, and on the quality and reliability of the available data (VanDine et al.,
2004).
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2.2. Landslide monitoring

The monitoring activity of slope instabilities and landslides has gained increasing importance
in recent years. The necessity to study and describe their evolution over time comes from their
highly destructive effect on civilian population and infrastructures (Angeli et al., 2000).
Additionally, field instrumentation is vital to the practice of geotechnics if compared to most
other branches of engineering in which people have a much greater control of the materials
involved in their activities (Dunnicliff, 1988). In the interests of mitigating the outcomes of
such devastating events, the monitoring activity should aim to provide useful data to correctly
identify impending failures and to design adequate mitigation measures. Among the others,
these strategies shall comprise protective engineering measures and emergency planning, hazard
mapping and assessment, and near-real time monitoring (Savvaidis, 2003). The main objectives

of a landslide monitoring system can be summarized as follows:

= Evaluation of the phenomenon frequency, probability, and magnitude
= Database creation

= Definition of important parameters and relationships between them

= Formulation of forecasting hypotheses

= Determination of the mitigation measures efficiency and sustainability
=  Dependence on meteorological and hydraulic conditions

= Numerical model realization and implementation

As reported by Dunnicliff et al. (2012), a geotechnical monitoring programme carries a
considerable number of benefits, including damage minimization, performance improving, and
state-of-knowledge advancing. The acknowledgement of these advantages, together with
significant improvements experienced in several technological fields, has led to the development
of a wide range of innovative devices able to guarantee an accurate and reliable sampling
activity of significant parameters. However, it should always be remembered that a correct
system design is mandatory to achieve reliable results. In fact, unappropriated instruments
located in unfavourable positions could provide low quality information and misleading results
(Segalini et al., 2017a). Moreover, because of the variability of landslide types and processes,
investigation objectives, field conditions, and due to the still progressing technological
development of monitoring sensors, no standardization can be adopted as a universal solution

for landslide monitoring (Arbanas et al., 2014).

For these reasons, the design process of a monitoring program should be tackled with the
utmost attention to all details, following a systematic approach to the planning process. As
noted by Dunnicliff (1988), “full benefit can be achieved from geotechnical instrumentation

programs only if every step in the planning and execution process is taken with great care”.

The same author proposed a series of steps, constituting a guideline for the development of

a monitoring program:

10
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=  Define the project conditions

* Predict mechanism that control the behaviour

= Define the geotechnical questions that need to be answered

=  Define the purpose of the instrumentation

= Select the parameter to be monitored

= Predict magnitudes of change

=  Conceptualize remedial actions

» Assign tasks for the different project phases (design, construction, operation)

= Select the most appropriate instruments

= Select the location for each device to be installed on-site

= Plan recording of factors that may influence measured data

= Establish procedures for ensuring the correctness of monitoring readings

= List the specific purpose of each instrument

= Prepare the budget

=  Write instrument procurement specifications

= Plan the installation procedure

=  Plan regular calibration and maintenance of the system

= Plan data collection, processing, presentation, interpretation, reporting, and
implementation

=  Write contractual arrangements for field instrumentation services

=  Update the budget in light of all previous steps

2.2.1. Traditional instrumentation

Over the years, various instruments have been applied to monitor the most relevant physical
entities, dealing both with direct and indirect techniques. Despite following different design
and purposes depending on the specific system, these tools share some features that are peculiar
of the so-called “traditional” approach. In particular, they mainly rely on a manual and/or
optical acquisition, requiring the presence of an operator on-site to acquire the monitored data
or, alternatively, to collect the already recorded measures. Low acquisition frequency is another
characteristic of these tools, typically ranging from some days to weeks and even months, since
the operator availability and monitored site accessibility are mandatory for the data acquisition
procedure, and both of those cannot be always guaranteed. On the other hand, this particular
feature allows for an easier data elaboration, storage, and management, due to the limited
number of measures sampled by the instrumentation. Additionally, in these cases, the energy

requirements are generally low, and the power supply design does not pose relevant issues.

Conversely, the limited data availability makes it particularly difficult to implement
meaningful statistical procedures intended to verify and improve the quality of the measured
values, since their application to inadequate datasets can lead to non-significant and misleading

results. Additionally, this property affects the possibility to assess cause-effect relationships

11
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between different quantities, which is notably more difficult to achieve when data availability
over time is limited. Moreover, a low sampling rate is not suitable for early warning procedures,
where the availability of larger datasets is strongly suggested when applying forecasting
methods (Valletta et al., 2019). This is a particularly important aspect since the effectiveness

of a EWS is extremely relevant in risk management and mitigation operations.

As previously observed, one of the key features to be considered during the choice of the
most appropriate monitoring device is the parameter of interest. In the geotechnical field, the
knowledge of water level and ground displacements are among the most relevant factors to
take into account. It is worth noting that traditional instrumentation is usually dedicated to
the sampling of a specific physical quantity, with sensors designed to measure certain

parameters.

Manual inclinometer

Inclinometers are used to determine the magnitude, rate, direction, depth, and type of
landslide movement, helping in the identification of the potential sliding surface (Stark and
Choi, 2008). Introduced in the market for the first time in the late 1950s, the slope inclinometer

is nowadays a well-known and widely used device to describe the behaviour of a landslide.

The instrument integrates one or two force-balanced servo-accelerometers in order to
measure the inclination of the casing with respect to the vertical direction; the most common
version consists of a biaxial probe containing two perpendicular accelerometers. Since the device
measures rotations at specified points, it is unable to detect translational movements. The
system is generally constituted by a circular casing with two pairs of orthogonal grooves, acting
as guides for the probe wheels (Figure 4a). The casing is inserted inside a vertical borehole,
which must be deep enough to reach the stable zone located under the potential zone of

movement in order to provide a meaningful description of differential displacements.

The measure is performed by lowering the probe at the bottom of the inclinometer and
raising it incrementally with a predefined space interval, until the top of the casing is reached.
During this procedure, one of the servo-accelerometers records the tilt in the plane of the
inclinometer that tracks the longitudinal grove, while the other one measures the tilt in the
plane perpendicular to the wheels. This operation is repeated twice for each set of grooves, for
a total of four different directions of movement (commonly named A0, A180, B0, and B180, as
in Figure 4b). A portable readout unit connected to the probe with an electrical cable collects
and stores monitoring data, which have to go through a subsequent elaboration process in order
to obtain the physical quantity of interest. This process is performed for the first time shortly
after the inclinometer installation, in order to determine the initial shape of the casing and

“zero reading”). The difference between zero reading

define the reference reading (known as
and subsequent measurements allows to calculate the differential displacements along the
vertical direction and provide an insight to the magnitude, rate, direction, depth, and type of

movement (Stark and Choi, 2008; Terzaghi and Peck, 1996).

12



Chapter 2 Landslides Early Warning Systems (LEWS)

Borchole BO <_€"_ s oy POSE, B180

Guide wheels

Backfill
Section x-x
Guide casing

Figure 4. (a) schematic of the manual inclinometer device and casing; (b) identification of the four reference grooves
in the inclinometer casing (modified after Stark and Choi, 2008)

All these operations, starting from the casing placement to monitoring data sampling and
processing, should always be performed with great attention in order to minimize all possible
random or systematic errors that could arise during the measurement execution (Ganjalipour,
2021; Green and Mikkelsen, 1988; Mikkelsen, 2003).

Extensometer

Extensometers are devices used in numerous practical applications to measure the changing
distance between two specific points, thus describing the longitudinal deformation of the
monitored element. When applied to landslide displacements, these points may be located on
the surface to measure the opening of a tension cracks, or to identify the detachment of blocks
from a rock mass. Alternatively, the extensometer can be installed in a borehole to measure

differential displacements at specific depths (Eberhardt, 2013).

Several technologies have been exploited to produce different type of extensometers, ranging
from traditional ones requiring an optical reading to more recent, electrical-based sensors
relying on vibrating wire electronics or fibre optic elements. One of the most popular design in
landslide monitoring is the wire extensometer, a simple and low-cost device that allow the
measurement of relative displacements between a point located in stable ground, and another
one identified on the moving landslide mass. Depending on the specific case study, the fixed

point can be defined on the landslide surface or at the base of a borehole.

In the first case, the extensometer is usually installed across tension cracks to measure their
opening over time according to the wire lengthening and shortening (Bonnard and Steinmann,
1990; Coe et al., 2003). In the second case, the reference point is located at the bottom of a

borehole reaching the stable surface under the moving landslide (Angeli et al., 1988; Corominas
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et al., 2000; Mentes, 2012). It is worth noting that a proper interpretation of wire extensometer
data requires an adequate knowledge of the general pattern of the movement. In fact, there is
no direct relationship between the landslide displacements and the wire length variation, which
gives only punctual and one-dimensional information (Gracchi, 2019).
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extensometer; (b) borehole wire extensometer (modified after Corominas et al., 2000; Karnawati et al., 2010)

Piezometer

Piezometers are extremely valuable tools when there is the need to measure pore water
pressure and ground water level variations, which represent two of the most important
parameters in the assessment of slope stability conditions (Van Asch et al., 2007). They also
give information on the seepage pattern, zones of potential piping, and help in the definition

of the ground water flow net.

The simplest and most traditional configuration is the open standpipe, usually combined
with a Casagrande piezometer. It consists of a porous filter placed inside a borehole drilled into
the soil to a previously determined depth intercepting the water table. The borehole is filled
with gravel and presents a slotted portion in correspondence of the water table position, while
the top sealing is provided by a cement and bentonite plug. The Casagrande piezometer tip is
typically surrounded by sand and connected to the surface by a pair of plastic pipes. Water
level measurements are usually performed by using an acoustic dip meter, and the pore pressure
is equal to the height of the water above the measuring point (i.e., the centre of the porous
filter). An alternative and more modern approach relies on electrical pressure transducers in
order to monitor the parameters of interest. It consists of a cylindrical stainless-steel casing, a
porous filter, and an electric sensor able to measure pore water pressure variations experienced

by a membrane (Tremblay, 1989).

Depending on the design choice, the piezometer can be used to measure pore pressure in

saturated soils (absolute piezometer), or to evaluate groundwater levels in wells and open
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standpipes (relative piezometer). Moreover, the working principle depends on the typology of
the transducer integrated in the device. In the case of a pneumatic piezometer, the
instrumentation involves a valve, a flexible diaphragm, and it requires a supply of pressurized
gas to counterbalance the pore water pressure acting on the filter. The readings are obtained
when these two components reach an equilibrium condition. Piezometers based on vibrating
wire technology integrate a magnetic, high-tensile strength, stretched wire plucked by a coil
magnet. This component is anchored to the instrument body and is connected to a diaphragm
sensible to pressure variations. As soon as pore water pressure changes, it influences the wire
tension and, in turn, affects its vibrating frequency. This parameter is related to pressure
differentials and can be read by using an appropriate datalogger. Lastly, strain gauge
piezometers integrate an electrical resistance in order to measure the membrane deflection. The
pressure is computed by reading the strain gauges signal, usually in 4-20 mA or 0-10 mV, and

converting it with appropriate calibration equations.

Compared to Casagrande piezometers, electrical transducers can be set up for remote and
automatic readings, resulting in a more efficient monitoring activity. Moreover, they show a
shorter time response, making them more suitable for applications where a timely measurement

of the hydrodynamic response is needed (Dunnicliff, 1988; Terzaghi and Peck, 1996).
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Figure 6. Components and installation of (a) Casagrande piezometer; (b) electric piezometer (modified after Prasad
and Dixit, 2020)

2.2.2. Innovative instrumentation

In more recent years, geotechnical sensors have undergone considerable improvements
regarding accuracy, efficiency and reliability. As a result, starting from the second half of 20th
century, a series of innovative monitoring devices have been designed and produced, thanks to
the introduction and widespread of latest-generation technologies. Notably, recent studies have
focused their attention on improving automation and data elaboration procedures thanks to
the integration of advanced algorithms and communication structures based on the Internet of

Things approach (e.g., Bai et al., 2020; Carri et al., 2021; Wrzesniak and Giordan, 2017).
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Furthermore, the development of these systems is often based on the combination of different
traditional sensors, an approach that considerably improve the results reliability (Arbanas et
al., 2013).

With respect to traditional instrumentations, the main features of innovative tools are the
ability to operate automatically, the presence of remote-control features, and the possibility to
monitor the parameters of interest with a considerably higher sampling frequency. These
properties are closely related, presenting a series of advantages that play a key role in the
design and planning of a landslide monitoring system. A remote and automated procedure,
aimed to acquire and elaborate monitoring data, is extremely useful since it simplifies the
operator’s task. For what concern the increased sampling frequency, the most obvious
improvement relates to the possibility of following the phenomenon evolution over time with
greater detail and precision. Moreover, it allows to create a large database of monitored values,
which is particularly useful in order to apply meaningful statistical analyses and to identify
cause-effect relationships between different physical quantities (Carri, 2019). Another
advantage is the possibility to integrate Early Warning processes thanks to the improved data
availability. In fact, a system featuring high sampling frequencies and automated acquisition
procedures is suitable for a near-real time approach, which can prove to be a key element to

guarantee a timely and effective response to emergencies (Smethurst et al., 2017).

However, it should be pointed out that innovative systems often require an increased amount
of power resources in order to work properly a provide the aforementioned advantages. For
example, the energy supply of a monitoring device that needs to guarantee a sampling frequency
in the range of hours, or even minutes, must be carefully designed and dimensioned (Reid et
al., 2008). In fact, a sudden power failure can have extremely dangerous consequences, leading
to a monitoring system shutdown and loss of information regarding potentially critical event
(Segalini et al., 2017a)

Another aspect to be considered is the development of an adequate visualization platform,
which becomes necessary to properly display the large amount of monitoring data produced by
automatic instrumentation. On this regard, web-based environments are experiencing an
increasing success thanks to the possibility to implement user-friendly interfaces and interactive

elements to access all monitoring data in a continuously updated system (Frigerio et al., 2014;

Pumo et al., 2015).

Remote Sensing

The application of remote sensors constitutes a relevant asset in landslide monitoring and is
nowadays a well-regarded and widespread approach for several case studies. Within the
category of remotely-based monitoring tools are included all those devices that do not need to
be installed in contact with the area of interest in order to record data. While these sensors are
limited to surface measures, remote sensing offers the possibility to observe an extended area

without being influenced by the deformations acting on the monitored element. This approach
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is especially useful when applied to natural phenomena featuring significant heterogeneity in
terms of geomorphological and hydrogeological characteristics. Some of the most frequently

used remote sensing tools are briefly described below.

Photogrammetry

Among the remote sensing approaches, photogrammetry is arguably one of the oldest
approaches developed to control the evolution of landslides and has been used since long time
either in its aerial and ground-based configuration (Roncella et al., 2014). The methodology is
based on the acquisition of multiple optical images of the area of interest at different times,
and the recognition of specific elements (named Control Points) that are present in each image.
Knowing the camera parameters, it is possible to exploit these CPs in order to georeference the

images, making it possible to identify displacements experienced by the monitored element.

Despite the arising of new technologies based on laser and radar sensors, photogrammetry
is still a prominent technique in landslide investigation, especially in its aerial configuration
based on Unmanned Aerial Vehicles (UAV, Figure 7). Some of its applications include the
identification of topographic features of the slope (Lane et al., 2000; Walstra et al., 2007), the
creation of Digital Elevation Models (Stumpf et al., 2015; Uysal et al., 2015), and the evaluation
of morphological surface changes induced by mass movements (Fabris, 2019; Marsella et al.,
2012).

UAV EQUIPPPED WITH
A CALIBRATED CAMERA

IMAGE

CONTROL POINTS

LANDSLIDE BODY

Figure 7. Image acquisition and detection of ground Control Points on a moving landslide body, by means of an
UAYV equipped with a calibrated camera,

Laser Scanner

The Laser Scanner is a device able to collect a dense array of points thanks to an active
laser sensor (Figure 8). This instrument can be set to scan automatically the area of interest
and generate a point cloud where each point is defined by a set of 3D coordinates. For each
scanned point, in is possible to determine its position and distance with respect to the device
by evaluating the time of flight between the impulse generated and received by the sensor. The

result of the data elaboration and processing is a three-dimensional model of the monitored
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object (Jaboyedoff and Derron, 2020). The comparison of models created at different moments
in time gives a measure of displacement occurred in the selected time interval. Moreover, it is
possible to choose the sampling frequency according to the case, thus obtaining 3D models
featuring several degrees of detail.

ROTATING MIRROR
(~310° VERTICAL RANGE)

DISPLAY AND

INTERFACES
ROTATING DEVICE —
(360° HORIZONTAL RANGE)

\ LASER EMITTER

TRIBRACH SYSTEM = -

BATTERY PACK

Figure 8. Main components of a terrestrial laser scanner device (modified after MicroGeo Srl)

Some of the most frequent application of this technology include the creation of digital
terrain models for landslide mapping (Ardizzone et al., 2007; Gazibara et al., 2019), the
evaluation of volumes mobilized by debris flow or rockfall events (Rengers et al., 2021; Scheidl
et al., 2008), and the characterization of rock faces that would be difficult to access by other
means (Gigli et al., 2014; Mavrouli et al., 2015).

Robotic Total Station

A Total Station is an electronic/optical device composed by a theodolite and an electronic
distance meter (EDM), integrated with a dedicated microprocessor. The combination of these
sensors permits to measure horizontal angles, vertical angles, and the distance of the monitored
element from the station point, thus obtaining the position of the object itself. Control points
are usually materialized by prisms, which reflect the Total Station signal more reliably, and
improve the measures precision and accuracy. The so-called Robotic Total Station (RTS) was
developed in order to remove the need of an operator on-site to control the instrumentation
(Figure 9). To achieve this objective, the device equips a series of servomotors for automatically
rotating the instrument and the horizontal and vertical plane. Moreover, an Advanced Tracking
Sensor (ATS) in installed for tracking the prisms placed on site (Savvaidis, 2003). This
approach allows to automate the monitoring process, significantly improving the system’s

efficiency.
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Figure 9. Main components of a monitoring system based on a robotic total station and multiple control points
(modified after Kalybekov et al., 2018)

In the landslide monitoring framework, RTS is used to measure with great accuracy the
displacement of specific points of interest located on the slope surface, and it is frequently used
in synergy with other monitoring devices to provide a complete description of the monitored

element behaviour (Castagnetti et al., 2013; Corsini et al., 2013; Lienhart, 2017).

Interferometric Synthetic Aperture Radar (InSAR)

Interferometric Synthetic Aperture Radar (InSAR) technology is a well consolidated
monitoring approach for measuring ground motion. Its working principle relies on an active
sensor designed to acquire Synthetic Aperture Radar (SAR) images of a specific area, produced
by reflecting the radar signal and measuring the two-way travel time back to the receiving
sensor. SAR interferometry exploits two images acquired at different times to evaluate the
surface displacement that occurred in that time span. Nowadays, InSAR technology is used in

two different configurations: satellite-based and ground-based.

Satellite-based InSAR (Figure 10) dates back to the early 90’s, when the European Space
Agency launched the first satellite for Earth observation, the ERS-1. During the years, this
technique has been extensively studied and applied, resulting in the development of several
approaches for the interpretation of radar images. One of the most advanced and accurate is
the Persistent Scatter Interferometry (PSI), which takes advantage of the presence of so-called
persistent scatterers, i.e., natural and artificial elements that provide a constant and
characteristic radar reflection over time. A wide range of PSI algorithms has been developed
over the years, depending on the baseline configuration, the pixel selection criterion, and the
deformation model used in the process (Crosetto et al., 2016). The sampling period of satellite
interferometry varies depending on the satellites used and their revisiting time, i.e., the time
needed to frame the same area after a previous passage. After the launching of Sentinel-1a and
Sentinel-1b, in 2014 and 2016 respectively, the minimum time interval has been reduced to 6
days (Raspini et al., 2019). While this sampling frequency could prove inadequate for early
warning activities, it is definitely suited for monitoring activities related to long-term
displacements, historical analyses, landslide mapping and characterization, and surveying of
very large areas (some examples can be found in Barra et al., 2016; Crippa et al., 2020; Miele
et al., 2021; Reyes-Carmona et al., 2020; Tofani et al., 2013).
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Figure 10. Working principle of the satellite-based SAR interferometry (modified after Wilson et al., 2019)

The ground-based interferometry technique (known as GB-InSAR) exploits the very same
working principle described for the satellite-based version. In this configuration, it relies on the
correlation of different radar images acquired by a sensor appropriately located in front of the
monitored object in an area not influenced by the instability phenomenon. The device is
composed of an active sensor, able to transmit and receive radar signals thanks to two different
antennas, acquiring images by moving along a horizontal rail that allows extremely precise

movements (Figure 11).

TRANSMITTER

Figure 11. Schematic representation of the ground-based InSAR working principle (modified after Bozzano et al.,
2011)
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The sensor obtains 2D images of the monitored surface, thus allowing the evaluation of
displacements along line of sight (LOS) of the instrument by comparing the phase signal
difference of each pixel between images acquired at different times (Mazzanti et al., 2015a).
Compared to its spaceborne counterpart, GB-InSAR is able to reach very high sampling
frequency, collecting a new radar image every few minutes (Frodella et al., 2016). This feature,
together with the ability to survey very wide areas, makes it a very successful device for early
warning activities and to monitor fast landslides, especially when combined with other survey
techniques (Bozzano et al., 2011; Carla et al., 2017a; Crosta et al., 2017; Di Matteo et al., 2017;
Mazzanti et al., 2018; Zheng et al., 2019).

Direct Monitoring

A different set of innovative instruments follows the so-called “direct” approach, which
identifies a monitoring tool installed on-site in contact with the area of interest. While these
systems are not comparable to remote sensing devices for what regards the spatial extent of
the monitored area, their sampling ability is not limited to the slope surface, and they can
collect detailed information at different depths. Usually, these tools are designed around the
integration of various sensors measuring different physical quantities, thus allowing to provide
an improved measurement framework thanks to their multi-parametric and redundant

properties.

A brief description of some of the most frequently used innovative monitoring tools following

the “direct” approach is reported in the following paragraphs.

TDR (Time Domain Reflectometry)

TDR technology represents a particular case in the landslide monitoring framework. In fact,
even if the core working principle has been employed since the 1930s in several sectors (e.g.,
electrical engineering), its application for the automated monitoring of unstable slopes is

relatively recent (Drusa and Bulko, 2016).

A Time Domain Reflectometry system basically consists of two components: a coaxial cable
installed in a borehole and coupled to the surrounding rock, and a dedicated cable tester with
the ability to generate electrical pulses in form of electro-magnetic waves along the device
length (Figure 12). Since the propagation velocity of the signal is constant, the distance is
determined by measuring the time between initiation of the pulse and detection of its reflection.
In this configuration, the coaxial cable works like a continuous sensor able to identify any
change in the geometry caused by deformations of the monitored element, according to the
return time of the reflected signal. Information about the type and amount of deformation can
be inferred from the analysis of the pulse recorded by the control unit, therefore helping in the
identification of the potential sliding surface of the monitored landslide. It is worth noting that
TDR technology is able to determine the exact position of the observed deformation zone, while
the displacement magnitude can be assessed with a semi-quantitative approach (Singer et al.,
2006).
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Moreover, the same working principle can be applied for the measurement of the water table
elevation. This operation relies on the difference in the signal propagation through mediums,
such as air and water, presenting distinct values of dielectric constant. Because of this feature,
it is possible to identify a change in the TDR waveform at the interface point, thus determining

the water level depth (Moret et al., 2004).
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Figure 12. Basic setup of a TDR system for landslide monitoring (modified from Drusa and Bulko, 2016)

AIS (Automatic Inclinometer System)

The Automatic Inclinometer System (AIS) is a mechanized inclinometer designed by
Research Institute for Hydrogeological Prevention and Protection — CNR IRPI (IT) with the
goal to automatize the measurement conventionally carried out by an operator. The system
consists of a traditional inclinometer probe equipped with 2D servo-accelerometers or MEMS,
and integrates an electric motor to drive the device up and down inside the casing. Additionally,
it comprises a load cell to control the probe mobility, and an encoder to record the position of
the probe inside the borehole (Allasia et al., 2020). The measuring phase follows the same
working principle of a traditional inclinometer, where the electrical actuator controls the probe
downlift and uplift operations. Data are stored in the probe memory unit and transmitted to
a control unit at the top of the borehole thanks to a wireless connection. A software processes
the data, checking also the system integrity and sending warning messages if slope movements

exceed a predetermined threshold (Lollino et al., 2002).

DMS (Differential Monitoring of Stability)
Differential Monitoring of Stability (DMS) is a patented tool produced by CSG S.r.l. (IT)

designed for continuous control of potentially unstable areas. This device is pre-assembled at
the factory in the form of an instrumented column that connects the required number of

modules, and is designed to monitor landslides and geotechnical structures (Lovisolo and Della
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Giusta, 2005). Each module is 1-metre long and can be equipped with 2D MEMS, piezometer,
thermometer or triaxial accelerometer sensors. A dedicated readout unit automatically collects
data from each DMS column, and transmits them to the monitoring center, where they are

stored and elaborated by a proprietary software.

SAA (Shape Accel Array)

Shape Accel Array (SAA) is a patented geotechnical instrumentation developed by
Rensselaer Polytechnic Institute (USA) and Measurand Inc. (NB - Canada). The device
comprises an array of rigid segments connected with flexible joints, and equipped with a set of
three orthogonal MEMS sensors to measure changes in the apparent gravitational field due to
movement of the array (Swarbrick and Clarke, 2015). Each Shape Array is installed inside a
small diameter access tube and follows the same working principle of in-place inclinometers,
using raw tilt data collected by the sensors to compute displacements at predefined depths
(Dasenbrock et al., 2012). The entire procedure is managed by a control unit that automatically
queries sensors in near-real time and periodically upload results on a web platform,

disseminating alert messages at the overcoming of a predefined threshold.

MUMS (Modular Underground Monitoring System)

One of the most recent approaches to innovative direct-monitoring instrumentation is
represented by MUMS (Modular Underground Monitoring System) technology, developed by
ASE S.r.l. (IT). Due to its prominent role in the development of all methodologies included in
this work, Chapter 3.1 of this thesis will be devoted to an in-depth description of the working

principle of this monitoring device.

2.3. Failure forecasting methods

The prediction of a landslide occurrence is a particularly relevant task from both a scientific
and social point of view. Accurate time-of-failure forecasting plays a key element to develop an
efficient Early Warning System, allowing to avoid or at least reduce damage and human losses.
However, this is known to be one of the most challenging problems regarding slope stability
analysis, due to the large number of factors and parameters influencing landslide behaviour
and its triggering. For this reason, this topic has been the main focus of several studies carried
out over the years to address the possibility to predict a landslide collapse starting from
monitoring data.

The main concept of most kinematic-based failure forecasting methods relates to the
assumption that slope displacements approaching failure follow a continuous acceleration,
described by a creep curve (Tavenas and Leroueil, 2011). According to the classical
interpretation of creep theory (Varnes, 1982), it is possible to differentiate three stages: the
first one (primary creep) shows a decreasing of the strain rate, the second one (secondary)
features a constant strain rate, and the third (tertiary) presents an increasing creep rate,

ultimately leading to rupturing (Figure 13).

23



Chapter 2 Landslides Early Warning Systems (LEWS)

Collapse
g
E Tertiary
o
o
2 Second
B econdary
a Primary
—_
(-]
g
£ Stable
b7
Primary
Time

Figure 13. Creep curve representing the relationship between strain (or displacement) and time in stable and

collapsing configurations

It is possible to identify two main groups of kinematic based time-of-failure prediction
methods (Intrieri et al., 2019):

= FEmpirical methods: these approaches usually extrapolate the time-of-failure prediction
thanks to geometrical procedures starting from displacement rate data
=  Semi-empirical methods: the basis of these methods is a general equation that relates

displacement rate and acceleration data

This chapter reports a summary of some of the main approaches developed over the years
to address the failure forecasting topic. A more in-depth discussion can be found in Federico

et al. (2012) and Intrieri et al. (2019).

2.4. Empirical methods

A first approach to failure forecasting was presented in the early 1960s, when Saito and
Uezawa (1961) proposed a method based on the comparison between displacement records and
creep rupture curves. The approach was firstly introduced by the authors to be applied on
secondary creep curves, and relied on a formulation to evaluate the time left to failure ¢

according to the value of strain rate:

logyo t, = 2.33 — 0.916logy, € + 0.59 (VI)

Saito (1969) lately extended this approach to tertiary creep trends, introducing a graphical
methodology to evaluate the time-of-failure. According to the procedure described by the
author, based on geometrical arguments, three points (namely A1, A2, and A3) can be selected
on a displacement curve in order to have an equal difference of displacement. By drawing a
line parallel to the x-axis and passing through A2, it is possible to identify the projection of
Al and A3 on it, named A’l and A’3 respectively. The point M identifies the midpoint if the
segment A’1A2, while the point N refers to segment A’1A’3. Finally, it is possible to evaluate
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the time-of-failure as the abscissa of the intersection of a line passing through A’l and N’, and
another line parallel to the x-axis and passing through M’.
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Figure 14. Saito's graphical approach to determine the time of failure from a tertiary creep trend (modified after
Saito, 1969)

The geometrical procedure can be described through the following numerical formulation:

. ti — tits (VII)
T 72t — (b + t3)

where t;, ts, and t3 are time coordinates of the corresponding A-point. Some examples of
successful applications of this method can be found in Saito (1979).

Among the failure forecasting approaches based on the creep theory, the inverse velocity
method (IVM) introduced by Fukuzono (1985) is by far one of the most used thanks to its ease
of application and successful results. This method relies on a graphical approach to be applied
on the tertiary creep phase, when the landslide undergoes acceleration starting from a specific
time instant t, (defined onset of acceleration, OOA) where velocity v starts increasing
asymptotically. It is then possible to produce an inverse of velocity 1/v versus time t plot,
where the accelerating trend corresponds to a line whose extrapolation intersects the time axis
at 1/v = 0 (v = o0). The intersection point identified with this procedure represents the time-

of-failure t; (Figure 15).
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Figure 15. Inverse-velocity vs time relationship preceding slope collapse, and graphical methodology to identify the
landslide time of failure (modified after Fukuzono, 1985)

From an analytical point of view, the author showed that pre-failure conditions can be
described by a power law equation that involves the logarithm of velocity of the surface
displacement and the logarithm of the acceleration:

d?t dx\*
7=z (VD

where x represents the slope surface displacement and t is the time, while A and a are
dimensionless constant parameters. Under the assumption of an infinite velocity at collapse, it

is possible to use the following formulation to predict the time of failure:

1

% = (A@-D(-1)*" (IX)

In this formulation, v represents velocity and ¢; the time of failure. The trend of the 1/v —t
plot depends on parameter alpha, which controls the linearity or non-linearity of the curve. As
reported by Fukuzono (1985), this parameter ranges from 1.5 to 2.2 for natural slopes, but
lower values can be obtained in case of slopes influenced by man-made structures (Bozzano et
al., 2014). For a = 2 the resulting curve follows a linear trend, while different values lead to
concave (@ < 2) or convex (@ > 2) curves. Since this parameter typically does not differ much
from 2, the hypothesis of linearity is generally considered a good assumption to evaluate the
time of failure, provided that the dataset is updated constantly to identify the onset of trend
changes (Rose and Hungr, 2007). In this case, it is possible to use the following simplified

equation to obtain the failure time:
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(X)

The effectiveness of this method has been proven by various studies concerning retrospective
analysis of different cases, such as open pit mines (Carla et al., 2017a), experimental man-made
slopes (Petley, 2004), and catastrophic natural events (Kilburn and Petley, 2003). However, it
should be taken into account that its application must be carefully evaluated depending on the
specific case. Guidelines and suggestions provided by several authors include the necessity to
include data pre-processing to reduce the influence of natural and instrumental noise (Dick et
al., 2015), and the importance of employing high sampling frequency monitoring tools to detect
rapid displacements and trend variations (Carla et al., 2017b)

A more recent addition to failure forecasting procedures is the SLO method, presented by
(Mufundirwa et al., 2010). Starting from a formulation introduced by Fukui and Okubo (1997)

to represent strain divergence in the terminal phase of creep failure in rocks, the authors

(8-l ~

where x represents the slope displacement, t is time, t; is the time of failure, and B is a

proposed the following equation:

constant. By plotting this formulation in a t(du/dt) vs du/dt reference system, the time of
failure corresponds to the slope of the resulting line while B is the intercept. Case studies
included in Mufundirwa et al. (2010) display reliable predictions, even if these results were
more conservative if compared to those obtained with the IVM.

The ability of these methods to provide a reliable failure forecasting was investigated also
by Intrieri and Gigli (2016), which applied the three approaches proposed by Saito (1961),
Fukuzono (1985) and Mufundirwa et al. (2010) to different cases, also trying to assess the
influence of different factors in the failure forecast process. The authors introduced a
Predictability Index (PI), evaluated for each specific landslide monitored and ranging from 1
to 5, to indicate the effectiveness of each approach. The results showed a similar performance
of the Saito and Fukuzono models, while the approach proposed by Mufundirwa generally
proved to be less accurate. Additionally, the authors noted that the Saito and Fukuzono
methods achieved different results in terms of quality with respect to the specific cases,

underlining the independence and non-redundancy of these models.

2.5. Semi-empirical methods

Since constitutive relationships used in numerical modelling do not take into account the
“time” element, there is no present knowledge concerning the physical description of the process
leading to slope failure (Intrieri et al., 2019). Semi-empirical models are an alternative to purely

phenomenological approaches to describe the different stages involved the collapse process.
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The mathematical generalization of Fukuzono’s method, proposed by Voight (1988, 1989),

represents the best attempt to define a general law describing various forms of material failure:

Q= AQ (X1I)

In this formulation, A and a are empirical constants, while Q is a generic measurable
quantity describing the phenomenon. According to Voight (1988), Q could be interpreted in
terms of geodetic observations, seismic quantities, or geomechanical observations. For example,
Q could refer to surface displacements, which in turn allows to define Q as the velocity, and §}
as the acceleration. While Fukuzono considered an infinite velocity as the reference value to
define the time of failure, according to Voight the collapse occurs when Q reaches a specific

threshold Qf, leading to a more conservative prediction:

0= (4@ - Dt — 1) + Qi) (X11T)

An example of a procedure aimed to define this threshold can be found in Crosta and
Agliardi (2002). It is also possible to introduce the Fukuzono’s assumption by assuming the

hypothesis Qf — oo, which leads to the following equation expressed in terms of t;:
Ql—a
tr=|——< t
r <A<a - 1>> * (XTV)

where () refers to the velocity measured at time t.

The main issue in the application of Voight equations is related to the necessity of assessing
the value of A and a constants, which cannot be performed with graphical methodologies. In
particular, A shows a significant range of values, spanning over 4 orders of magnitude, while «
displays more moderate variations and it is usually close to 2 (Intrieri et al., 2019; Segalini et
al., 2018). A simplified solution consists of imposing a=2, similarly to the linearity hypothesis
in Fukuzono theory.

An alternative solution was proposed by Hao et al. (2016), which discussed a theoretical

derivation of Eq. XIII for a > 1:
Q0™ = (a - D)ty — t) (XV)

This relation aims to forecast the time of failure by plotting Q0! over time, and linearly
extrapolating the trend line to intercept the x-axis, similarly to the procedure followed by the

inverse velocity method, without the need to calibrate the parameter a.

2.6. Alert thresholds assessment
While the definition of warning thresholds does not involve directly a time of failure

evaluation, it is an activity that can still be included in those methods aiming to identify a
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change in the slope stability conditions before its final collapse, and can play a relevant role in

the Early Warning design process.

In several cases, the threshold assessment process in completely empirical, relying on expert
judgement and available monitoring data, and provides values suitable only for the specific
landslide for which they are originally defined (Intrieri et al., 2019). Numerical modelling is
another possible approach to assess warning levels for a specific landslide. These methods aim
to compare displacements measured by monitoring tools installed on-site with displacements
simulated by a reference model. If properly designed and calibrated, the model should be able
to represent the behavior of the real slope, thus allowing to evaluate one or more alert
thresholds corresponding to potentially critical evolution of the monitored parameters. This
approach is quite challenging due to the large number of components to take into account in
the modelling process, and the model is able to provide reliable results only for the specific
landslide on which it has been calibrated (Intrieri et al., 2019). However, the recent
technological improvements regarding the computational ability of modern calculators, and the
increased availability of powerful modelling software integrating advanced algorithms, have
significantly boosted the research activity in this specific field. The result is a great availability
of scientific literature presenting numerical models based on a wide range of different
approaches and methodologies, such as algorithms based on machine learning and neural
networks (some examples can be found in Krka¢ et al., 2017; Li et al., 2018; Liu et al., 2021;
Prakash et al., 2021; Singh et al., 2020; Zhou et al., 2018).

On the other hand, other methodologies have been developed over the years with the purpose
to create a procedure not dependent from a specific case study. In these cases, the design
process is based on failure forecasting methods (Carla et al., 2017b; Crosta and Agliardi, 2002;
Manconi and Giordan, 2016), or derives from a solid observational basis (Brox and Newcomen,
2003; Xu et al., 2011). Due to their degree of exportability, these methodologies can be
integrated in different slope-scale EWS. Nonetheless, they tend to share the same issues
affecting the methods from where they derive and should not be used in isolation with a “black-
box” approach. In fact, at present, the most reliable approach appears to be the integration of

more than one method in order to have a more complete description of the phenomenon (Intrieri

et al., 2019).
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Chapter 3. Innovative monitoring: the IoNH approach

Monitoring systems play a key role in the study and description of natural phenomena. They
allow to obtain a wide range of different information for continuous and optimal management
of infrastructures, landslides, and critical events in general. Traditionally, the technology
involved in the geotechnical field has been characterized by a manual approach for what
concerns the monitoring activity, specifically regarding both collection and on-site
investigations. As detailed in the previous chapter, this methodology can be quite complex and
time-consuming, particularly for sites difficult to access directly, and especially during

hazardous events (e.g., intense rainfall, adverse meteorological conditions, etc.)

The technological improvements experienced in the last two decades have been a strong
drive in the innovation of tools and sensors involved in geotechnical monitoring activities. The
main goal is to produce a complete and efficient system featuring automatic procedures and

characterized by improved accuracy, reliability, and durability.

One of the major advancements introduced by innovative instrumentations involves the
integration of Internet of Things (IoT) technologies in the design process of automated
monitoring systems. Numerous definitions have been provided over the years for this term,
firstly introduced by Kevin Ashton in 1999 and attributed to the work of the Auto-ID Labs on
networked radio-frequency identification (RFID) infrastructures at Massachusetts Institute of
Technology (Kramp et al., 2013; Wortmann and Fliichter, 2015). The basic idea of this concept
is the presence of a variety of objects and sensors, which are able to interact with each other
through an appropriate network and cooperate to reach common goals (Atzori et al., 2010;
Giusto et al., 2010). When it comes to landslide monitoring, the integration of IoT-based
devices results in a multi-layered architecture, where each component of the system has a
specific role and is essential in guaranteeing the system functionality and efficiency. Some
studies presenting an application of the IoT concept in this work field can be found in Abraham
et al. (2020), Chaturvedi et al. (2018), Gamperl et al. (2021), Giorgetti et al. (2016), Lo et al.
(2020), Moulat et al. (2018), and many more.

While the architecture could be different from one case study to another depending on
specific necessities and requirements, it is possible to identify some essential components for

IoT-based monitoring systems (Figure 16):

=  Perception layer: a network of connected sensors interacting with the environment and

collecting data and information.

= Network Layer: this layer acts like a bridge between sensors and objects, transmitting the
acquired information through specific protocols between different elements of the system,

including the elaboration centre.

=  Data layer: it involves the storage and elaboration of monitoring data, and it is an essential
component in an IoT-based system to manage properly the large amount of data generated

by an automatic system.
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= Application layer: in this stage, monitoring outcomes are represented and made available

for the end-user through dedicated services and/or applications.

In all these configurations, a significant advantage derives from the possibility to achieve a
real-time or near-real-time monitoring approach through the integration of automated
processes, which is a fundamental element in any monitoring system with early warning
applications. Apart from landslides, underground excavation works is another sector where this
feature has proven to be a useful component. For example, multi-parameter approaches have
been introduced in subway construction sites, where an EWS based on single-sensor data and
simpler models is not advised due to the high degree of complexity involved (Wang et al., 2015;
Xie and Liu, 2017).

PERCEPTION LAYER ——» monitoring data collection
L:> NETWORK LAYER @ ————» monitoring data transmission

DATA LAYER @% ————» monitoring data elaboration

u APPLICATION LAYER ; ——— monitoring data visualization

Figure 16. Simplified diagram of a 4-layer, loT-based monitoring system

The implementation of IoT-based procedures is the core component of the Internet of
Natural Hazards (IoNH) approach. IoNH represents a design concept where different
components can interact and exchange data thanks to Internet connectivity by exploiting a
bidirectional control of both sensors and control units (CU) placed in a specific monitoring site,
taking advantage of a cloud-based database (DB), elaboration software, and representation
platform. Equipped with appropriate technology, network-connected devices can be remotely
controlled and accessed, thus creating an integrated and automated monitoring system with

improved efficiency and performance (Segalini et al., 2021).

Figure 17 summarizes the working principles of the IoNH approach, highlighting the
different components of the system, which will be presented and investigated in the following

sections together with some examples to underline the approach advantages.
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Figure 17. Schematic representation of the Internet of Natural Hazards (Io0NH) approach (Carri et al., 2021)

3.1. Modular Underground Monitoring System (MUMS)

The IoNH approach is based on the experience acquired along 10 years of automatic
geotechnical monitoring during the development, improvement and production of a new

monitoring device called MUMS.

Modular Underground Monitoring System (MUMS) is a patented monitoring system
designed and produced by ASE S.r.l. (IT). The instrumentation is composed of a series of epoxy
resin nodes, called Links (Figure 18), connected by a quadrupole electrical battle and an aramid
fibre cable. The result is an arbitrary long array of sensors, which can be located at specific
distances according to specific requirements and can measure different parameters depending
on the monitoring activity (Segalini and Carini, 2013). Originally designed as an automatic
inclinometer, MUMS devices have been constantly improved and evolved over the years, and
have been installed in several different sites, including landslides (Segalini et al., 2014; 2019a),
underground constructions (Carri et al., 2019; Savi et al., 2019), geotechnical structures (A.
Segalini et al., 2019b), and geothermal plants (Tinti et al., 2018).

Figure 18. Link of a MUMS Array

The instrumentation was born in 2011 with the idea to provide a new alternative to
traditional measurement instrumentation. In particular, the design of the new system was

focused on some critical aspects that characterize a manual inclinometer (Carri, 2019):
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=  Develop a completely automatic monitoring process to remove the need for an operator on-

site to activate the instrumentation, improving the system efficiency and reliability.

= Include a data acquisition procedure able to reach high sampling frequencies together with
the collection of multi-parameter data, allowing a direct correlation between displacements

and triggering factors thanks to the availability of a large amount of monitoring outcomes.

= Remove any rigid mechanical connection between sensors, reducing uncertainties due to

spiralling and creating a flexible instrumentation, easier to carry and install on-site.

=  Change the data elaboration philosophy, removing any closed-box hardware filter in order
to store the raw data and apply statistical tools. Raw data availability makes it possible to

study and test new algorithms to improve the elaboration process.

= Optimize the electrical consumption in order to use smaller power units and reduce the

impact on the landscape.

As previously stated, the structure of MUMS-based systems allows the integration of a wide
selection of different digital and analog sensors. This characteristic is intended to provide a
flexible and customizable system able to adapt to different contexts according to the parameters
that need to be controlled.

The configuration designed to measures landslide displacements (Figure 19a) is called
“Vertical Array” and relies on Micro Electro-Mechanical System (MEMS) sensors composed of
an accelerometer, a magnetometer, and a thermometer. Additionally, it is possible to integrate
an electrolytic tilt sensor for redundancy reasons and if a higher resolution is needed (Figure
19b). Tt is worth noting that MEMS have a 360° measuring range, while electrolytic cells feature
a full-scale value of £25°. Additionally, the structure of MUMS-based arrays permits the
exploitation of different sensor typologies in the same array, such as piezometers to detect

water level variations (Carri et al., 2016).

The data transmission relies on 4G, 3G or GPRS lines with a UMTS router. In the case of
monitoring systems based on the IoNH structure, the elaboration process usually involves
several variables and parameters, resulting in a quite complex and computationally expensive
procedure. For this reason, the system is designed to transmit raw data only, and calculate the

final results separately.
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Figure 19. (a) Vertical Array working principle; (b) components of a Tilt Link HR 3D V.

The redundancy provided by this approach play a major role in data analysis and validation
processes. An example of this importance is presented in the following case study where MUMS-
based instrumentation was installed to monitor a reinforced soil retaining wall with the
objective to control the displacement of the structure. Additionally, the system included an
alert system based on a predefined, site-specific threshold calibrated on a 7-day time interval.
The monitoring apparatus included two 15-metre long Vertical Arrays, each one composed of
15 Links integrating both MEMS and electrolytic tilt sensors. The monitoring activity started
at the end of August 2017 and continued for 17 months until January 2019, when the retaining
wall was demolished for safety reasons (Segalini et al., 2019b). During this time period, the
presence of two different sensors measuring the same physical quantity at the same depth
played a primary role in the monitoring data interpretation, in particular during an event
occurred in July 2018 when one of the Array evidenced a consistent displacement at 14 metres
of depth. Since the area interested by the movement was supposed to be stable, and the other
device did not evidence any deformation at that specific depth, there could have been some
doubts regarding the data reliability. However, the presence of both displacement sensors in
the same Link allowed to observe a similar behaviour for both the MEMS and the electrolytic
cell, with some difference in the displacement magnitude due to the different sensitivity of the
two devices. As can be observed in Figure 20, both sensors recorded a movement starting on
July 5" around 10.00 AM, resulting in a displacement of 18.6 mm according to the MEMS,

and 16.9 mm according to the electrolytic tilt sensor.
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Figure 20. Displacement vs time trends recorded by MEMS and electrolytic tilt sensor at -14 m (Segalini et al.,
2019b)

As previously discussed, another advantage deriving from the application of multi-parameter
devices such as MUMS-based automatic inclinometers, is the identification of significant cause-
effects relationships between different physical quantities. One of the most common and useful
correlation involves the monitoring of rainfalls and water level variations, in order to verify
their influence on the slope stability conditions. The following graphs present an example of
this approach, referred to a monitored site where two different Vertical Arrays were equipped
with piezometers (Piezo Link) in addition to displacement sensors (Tilt Link HR 3D V),
allowing to receive information regarding the water table behaviour, while a rain gauge in close

proximity of the area of interest provided rainfall data.

The event of interest occurred in January 2021, when both inclinometers recorded a
significant displacement increase located at a depth of approximately 5 metres. In particular,
for what concern Vertical Array #1, Tilt Link 29 (located at -5.0 m b.g.l.) measured a
displacement of 10 mm, while the two piezometers integrated in the Array displayed an increase
of the water level, resulting in a variation of 1.6 metres according to the Piezo Link located at
-13.0 m, and 1.3 metres according to the Piezo Link installed at -19.0 m (Figure 21). On the
other hand, Vertical Array #2 evidenced a displacement of 14 mm measured by Tilt Link 31,
placed at a depth of 5.0 m, and the only piezometer integrated in the Array recorded a water
level variation of 1.3 metres (Figure 22), displaying strong similarities with information
recorded by Vertical Array #1.
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Figure 21. Correlation between displacements data and water level variations measured during January 2021 by
sensors integrated in Vertical Array #1

Vertical Array #2 - Displacement and water level variation data (January 2021)
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Figure 22. Correlation between displacements data and water level variations measured during January 2021 by

sensors integrated in Vertical Array #2

In both cases, it is evident the correlation between the slope displacements and the water
level variations, which in turn show a significant connection with rainfalls. In fact, as can be
observed in Figure 23Figure 26, the main triggering event appears to be a particularly intense
event that started on January 19® and continued for five days until January 24", reaching its

peak on January 22" with 72.2 mm. By bringing together all information recorded by each
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different device, it is possible to assume that the slope behaviour is strictly connected with
rainfalls, and increments in slope displacements could be observed in correspondence of other

intense events in the area of interest.
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Figure 23. Correlation between rainfall data recorded by the rain gauge, and water level variation values recorded
by the Piezo Links integrated in both Vertical Arrays installed on the monitored site

Another example of a possible application of multi-parameter sensors is the availability of
useful information for a better interpretation of the phenomenon evolution. The data reported
in Figure 24 refers to a monitored site where a tilt meter was placed on a building located close
to a landslide, in order to identify possible interactions between the two elements. In particular,
the MUMS-based device was able to provide data regarding the inclination of the monitored
wall, and the temperature measured by a thermometer integrated in the same Link. This
allowed to compare the trends displayed by the two physical quantities for a better
understanding of the building behaviour in different time periods. Reported data refers to a
full year of monitoring activity. This permits to observe how tilt and temperature data follow
a very similar pattern, with the MEMS sensor displaying a counter-clockwise tilt as the
temperature decreases approaching the winter season, and reversing the trend once the
temperature starts to rise again. If only tilt data were available, the interpretation of
monitoring outcomes would have been more difficult, with the possibility to assume the
presence of a potential instability due to the tilt variation recorded by the sensors. However,
the presence of two sensors allowed to correctly interpret the phenomenon, identifying the close

relationship between temperature variations and tilt values measured by the MEMS.
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Figure 24. Comparison between tilt data and temperature recorded by a tilt meter installed on a building wall

The possibility to perform a cross-check between different physical quantities is an extremely
useful feature when a monitoring system integrates sensors specifically designed to identify the
occurrence of rapid critical events, such as rockfalls or debris flows. This task is usually
performed by exploiting mechanical-electrical trigger sensors, which are able to perform
predefined procedures after their activation. The example reported below refers to a case study
where a complex monitoring system was installed to control the occurrence of debris flow events
on a slope located in proximity of a road tunnel entrance. Among the different elements
composing the system, it integrated several wire extensometers and tilt meters, a rain gauge,
two cameras, and two mechanical triggers installed in specific areas of the slope. Thanks to the
implementation of IoNH principles previously described, it was possible to create a networked
structure where the identification of a potentially critical event leads to the automatic
activation of other key elements of the system to acquire more information for a correct
interpretation of the phenomenon. On August 162, 2021, at 10:02 PM the software reported
the activation of one of the mechanical triggers, arguably due to a small debris flow generated
by a sudden cloudburst in the area, which was correctly detected by the rain gauge located on
site. Following this report, a review of available monitoring data highlighted that one of the
wire extensometers recorded a deformation of approximately 2.8 mm in correspondence of the
trigger activation (Figure 25). Finally, one of the cameras provided an image of the area of
interest, confirming the presence of a small flow generated by the rainfall event. The close
interconnection between sensors, and the ability to operate automatically with a near-real time
approach, gave to responsible authorities all information needed to identify the event and assess
the phenomenon intensity, which ultimately did not cause any significant inconvenience to the

road nearby.
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Figure 25. Monitoring data recorded by the rain gauge and three different wire extensometers on August 2021,

evidencing the event that caused the activation of one of the trigger sensors present on site

3.2. Control unit and power supply

The entire system is operated by a control unit, which queries all connected sensors at a
specified sample period and stores the values on an external memory unit. In addition to digital
sensors, the datalogger is able to record any kind of traditional device featuring an analog
output signal. As a result, it is possible to manage complex and diversified monitoring systems
with a single control unit, database, software, and web platform. The power supply comes from
a rechargeable lead battery, connected to a solar panel, or directly connected to the electrical
line if available on site. Both these configurations are designed to provide a reliable power
source, which is a mandatory necessity for any acquisition system, especially if it includes early
warning procedures (Reid et al., 2008). For this reason, the battery level is always accessible
on the visualization platform, and a routine integrated in the elaboration software analyses

automatically sends warning messages if the recorded value is below a predefined threshold.

Two examples of the importance of this feature are presented hereafter. Figure 26a regards
a case study where an array of 23 high-resolution thermometers was installed for the monitoring
of soil temperature at different depths. A lead—acid battery connected to a solar panel provided
the power supply to the monitoring system, set to acquire a new value every 10 minutes. After
the tool installation, a prolonged period of adverse climate conditions severely affected the
ability of the solar panel to properly recharge the battery. This event, together with the high

sampling frequency required by this case study, induced a gradual depletion of the energy
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supply. Once the battery voltage reached a level lower than a predefined threshold, the system
issued a series of alert messages to highlight the problem. The system operativity was restored
with the substitution of the battery and the upgrading of the solar panel with a more powerful
one (Carri et al., 2021).

The example reported in Figure 26b concerns a monitoring system including a Vertical Array
and a series of traditional analog devices to control the influence of a landslide on the nearby
buildings. The site configuration allowed to connect the rechargeable battery directly to the
electrical line to provide a continuous energy supply to the system. In May 2020, a heavy
thunderstorm caused a blackout in the area of interest, leading to the temporary failure of the
electrical line to which the battery was connected. As a result, the level vs time plot showed a
rapidly decreasing trend as the monitoring activity progressed without the ability to recharge
the battery. Once the automatic software reported the issue, it was possible to take action in
order to reset the power supply and continue the data sampling operations regularly.

"
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Figure 26. Two examples of battery level vs time plots indicating an issue in the power supply system

3.3. Elaboration and self-check controls

The elaboration software, specifically optimized for each different application of MUMS-
based devices, has the main task to convert raw data (i.e., electrical signals sampled by sensors)
into physical units, and calculates the final results after the application of a series of several
self-check data controls. Such procedures are a fundamental component in elaboration processes
designed for automated systems, since they are intended to guarantee the quality and reliability

of the monitoring outcomes.

The software dedicated to the elaboration of monitoring data sampled by MUMS
instrumentation takes advantage of several algorithms, intended for the verification of specific
requirements connected to the parameters of interest. A brief discussion of the main self-check
processes is presented below, while a more in-depth and complete explanation of their working

principles and integration into MUMS elaboration software can be found in Carri (2019).
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3.3.1. Spike noise and instrumental noise recognition

Spike noise (or impulse noise) is a sporadic and unpredictable electrical disturbance
consisting of impulsive disorders in the signal, often induced by external factors, which heavily
contaminate the acquired data (Zhang and Wu, 2017). When it comes to landslide monitoring,
both accelerometer and magnetometer data are processed to identify any outliers. In this
specific field of application, spikes could be related to earthquakes or traffic vibrations and, if

not highlighted, may lead to false alarms.
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Figure 27. Raw data analysis, showing the procedure to determine the occurrence of (a) a spike event, and (b) an
actual variation of monitoring data (modified from Carri et al., 2021)

While the removal of outliers and spike noise is a relevant topic in the data elaboration
process, it should be reminded that such an operation causes a time-delay related to the
complete dataset validation. In the example reported in Figure 27 reports a monitoring dataset
characterized by a sample period of 15 min, a check analysis that considers 9 elements, and a
data transmission frequency to the elaboration centre of 30 min. When the software starts the
elaboration of newly acquired information, only a left-weighted de-spiking process is available
for the calculation process, using a dataset which takes into consideration the previous 4 points
(starting from the green lines in Figure 27) If the data to be evaluated does not follow the
previous behaviour, the algorithm could potentially identify two different scenarios: the
occurrence of a spike or the beginning of a new data trend (case (a) and case (b) respectively).
The software must perform a preliminary real-time analysis that interprets one of the two

mentioned cases, accordingly to the deviation from the median, which returns an information
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with a 50% reliability compared to the fully available dataset. After 30 minutes, a new data
transmission takes place (blue dashed line), adding new elements to the dataset previously
investigated. The new elaboration takes advantage of these information, and the algorithm is
able to make a first estimation of the nature of the data variation. The result has a higher
confidence than the previous one, even if a degree of uncertainty is still present since the
dataset is not complete. The following data transmission (occurring 30 minutes later, and
represented by red dashed lines in Figure 27) provides the missing information to the analysed
dataset, and confirms the outcomes previously obtained with a level of confidence equal to

100% with respect to the parameter set for the outlier identification procedure (i.e., 9 elements).

3.3.2. Coherence and variability of the gravity acceleration vector

The main component of any MUMS systems designed for landslide monitoring is a 3D
MEMS sensors featuring three main elements, namely an accelerometer, a magnetometer, and
a thermometer. Its three-dimensional working principle makes it is possible to reconstruct the
magnetic field vector represented by gravity acceleration g, and the static nature of these
measures allows controlling the vector coherence at every step, as in Equation XVI (ay,a,,a,

represent the three acceleration components).

This procedure helps in the identification and troubleshooting of malfunctions involving
specific sensors of the Array by imposing a predefined threshold A, which should be defined

according to the sensor technical features.

/a§+a32,+a§

=1 XVI
- (V)
/a,zc +aj + a2
1-X —— |>a, (XVII)
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The investigation of the instrumental gravity acceleration vector variability is performed on
two consecutive readings performed by the same sensor at t and t — 1. In this case, the analysis
focuses on the identification of abnormally large variations according to a reference value ¢4,

and provides a complementary check to the previous one.
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3.3.3. Coherence and variability of the magnetic field vector

The presence of a magnetometer integrated in the MEMS gives the possibility to evaluate
the coherence and the variability of the magnetic field recorded by the sensor. In fact, it is
possible to reconstruct the resultant Earth magnetic field vector of the monitored site by

exploiting the Latitude, Longitude, and altitude data, and to compare it with the vector
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recorded by the instrumentation. The variability check follows the same principle presented
for the gravity acceleration vector, and the identification of anomalies in the measurements
performed by the instrumentation allows to take action in order to solve the issues during the

elaboration process.

3.3.4. Coherence of node temperature

Due to the specific field of application, which involves the installation of underground
instrumentation, the temperature is usually relatively stable and varies in a range of roughly
15 to 30 °C depending on the location of the monitored site and the depth at which the measure
is recorded (e.g., Alam et al., 2015; Pouloupatis et al., 2011; Shah et al., 2019). For this reason,
the thermometer integrated in the MEMS should return a value within a predefined range in
order to consider as reliable the monitoring information collected by the sensor. For MUMS-
based instrumentation, maximum (Ty,4y) and minimum (T,,;,) temperature values are usually

set as 480 °C and -20 °C, respectively.

Tmin <T< Tmax (XIX)

3.3.5. Recognition of not-operating sensors

All the self-check analyses presented up to this point are intended to identify specific
anomalies affecting a single value or a dataset. However, it may occur that a sensor does not
work as intended and is unable to transmit new data to the control unit. In this case, the data
logger is set to carry on the sampling process by querying the following nodes of the Array,
while the malfunctioning Link returns a text code related to the undergoing issue. When the
software identifies an error code, the last validate numerical value of the Link is reported to
allow the continuation of the elaboration process, while the text code itself is preserved in order

to perform the adequate troubleshooting operations.

3.4. Data visualization

The installation of a huge number of devices with multiparametric sensors requires adequate
data management due to the amount of information generated by the instrumentation.
Therefore, monitoring data availability and visualization should be considered fundamental
elements in the design process of a monitoring system, aiming to simplify and optimize the

accessibility and interpretation of the outcomes for the end user.

Following this principles, MUMS-based devices take advantage of an interactive web-based
platform with private access, where results of interest are represented with different graphs,
widgets, and tools, depending on the data typology. Moreover, monitoring values can be
exported in common formats, such as images or text files, in order to perform further analyses.
Web-based environments provide several advantages in terms of data browsing, thanks to the
implementation of a dedicated user-friendly interface that allows to interact with a constantly
updated workspace. The integration of modular elements gives the possibility to customize the
platform according to the users’ requests, in order to interact easily with monitoring data
according to specific needs (e.g., selecting a time interval, displaying only specific results,

browsing through different physical quantities, etc.).
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Figure 28. Structure of the web-based platform for Vertical Array instrumentation

Moreover, thanks to the enhanced connection provided by IoT elements integrated in the
IoNH approach, it is possible to interact directly with the settings of the control unit installed
on the monitored site, automatically changing configuration parameters like sampling period,

or data transmission frequency, according to monitoring outcomes.
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Chapter 4.  Acceleration phase identification algorithm

As discussed in the previous chapters, assessing the landslide time of failure is a topic of
major concern in the field of geological risk management, consequently leading to the
development of several approaches to achieve this goal. According to Brabb (1993), it could be
theoretically possible to avoid at least 90% of losses caused by landslide phenomena by
identifying the problem before its critical evolution. Nonetheless, the ability to predict the

future behaviour of a landslide remains a challenging task.

Among the several factors playing a role in the forecasting process, one of the most crucial
and complex aspects is the definition of the dataset to be used to determine the phenomenon
evolution. The importance of this task derives from the assumption that the behaviour
preceding the collapse can be explained with a tertiary creep model. In fact, forecasting methods
needs to be applied to this specific stage of the phenomenon evolution in order to provide
reliable results. Consequently, a correct definition of the beginning of the actual acceleration
phase could be fundamental to apply these methods correctly and, consequently, provide
meaningful evaluations regarding the most probable event behaviour (Dick et al., 2015).
According to this consideration, the definition of the landslide acceleration phase acquires a
particularly relevant position among the several components forming an Early Warning

System.

Traditionally, the identification of the onset-of-acceleration (OOA) and the following
application of failure forecasting methods have been performed manually on the available
monitoring dataset (e.g., Mazzanti et al., 2015b; Rose and Hungr, 2007; Voight and Kennedy,
1979). This approach, involving the first-hand evaluation of an expert, could provide highly
accurate results, but it is definitely a sub-optimal solution when a timely warning is needed.
This is mainly due to the lack of automation, which is a key component for an effective real-
time EWS (Allasia et al., 2013)., However, as noted by Bozzano et al. (2018), a standard
procedure to identify the beginning of the tertiary creep phase has yet to be defined. An
interesting approach to solve this problem, introduced by Carla et al. (2017b), involves the
crossover between short-term and long-term moving averages (SMA and LMA, respectively)
to identify a trend change in the raw data. According to the authors, the OOA point can be
defined when the SMA line crosses above the LMA, representing the beginning of an uptrend
behaviour. On the opposite, a downtrend occurs when the SMA line lies below the

corresponding LMA line, thus representing the end of the acceleration phase.

As reported in previous chapters, the most successful failure forecasting methods have been
able to provide good results under the hypothesis of a tertiary creep behaviour. For this reason,
the selected dataset should contain only accelerating displacement data to improve the
procedure reliability. This assumption highly influences the forecasting analysis outcomes and
evidences the necessity to apply monitoring tools featuring high sampling rates and automatic
acquisition procedures. In fact, a monitoring approach relying on manual acquisition is not

suitable for these purposes, since the low sampling rate is unable to guarantee an adequate
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description of the acceleration phase, which can take place in a time interval up to some hours
(e.g., Bozzano et al., 2011; Carla et al., 2017a).

In general, an expert operator should be able to identify the onset-of-acceleration through a
manual check of the available monitoring data. However, the task is quite harder when a
software has to recognize automatically the starting and progression of an accelerating phase
with a real time or near-real time approach. Another factor that should be taken into account
is the simultaneous monitoring of several different landslides, which nowadays is becoming
more and more common thanks to the introduction of automatic instrumentation. In this
context, the integration of highly detailed models and the manual elaboration of monitoring

data would be hardly sustainable in terms of economical and computational resources.

The present chapter describes the design, calibration, and application of a methodology
specifically developed to identify the beginning and evolution of a landslide acceleration phase.
All the aspects previously covered were taken into consideration during the development of the
proposed approach, addressing the advantages of an automated procedure and the possibility
to apply it consistently to a large number of monitored sites. The main source of this chapter
is Valletta et al. (2021).

4.1. Algorithm structure

The algorithm discussed in this section was developed with the objective to identify an
increasing pattern in displacement rates through the analysis of the dataset trend according to
four different criteria, applied with a “drop-down” structure. Given that the procedure is
intended to work autonomously, this choice provides some relevant advantages. The main one
is the possibility to stop the algorithm when a single condition is not fulfilled, which allows to
optimize the expected time analysis. The impact of this choice becomes more and more relevant
when dealing simultaneously with multiple devices featuring high sampling frequencies, which
often results in an extremely large database of monitoring values to be elaborated at the same
time. Additionally, a multi-criteria approach permits to impose conditions on each sub-routine
individually, thus allowing to differentiate between mandatory requirements and other
conditions featuring specific margins of tolerance. These aspects heavily influenced the design
process of the proposed approach, trying to balance computational complexity and results

reliability.

The fundamental hypothesis of the method is the presence of an observable transition from
a linear to a non-linear behaviour. These correspond respectively to a constant and increasing
displacement rate, which can be evaluated as follows:
Si—S;i_
j — 2j-1
v = XX)
j (
ti—ti_,
Where v is the displacement rate recorded between j and j — 1 readings, S is the displacement
recorded at reading j by the monitoring instrumentation, and t; is the date, expressed as a
number, corresponding to reading j. The following sections describe in detail each single sub-

condition, while Figure 29 summarizes the algorithm structure. Since its development, the
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algorithm has been tested on a large number of MUMS-based monitoring devices featuring
different sampling frequencies. However, from a conceptual point of view, the proposed

methodology could be applied to any device intended to monitor slope displacements.

Analysis of the
following reading
ji+1

Monitoring data:
Displacement S;

v

Displacement rate calculation v

Vi= (S-S /(G- 1)
Vi = (81 - Spa) /(G- 1)
Vie = (S12- Spa) / (t2 - 1g)
Via = (Spa- Spg) / (s - 1)

‘ CRITERIONO =~ 7~= Criterion not activated
Y
Condition respected by 100% of
YES the dataset?
‘ CRITERION1 ———--3 Criterion not activated

Condition respected by 75% of
the dataset?

YES

Displacement rate data are interpolated using a second-degree fitting over a specific
dataset composed of a number n of data (e.g. n=10)

Vj... Vig > v, = (at’ + bt +¢);
Vigee Vigg—> V4 = (at: +bt+c),
Vige Vigg => Vi = (az‘2 +bt+c),
Vig o Viz —> Via = (@t + bt + ¢);,

( Criterion not activated )

CRITERION 2
NO
YES | Condition respected by 75% of
the dataset?
Criterion not activated
CRITERION3  ~-—-—>

Condition respected by 75% of
YES the dataset?

ACCELERATION PHASE
The landslide is beginning an accelerating
trend, with an estimated onset of
acceleration at reading v;,

Figure 29: Flow chart of the multi-criteria algorithm, displaying each passage and the corresponding conditions
(Valletta et al., 2021)
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4.1.1. Criterion 0: positive displacement rate
Criterion 0 was included in the algorithm as a preliminary check on displacement rates
extracted from the monitoring dataset. This mandatory condition requires four consecutive
positive velocities (referred to reading j) to proceed with the following operations. This means
that it is necessary to have a dataset composed of at least four displacement rate values (i.e.,
five displacement data) in order to continue the analysis. The introduction of this first step is
particularly important to obtain meaningful results from the application of forecasting models,
like IVM, to the selected dataset. In fact, a negative velocity would be meaningless in this
context, effectively invalidating any result coming from the forecasting analysis.
v; >0
vji_1>0
Vi, >0
\Vj-3 >0

(XXI)

4.1.2. Criterion 1: increasing displacement rate

If Criterion 0 gives a positive result, the subsequent step focuses on the variation between
two consecutive values in order to check if the displacement rate is displaying an actual
accelerating trend. In this phase, data referred to readings j and j — 1 are considered to compute
the velocity variation Av;. The criterion is fulfilled if the Av > 0 condition applies to at least
the 75% of the considered dataset, which corresponds to three out of four consecutive

displacement rate values.
Avj = vj - 17]'_1 >0 (XXII)

This choice is intended to prevent errors deriving from anomalies in monitoring data,
represented by outliers or spike noises, among the others. In fact, a too strict condition (such
as the one applied to Criterion 0) could lead to the interpretation of a single negative result as
an actual deceleration, thus stopping the procedure due to an undetected inconsistency in the
dataset. On the other hand, the introduction of this tolerance margin makes it possible to carry
on the analysis even if an anomalous value is present. Moreover, when dealing with monitoring
devices featuring high sampling frequencies, it is sometimes possible to detect a temporary
deceleration within a more consistent upward trend. In this context, a 100% validation
condition of the dataset would interpret this behaviour as an actual deceleration, while its

duration could be minimal when compared to the general trend of the landslide displacements.

4.1.3. Criterion 2: parabolic trend

The following condition is based on the assumption that displacement rates will display a
non-linear behaviour during the acceleration phase. According to this hypothesis, Criterion 2
is intended to define a curve fitting the selected dataset, with the purpose to detect an upward
trend. Taking as a reference the creep theory (as discussed in previous chapters), Criteria 1
and 2 aim to determine the initial transition from a linear trend, typically associated with a
secondary creep stage, to a non-linear behaviour. Scientific literature focused on the evolution

of potentially critical landslide events usually refers to a power law equation applied to
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displacement rate data in order to describe the tertiary creep phase (e.g., Corcoran and Davies,
2018; Cruden and Masoumzadeh, 1987; Helmstetter et al., 2004; Voight, 1989). However, the
calibration and testing of the proposed methodology evidenced how a power law function would
not be suitable in an algorithm intended to interpolate a generic trend, since it gives reliable

outcomes only when applied to the last phase of the phenomenon evolution.

To solve this problem, a fitting procedure involving a second-degree polynomial function
was tested, with the objective to identify upward or downward trends in different datasets by
studying the concavity direction. Figure 30 displays four different examples extracted from the
testing process, presenting a comparison between two fitting approaches, namely power law
and second-degree polynomial equation, performed on displacement rate data. This example
refers to the time series #2 reported in Ryan and Call (1993). It is possible to observe how the
fitting obtained with a parabolic equation accurately interpolates the monitoring data,
displaying a concavity that correctly represents both an increasing (Datasets #1 and #2) and
decreasing (Datasets #3 and #4) displacement rate trend. On the other hand, the power law
model fails to provide an accurate representation of the dataset trends, not allowing a reliable

interpretation of the landslide behaviour.
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Figure 30: Comparison between two different fitting approaches, based on power law and parabolic equation, applied
to four different displacement rate datasets (Valletta et al., 2021)
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Table 1: Equations used for the parabolic and power law fitting procedures, together with the parameters resulting
from their application to datasets reported in Figure 30

Parabolic fitting Power law fitting
Dataset y=ax*+bx+c y = ax
a b c a b
#1 4.9507 -775.5021 30391.6446 8.8988E-049 26.0745
#2 1.2344 -181.1658 6658.9467 2.6346E-019 10.5431
#3 -0.3178 45.8235 -1639.4291 6.7969E-012 6.5973
#4 - 0.3631 43.9043 -1318.2098 1.0399E-017 10.039

Therefore, after fulfilling the previous Criterion 1, displacement rate data are interpolated
using a parabolic fitting in order to determine the value of the a parameter that describes the
concavity orientation:

y=ax?>+bx+c (XXIIN)

where y refers to displacement rates and x represents time, expressed as a number. It is
important to note that the most appropriate number of data to perform this operation may
vary according to the specific case study, depending on parameters such as sampling frequency,
instrumental noise, smoothing procedures, and other filters applied on monitoring data. The
example in Table 2 refers to a case study where a fitting operation on a dataset composed of

10 displacement rates v was performed.

Table 2: Dataset considered for the Criterion 2, under the hypothesis of n = 10 data for the nonlinear interpolation

Referring First reading Last reading Concavity parameter
dataset considered in the considered in the
dataset dataset
j Vj-9 Yj aj
j-1 Vj-10 Vj-1 a1
Jj-2 Vj-11 Vj_2 aj—z
j-3 Vj_12 Vj-3 a;—3

As previously assessed, the evaluation of the a coefficient of the interpolating curve is the
main goal of this step. In fact, this parameter holds information regarding the curve concavity:
a positive value identifies an upward concavity (i.e., an accelerating trend), while a downwards
concavity features a value of a < 0 and corresponds to a decelerating pattern. In the proposed
procedure, a positive value should be obtained in order to claim that an acceleration is taking
place. If the condition is verified for at least the 75% of the dataset represented by j, j —1,j — 2

and j — 3 readings, Criterion 2 is fulfilled, and the analysis can advance to the following step.
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4.1.4. Criterion 3: increasing concavity

The last step of the procedure takes into account the variation of the a coefficient between
two consecutive readings. Specifically, the sign of Aa is studied to assess if the curve
interpolating the monitoring data displays a more pronounced upward concavity compared to
the previous one (i.e., the acceleration is increasing). While the previous conditions were
designed to detect a transition between two different behaviours, namely secondary and tertiary
creep stages, this particular criterion investigates a non-linear trend featuring increasing values.
If a positive result is obtained from the application of Eq. XXIV., it is possible to state that
the displacement rates trend is consistent with an increasingly accelerating pattern. Instead, a
negative difference between two readings (Aa < 0) means that the curve is experiencing a
transition towards a more linear trend, thus approaching a downwards concavity that

represents a deceleration of slope movements.
Aa; = a; — a;_4 (XXIV)

If Criterion 2 is activated at reading j, the analysis defines a dataset composed of four
parameters and evaluates the variation of a starting from the first reading, namely the Ag;_;
reading. Similar to the two previous stages, a 75% success rate is required to fulfil the condition
imposed for Criterion 3. If this last step returns a positive outcome, it could be assumed that
an accelerating phase is taking place, and the j — 3 reading could be taken as the OOA of the

monitored event.

4.2. Parametric analysis

The validation of the proposed approach involved a parametric analysis, in order to evaluate
the model performances under the variation of the main parameters implemented in the
algorithm. In particular, the number of data points (d), the percentage limit, and the number

of data (n) used in the model fitting procedure were considered during the process analysis.

In particular, Figure 31a and Figure 32a compare the reference dataset of d = 4 monitoring
data, featuring a 3/4 rate limit (i.e., 75%), with a 5-point dataset characterized by two different
rates, namely 3/5 (60%) and 4/5 (80%). Figure 31b and Figure 32b display the same reference
case compared to a 6-point dataset with a rate of 4/6 (67%) and 5/6 (83%). Results reported
in Figure 31 comes from the elaboration of the displacements recorded at the New Tredegar
landslide (Bentley and Siddle, 2000), and are obtained by considering 10 monitoring data for
the parabolic model fitting. Figure 32 follows the same approach, and takes as reference case
study the Hogart Pit landslide (Brawner and Stacey, 1979).

By studying the analysis outcomes, it is possible to make the following considerations

regarding the parameter influence on the algorithm:

= The OOA estimation is the same for all configuration, except for the d = 6, 4/6 model that
placed the onset-of-acceleration one day earlier. Excluding this particular case, the
beginning of the acceleration phase was assessed correctly according to the information

available for the specific case studies.
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Increasing the number of data points (from 4 to 6) produced a progressively delayed
fulfilment of the Criterion 3 condition, leading to a postponed assessment of the acceleration

phase. This is a relevant downside in a methodology that is intended to provide timely

evaluations for early warning purposes.

» Percentage limits higher than the reference value (i.e., 75%) did not display any relevant
improvement in avoiding false positives. The only exception relates to the 83% rate in the
d = 6 configuration, which however provided a notably delayed OOA estimation compared
to the other configurations. On the other hand, values lower than 75% led to an increment
of false positives for both d =5 and d = 6.
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Figure 31: Parametric analysis of the New Tredegar landslide dataset, comparing the d =4, 3/4 reference

configuration with (a) d =5, and (b) d = 6 configurations, including also different values for the percentage level
parameter (Valletta et al., 2021)
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Figure 32: Parametric analysis of the Hogart Pit landslide dataset, comparing the d = 4, 3/4 reference configuration
with (a) d =5, and (b) d = 6 configurations, including also different values for the percentage level parameter
(Valletta et al., 2021)

Figure 33a and Figure 33b provide the results of the parametric study performed on the
number of monitoring data used in the parabolic model fitting, deriving respectively from the
analysis of the New Tredegar landslide (Bentley and Siddle, 2000) and Ohto landslide (Suwa

et al., 2010) datasets. Both these cases were processed by considering a d = 4, 3/4 configuration.

By observing the results of these elaborations, it is possible to notice the influence of the n
parameter for what concern the occurrence of false positives. In particular, analyses performed
with n > 10 evidenced a higher number of data points fulfilling the Criterion 3 conditions,
generating a series of false positives before the actual onset of acceleration. Additionally, some
false alarms caused by n =11 and n =12 configurations lasted for more than a single
monitoring record (e.g., the event starting at t = 41 days in Figure 33a), which could lead to
an even more severe misinterpretation of available data. For what concern n =8 and n=9
configurations, they were unable to provide a reliable assessment of the onset of acceleration.
In fact, the elaborations did not always reach the required level during the critical acceleration
phase, thus leading to an inaccurate OOA definition. An example of this behaviour can be
observed in Figure 33b, where the analyses performed with datasets ranging from 10 to 12

points consistently fulfilled the Criterion 3 conditions after the OOA identification. On the
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opposite, datasets featuring n < 8 displayed a much less stable behaviour, not allowing to

provide a reliable OOA definition.
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Figure 33: Parametric analysis of the (a) New Tredegar landslide and (b) Ohto landslide datasets, focusing on the
number of monitoring data used for the parabolic fitting model (Valletta et al., 2021)

4.3. Case studies

As detailed in the previous sections, the application of the proposed procedure involves a
real time or near-real time monitoring approach, aiming to identify potentially critical
acceleration trends starting from available displacement data. In the following sections, three
real case scenarios are presented to outline the algorithm implementation. Even if all
monitoring data here presented come from historical events retrieved from scientific literature,
the procedure is applied b simulating a real-time acquisition, since the algorithm provides a
new result each time a sampled value is elaborated by the automatic software. The analysis
was performed with the drop-down structure previously described, generating a new dataset
for each single monitoring data. Displacement rate datasets were digitized from data reported

in scientific literature, considering a daily sampling rate.

It is important to underline that, in order to perform the Criterion 2 procedure, a dataset
composed of 10 displacement rate values (n = 10) was selected for all following case studies.
Therefore, the minimum number of monitoring data to perform the complete analysis is 12

displacement values. In fact, the first displacement rate can be evaluated starting from the
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second reading, and the Criterion 3 needs two non-linear interpolations to investigate the
concavity parameter variation. Additionally, according to the results obtained in the
parametric analyses, a 4-point dataset and a percentage limit of 75% were used for these

elaborations.

4.3.1. Case Study #1: Ohto Landslide

This case study refers to a landslide occurred on August 10", 2004, in Nara Prefecture,
Japan (Suwa et al., 2010). According to the information retrieved from studies related to this
event, the collapse took place during a particularly critical year due to prolonged rainfalls and
typhoons that interested the entire country, which resulted in damaged structures and
triggering of several landslides (Fujisawa et al., 2010). The event presented in this case study
was first identified in January 2004, when a series of cracks appeared on a retaining wall along
National Highway 168, near the Otomura village. As a result, several monitoring tools were
installed on site, including extensometers to observe the displacement of the unstable slope,
and a video camera to capture any motion displayed by the slope. Additionally, the system
was able to send an automatic notification message at the overcoming of predefined thresholds.
A sequence of typhoons occurring from late June prompted the planning of further
investigations, and ultimately the National Highway was closed at 05:10 AM on August 8%
when the creep velocity reached 4mm/2h. The landslide collapsed without claiming any victims
43 hours later, at 00:15 AM on August 10, and involved a total volume of 0.2x10° m?® of
material (Suwa et al., 2010).

The displacement dataset obtained from the monitoring activity was used to verify the
ability of the proposed method to identify correctly the acceleration phase that ultimately led
to the landslide collapse (Figure 34). According to Suwa et al. (2010), monitoring data recorded
by extensometers showed a constant displacement rate until July 31 when an acceleration was
observed, meaning that the movement transitioned from a secondary to a tertiary creep phase.
According to this observation, it is possible to take this date as the onset-of-acceleration
reference value, since it marked the beginning of the accelerating phase that ultimately led to

the slope collapse.

Figure 35 presents the outcomes obtained from the algorithm application to each single
monitoring record included in the available dataset. In particular, the chart displays the
landslide displacements and the corresponding verified sub-criteria as the monitoring activity
continues. The process is repeated progressively for each sampled value, ultimately generating
the displacement dataset acquired after the landslide collapse. As can be observed, despite the
detection of some early activations, the algorithm identified correctly the acceleration phase.
In particular, after the fulfilment of all conditions of the algorithm in correspondence of the
measure recorded on August 1%, the procedure gives a positive result for all the following
elaborated data. Consequently, according to the principles discussed in previous sections, it
could be assessed that the onset of acceleration point can be placed on the displacement
measured on July 29", which is in good agreement with the OOA value available for this

landslide from scientific literature.
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Figure 34: Displacement and acceleration curves for the Ohto landslide — dataset digitized from Suwa et al. (2010)

Moreover, a more in-depth analysis of each single condition evidences that the monitoring
value measured on July 29 fulfilled only the Criterion 0, and it was included in the accelerating
dataset thanks to the tolerance factor introduced in the algorithm. In fact, starting from July
30, each single point verified all the conditions included in the proposed method. Therefore,
this date could be taken as a more reliable OOA reference point, resulting in a value even

closer to what Suwa et al. (2010) reported in their study.
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Figure 35: Results obtained from the application of the algorithm to the Ohto Landslide dataset (displacement data
recorded during the monitoring period from May to August 2004)
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4.3.2. Case Study #2: Agoyama Landslide

The second case study concerns a collapse occurred in December 1972, about 5 km to the
northwest of Fukui City, Japan (Saito, 1979). According to the author, the landslide was 200
m wide, 80 m high, and 180 m in slope length. The triggering factor may be related to
excavation works as borrow-pit performed at the foot of the slope. Starting from October 4%,
early indications of instability were observed when a long, continued crack was identified on a
hillside of Agoyama. This event led to the installation of a monitoring system in order to
measure the landslide displacements. Additionally, the person in charge of the site received
information on the phenomenon evolution following the execution of a forecasting analysis.
Apparently, the analysis met some difficulties related to irregular movements in the final stage
and partial failures of the landslide body. This resulted in a slightly anticipated prediction of
the actual collapse, which happened on December 2°¢ at 01:30 AM.

As reported by Saito (1979), displacement recorded by the monitoring instrumentation
installed on-site initially amounted to 10 mm per day, reaching 20 mm/d at the end of October,
and ultimately escalating up to 100 mm/day after November 20" (Figure 36). On the basis of
these information, the OOA reference date that will serve as a comparison for the algorithm
application could be placed on the moment where displacement increased significantly before

the collapse, i.e., on November 20, 1972.
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Figure 36: Displacement and acceleration curves for the Agoyama landslide — dataset digitized from Hayashi and

Yamamori (1991)

Results represented in highlight the good performances of the proposed methodology, which
correctly identified the accelerating trend that started from the displacement measured on
November 23", According to this outcome, it is possible to define the OOA for this case study
on November 20", which corresponds to the reference value previously extrapolated from

displacements described by Saito (1979).
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An alternative interpretation of the analysis results could take into account the expansion
of the accelerating dataset to include also the two measures obtained on November 20 and
21%. As can be observed in Figure 37, the former point represents an “interval” between the
accelerating trend identified by the analysis, and the previous monitoring data that fulfil the
Criterion 3 condition. It could be then argued that the measure recorded on November 21,
despite stopping at the condition imposed on Criterion 2, could be included in the larger
accelerating dataset. This choice would place the onset of acceleration on November 18, some
days before the previous estimation, but still providing a good result in terms of definition of

the accelerating trend.
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Figure 37: Results obtained from the application of the algorithm to the Agoyama Landslide dataset (displacement
data recorded during the monitoring period from October to December 1972)

4.3.3. Case Study #3: Tuckabianna West Landslide

The third case study deals with a translational planar rockslide occurred in Tuckabianna
West open pit mine, Australia. The collapse involved 1.2x10° m® of material and was likely
triggered by excavation works (Glastonbury and Fell, 2002). Rockfall events were observed in
the area 10 days before the main collapse. It should be noted that these minor events occurred
before the beginning of the tertiary creep phase, which lasted approximately 6 days (Moretto
et al., 2017). After the identification of a tension crack in the upper part of the slope, a series
of surface surveys were activated in the interested area. However, as reported by Glastonbury
and Fell (2002), mining activities were not stopped, and on-site works continued even during

the acceleration phase.

For this case study, it was not possible to find a clear evaluation of the onset of acceleration
that resulted in the slope collapse. For this reason, the OOA reference value was defined by

taking into consideration all information reported by authors previously mentioned regarding
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the phenomenon evolution. Therefore, the displacement data trend (Figure 38) and other
considerations regarding the acceleration evolution over time were taken as a reference to

identify the beginning of the accelerating phase between March 4" and 5.
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Figure 38: Displacement and acceleration curves for the Tuckabianna West landslide — dataset digitized from
Glastonbury and Fell (2002)

Following the same process presented in previous case studies, the displacement dataset was
elaborated by applying the algorithm to each monitoring data simulating a real-time
acquisition. As evidenced by results reported in Figure 39, it is possible to observe a clear
distinction between the constant velocity phase, characterized by a linear displacement trend,
and the subsequent accelerating stage that ultimately led to the slope collapse. According to
the outcomes provided by the software, the monitoring data sampled on March 4 is the first
one to satisfy all conditions and achieve the Criterion 3 requirements, while the following three
data do not go beyond the fulfilment of Criterion 2. However, starting from March 7%, the
displacement trend showed a more evident accelerating behaviour, and each monitoring
measure from this point onwards reached the level defined by Criterion 3. According to these
outcomes, the OOA date for this case study could be placed approximately on March 4%, which

is in good agreement with the reference value retrieved from available literature.

By observing the results coming from the algorithm application on these case studies, it is
possible to identify a common behavior showed by every analysed dataset. Specifically, the first
part of each displacement dataset is characterized by a linear trend (i.e., constant displacement
rate) and is mostly limited by the Criterion 1 condition, which only requires an increasing
displacement rate. On the other hand, the second part of the dataset presents an upward trend
that consistently fulfil all conditions defined by the algorithm, effectively representing the

accelerating stage of the landslide.
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Figure 39: Results obtained from the application of the algorithm to the Tuckabianna West Landslide dataset
(displacement data available starting from 1st February)

The algorithm proved to be an effective tool to identify the landslide acceleration phase,
allowing to determine its starting point. However, it is possible to note the occurrence of some
false positives in the analysis, represented by monitoring points that fulfilled all the conditions
despite not being part of the critical acceleration phase. When investigating the causes
responsible for these events, it should be taken into account that this approach is mainly based
on geometrical arguments, trying to employ a non-linear interpolation to represent the
monitoring dataset and forecast its evolution. For this reason, it is possible to attribute these
inaccuracies to local fluctuations in the displacement dataset, displaying short upward trends
that the algorithm could interpret as actual acceleration phases. Another element to take into
account is the quality of the dataset generated by a digitizing process, which cannot be
considered as accurate as the original monitoring dataset. Either way, it should be underlined
that the false alarms generated during the algorithm application lasted no more than two
consecutive measures, thereby resulting easily detectable when following datasets did not

activate one of the algorithm sub-criteria.
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Chapter 5. Classification algorithm

The procedure described in the previous chapter is aimed to determine if a monitoring
dataset is displaying a set of features that are indicative of a potentially hazardous evolution
of the landslide behaviour. However, as discussed in the case studies presentation, the
methodology is not immune to false positives. In fact, it is possible for a landslide to show an
accelerating trend lasting long enough to fulfil all conditions of the algorithm, without

effectively leading to a collapse.

Regardless of the scale, an EWS should be designed to avoid as much as possible the
occurrence of both false positive and missed alerts (Table 3). In fact, a false alert could result
in the activation of emergency measures when the expected critical event does not occur, while
a missed alert could lead to the underestimation of the occurring event, with no risk reduction
actions taken when the hazard is triggered. Both these events are particularly problematic,
since they can induce significant issues from a social, economic, and legal point of view. Some
of the improvements that have been proposed to limit the occurrence of these issues include
the implementation of different thresholds, and the integration of multiple sensors to achieve

a redundancy in monitoring measurements (Klein and Coccia, 2020).

Table 3. Confusion matrix adapted to landslide early warning (modified from Klein and Coccia, 2020)

No Threat Threat
False positive (FP) True Positive (TP)
Alert
2> FALSE ALERT -> TRUE ALERT
True Negative (TN) False Negative (FN)
No Alert
2> NO ALERT - MISSED ALERT

The procedure described in this chapter was conceived with the intent to limit the occurrence
of false alerts produced by the acceleration criterion, by introducing a series of thresholds to
classify the hazard level posed by an event previously identified from monitoring data. In
particular, the methodology takes advantage of a multi-level system which allows to take into
account both trends presenting a potentially critical behaviour, and minor events that could
be still taken into account and analysed even without leading to the slope collapse. Because of
this, this system is intended to work in synergy with the OOA identification algorithm, which
has the task to define the dataset that should be processed through the multi-level procedure.

The main advantage coming from this approach lies on the possibility to provide an adequate
dissemination of information related on the ongoing phenomenon, depending on the level
reached by the observed event. Moreover, one the of objectives is to create a methodology
designed to work simultaneously with a large number of monitoring system installed in different
sites, featuring high sampling frequencies and automatic procedures for data acquisition. These
features are typically connected with the necessity to manage large numbers of data at the

same time, while pursuing at the same time the real or near-real time approach needed to have
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an efficient and reliable landslide EWS. As previously underlined, these characteristics are
usually associated with so-called innovative monitoring systems, which integrate the proper
technologies to sustain the sampling rates required for these applications. The methodology
development was conducted taking into account all these points, to find an adequate balance
between results reliability and performance efficiency. The main source for this chapter is

Valletta et al. (2020a).

5.1. Algorithm structure

The flow chard reported in Figure 40 summarizes the structure of the proposed multi-level
algorithm, which starts from the acquisition of displacement data from monitoring tools
installed on-site. It should be specified that the methodology design process was based on the
dataset structure of MUMS-based devices, which have been described in previous chapters.
Nonetheless, the approach is not intrinsically exclusive of this type of instrumentation, and
could be easily adapted to suite other monitoring tools with similar structure and working

principles.

The basis of the classification algorithm relies on the implementation of a failure forecasting
model, and the subsequent study of different parameters characterizing the analysis performed
on the dataset. In particular, a set of three parameters to be taken as a reference to define the

alert level reached by the analysis has been defined:

* The determination coefficient R? obtained from the application of the failure forecasting
model, namely the linear Inverse Velocity Method (IVM) introduced by Fukuzono (refer to
Chapter 2.3 for further details on this methodology). As previously explained, the
hypothesis of a linear trend of the inverse of velocity has been considered a good
approximation to describe the landslide behaviour as the slope gets closer to the final
collapse. Therefore, it could be assumed that the achievement of a good results in the linear
interpolation of the dataset (i.e., a high determination coefficient value) could be indicative
of a potentially hazardous event. Manconi and Giordan (2016) followed a similar approach

to define operative thresholds based on the reliability of the forecasting analysis.

* The number of monitoring data included in the IVM analysis. The choice of this parameter
come from the assumption that the landslide behaviour approximates a tertiary creep curve
when approaching its failure. As a consequence, a dataset containing a high number of
monitoring points could represents a trend consistently accelerating over time, which could
be a sign of a critical developing event. While the OOA identification algorithm generates
a 4-point dataset, the classification algorithm is able to expand the dataset by exploiting
the same multi-criteria structure. Additional details are included in the following

paragraphs.

=  The number of sensors included in the IVM analysis after fulfilling all conditions imposed
by the OOA identification algorithm. This parameter comes into plays since the
methodology was originally designed for a monitoring system (i.e., MUMS-based

instrumentation) integrating several sensors in the same array. The availability of
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information regarding the landslide behaviour at different depths makes it possible to

determine of the displacement identified by the software is limited to a local area of the

slope, or if it involves several sections of the landslide. Therefore, a higher number of sensors

displaying an accelerating trend could be an indication of the relevant magnitude of the

detected event.
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Figure 40. Flow diagram summarizing the alert classification algorithm structure
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5.1.1. Forecasting analysis and dataset definition

If the OOA identification algorithm returns a positive outcome, the software performs a
failure forecasting analysis by applying the Inverse Velocity Method under the hypothesis of
linear inverse-velocity vs time trend. Generally, the outcome of this operation is an estimation
of the time of failure t; based on the available monitoring data. However, in this phase, the
main objective IVM application allows is to determine the three parameters mentioned before,

which are needed to assess the alert level for the event identified by the automatic software.

As previously discussed, forecasting models should be applied on an accelerating trend in
order to provide reliable result. The determination of the proper dataset to use in this analysis
derives from the application of the OOA identification algorithm previously described.
However, the procedure is designed to work on a predefined number of data, checking
progressively if new monitoring values are in accordance with the imposed conditions. On the
other hand, at this stage of the analysis, a single dataset is needed to perform the failure
forecasting analysis. For this reason, once the algorithm identifies the first 4-point dataset, the
software continues the analysis by applying the same criteria to previous monitoring data,

including in the dataset all previous values that fulfil the imposed conditions.
This dataset expansion process is described in Figure 41 and can be summarized as follows:

=  Once the 4-point dataset is defined, a first prediction of the time of failure is performed by

interpolating the monitoring data

* The software checks if the value of t; is positive, i.e., it verifies that the result of the
forecasting analysis indicates a later date than the moment when the analysis is performed.
A negative result corresponds to a prediction located in the past, which has no utility for
early warning purposes, and leads to the termination of the analysis. Such a case could
appear when a moving average elaboration process is applied to monitoring data, inducing

a slight change in previous values, and retroactively activating the criteria.

* Instead, if tf > 0, the software evaluates the three parameters controlling the classification
process, namely the regression coefficient of the IVM procedure, the number of sensors
activating the forecasting model, and the number of monitoring data composing each
dataset. Then, the algorithm performs another check based on the R? value, which should

be equal or larger than 0.85 in order to continue the analysis.

= If R? > 0.85, and other monitoring data are available, the software applies the same process
introduced in the OOA identification algorithm to verify if the dataset should be integrated
with other points following the same accelerating trend. If the following monitoring value
manages to fulfil all the conditions, it is included in the dataset and the process is repeated
for next data, if there are any. However, if the analysed value does not satisfy every
condition, it is not immediately discarded. Instead, the same analysis is performed on the

following value and, with a positive result, both data are included in the dataset and the
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analysis can continue. This process is intended to avoid the possibility to abort the entire

procedure due to the presence of a single outlier in the monitoring dataset.

= Once there are no more data available, or the analysis returned two consecutive negative

results, the final dataset is defined and a value of tf is assessed, together with a new set of

controlling parameters that will be used to determine the alert level generated by the event.
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Figure 41. Flow chart describing the process from the assessment of the starting dataset to the evaluation of the

time of failure and the parameters needed to determine the alert level generated by the event
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5.1.2. Level definition
Level 1

Each time a new displacement value reaches the elaboration centre, the automatic software
activates the OOA identification routine in order to verify if the displacement rate and
acceleration data display a potentially critical trend. A positive outcome should be obtained

from the analysis to continue the elaboration process.

However, in this stage, the automatic software performs a parallel analysis on an expanded
dataset, which include the present value and a set of four acceleration data previously
calculated. Level 1 is reached if the algorithm successfully identifies a continuous positive
acceleration trend, represented by five consecutive acceleration values in the elaborated
dataset. As can be noted, the condition needed to achieve this level depends only on the
acceleration trend, and does not take into account other parameters or models. Therefore, the
only information resulting from this step is a generic indication that the monitored site is
currently displaying some type of activity, in contrast with a more stable behaviour (i.e., the

devices are not detecting any movement).

Taking into account all considerations previously presented, if no higher levels are achieved
in the analysis, a Level 1 should never be considered as an actual alert and should instead be

seen simply as an “activity note” from the monitored site.

Level 2

Following the determination of an accelerating trend by the OOA identification algorithm,
the process verifies if further points should be taken into account for the analysis by following
the procedure described in Figure 41. In case of a positive result, the algorithm returns a set
of values for the three parameters controlling the classification system, referred to the dataset

identified by the software.

The conditions associated with the achievement of Level 2 are strictly related to the
minimum requirements to effectively activate the classification algorithm. In particular, it is
reached with a single dataset of at least 5 monitoring points, featuring a value of the
determination coefficient equal or higher than 0.85. For this reason, this level usually
corresponds to temporary acceleration events, which do not pose any particular risk. However,
sometimes it could be a preliminary indication of a more serious event that could potentially
evolve over time, reaching higher levels in the classification system during subsequent

elaborations.

Level 3

In order to verify the achievement of higher levels, the analysis takes into account the three
controlling parameters and checks if one of them overcomes stricter thresholds compared to
those previously imposed for Level 2. In particular, this approach generates a total of three
different configurations leading to the achievement of Level 3, depending on the parameter

that is overcoming the corresponding reference value:
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= Cl1 - a minimum of 2 sensors are activating the IVM procedure at the same time. This
condition is intended to represent a situation where the ongoing event is no more localized
on a certain depth, but it is detected in different portions of the landslide simultaneously

and, therefore, involves a large volume of material.

= (2 - the single dataset defined by the algorithm is composed of at least 6 monitoring
points. In this case, the condition refers to a dataset displaying a more consistent

accelerating trend, which could be an indication of a more severe event.

= (3 - The linear interpolation performed by the IVM application features a determination
coefficient R? > 0.92. This condition corresponds to a more reliable forecasting analysis and,
therefore, indicates a trend which is closer to the theoretical pattern represented by a

tertiary creep curve.

In the classification structure, the achievement of Level 3 usually implies that the monitored
element is showing some kind of activity, which however is not already well defined in terms
of effective hazard. Upon receiving the notification of a Level 3 elaboration, the responsible of
the monitoring activity should check the available data in order to assess the landslide current
behaviour, and keep following the updates regarding the evolution of the displacements

experienced by the slope.

Level 4

The same approach adopted for the definition of Level 3 is followed to determine the
conditions needed to achieve the following level. In particular, the assessment of Level 4 relies
on the simultaneous fulfilment of two conditions among those previously described for Level 3.
This concept leads to the definition of three new configurations, depending on the two

conditions fulfilled at the same time:

= C1+4+C2 - the algorithm identifies two different sensors activating the failure forecasting

routine, and one of the corresponding datasets features 6 monitoring points.

= C14C3 - the elaboration returns two positive IVM applications for two different datasets,

with a determination coefficient equal or higher than 0.92 for one of the forecasting analyses.

= (C24C3 > the result obtained from the procedure generates a single IVM application on a
dataset composed of 6 monitoring points, and featuring a determination coefficient R? >
0.92.

= Additionally, Level 4 is achieved if the automatic elaboration defines 3 datasets activating
the IVM analysis at the same time. In this case, conditions previously defined for the other
two parameters are still valid, i.e., a minimum of 5 monitoring points and a determination

coefficient of at least 0.85.

All these conditions are intended to reflect a situation where the monitored phenomenon is
showing several different signs of unusual activity at the same time. Therefore, Level 4 is
generally observed in correspondence of substantial movements recorded by monitoring tools

installed on site, and should be considered as a sort of pre-alert condition. In fact, even if the
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detected event is not immediately leading to a critical state, it still represents a situation which

should be investigated and kept under close observation.

Level 5

Level 5 is the highest level achievable by the classification algorithm, and represents a
situation where information provided by the monitoring instrumentation highlight an unstable
condition of the monitored slope, characterized by an extremely active phenomenon. For this
reason, Level 5 corresponds to an actual alert condition and should lead to the activation of
predefined safety measures according to the specific case study, as well as further analyses and
investigations to verify the evolution over time of the ongoing event in order to identify further

signals of potential instabilities.

For what concern the conditions implemented in the algorithm, Level 5 is reached when all
configurations described for previous levels are verified at the same time. Therefore, the last
level corresponds to an analysis featuring at least two sensors activating the IVM elaboration,
with 6 or more monitoring points and R? > 0.92, indicating that the activity detected on the

monitored site is showing consistent signals of instability.

5.2. Case studies

As previously observed, the classification algorithm design approach revolves around the
necessity to integrate the procedure in an automatic routine for monitoring data elaboration.
The present version of the model was included in the software designed for the analysis of
displacement data recorded by MUMS-based automatic inclinometers since October 2019.
Starting from this date, the algorithm has been continuously applied to 36 monitoring tools
installed in several different sites of interest, for a total number of 1250 sensors elaborated by
the automatic software. By considering the sampling frequency of each device involved in the
monitoring process, varying between 4 and 24 recordings per day depending on the specific
case study, it results that the algorithm elaborates roughly 23’000 new datasets every single
day in order to identify potentially critical trends, and consequently provide an alert level

according to the parameters previously defined.

Table 4. Alert level reached by each classification analysis performed by the algorithm

Alert Level [-] Number of activations [-] Percentage [%]
Level 2 66 61%
Level 3 25 23%
Level 4 15 14%
Level 5 2 2%

During this time period, a total number of 676 datasets activated the classification
algorithm, which in turn led to the definition of 108 different events (Table 4). It should also
be noted that the automatic software generated 285 analyses that returned a time-of-failure
forecasting located in the past and were consequently discarded according to the “no-alarm”

definition previously discussed.
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It is possible to observe that over half of the recorded activations (namely, the 61% of the
total amount) stopped at Level 2. The number of Level 3 and Level 4 occurrences are sensibly
lower, respectively 23% and 14%, while only two Level 5 activations were obtained throughout
the time period considered for this study. Since this represents the higher level achievable by
the analysis, and corresponds to a particularly severe condition of the monitored element, it is
indeed positive that the automatic software returned such a small number of Level 5
occurrences. Additionally, as emerged by further analyses performed on the two activations in
question, in both cases the acceleration trend detected by the algorithm was generated just
some days after the installation of the monitoring instrumentation. This is a particularly
important information, since the behaviour that follows the installation of an inclinometer
(traditional or automatic alike) include a stabilization period, which heavily influences the
displacement values recorded by the device (Figure 42).
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Figure 42. Definition of distinct measuring points after the installation of the monitoring device (modified from ISO
18674-1:2015)

During this specific time interval, monitoring data could not necessarily represent the actual
slope deformations, and are usually attributed to adjustments and settling of the inclinometer.
Therefore, even if the algorithm returned a high alert level, no action was needed for these
specific situations. This is yet another evidence of the role of an expert technician in the
monitoring data elaboration process, which should not be appointed exclusively to automatic

procedures without any supervision.

The following sections report a series of examples regarding the classification process that
followed the identification of an accelerating trend, focusing on the features presented by each
dataset and discussing the analysis outcome. Notably, one of the examples included in this
chapters refers to a back-analysis performed on displacement data recorded by MUMS

instrumentation during an event that effectively led to a collapse of the monitored slope.

5.2.1. Monitored site #1: Landslide in Northern Italy

The first monitoring site is located in a Northern Italy region, characterized by the presence
of a construction site of a new transport infrastructure crossing a mountainous and hilly area.
In order to control the interaction between the structure and the surrounding environment, the

site was equipped with a monitoring system based on MUMS instrumentation. In particular, a
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total of 4 Vertical Arrays was installed in different parts of the area of interest to control both
displacements and water level variations. FEach single Array was produced with specific
features, integrating a different number and typology of sensors according to the monitoring

plan. Table 5 reports the features of each device installed on site.

Table 5. MUMS-based devices installed on site for case study #1

Array Installation date Array Sensors number and Array
ID [-] [gg/mm/yyyy] | Typology [-] typology [-] Length [m]
Vertical 20x Tilt Link HR 3D V
DT0099 06/03/2019 ) ) 20.00
Array 2x Piezo Link
. 20x Tilt Link HR 3D V
Vertical . k
DT0100 05/12/2018 2x Piezo Link 20.00
Array

1x Baro Link
20x Tilt Link HR 3D V

Vertical
DT0101 06/03/2019 1x Piezo Link 20.00
Array )
1x Baro Link
Vertical 20x Tilt Link HR 3D V
DTo0102 06,/03/2019 ) ) 20.00
Array 1x Piezo Link

After their installation and the subsequent definition of the reference date, all Vertical
Arrays have continued the monitoring activity to the present day, with a sampling frequency
of 6 readings every day. Despite never reaching the highest level of the classification algorithm,
the site generated some activations of the automatic procedure achieving lower alert levels.
The following paragraphs presents two examples of these occurrences, both measured by
Vertical Array DT0101, describing the displacement trend and the corresponding level achieved
by the analysis.

Case study #1

The first example refers to a movement observed by the monitoring device in March 2020,
when the instrumentation reported an increase of displacement measured by Tilt Link 31,
located at 4 m of depth. After the activation of the OOA identification algorithm, which
identified the beginning of the accelerating trend on 5 March 2020 11:27 AM, the automatic
software processed the selected dataset in order to perform the failure forecasting analysis and
evaluate the parameters needed to classify the event. The outcome of this analysis showed that
only a single node of the Array (i.e., Tilt Link 31) detected a trend compatible with the
requirements imposed to perform the classification analysis. Moreover, the corresponding
displacement dataset consisted of 5 monitoring points. The failure forecasting analysis returned
a determination coefficient equal to 0.9419, indicating a very good correspondence between
inverse of velocity values and the line interpolating the monitoring data. Consequently,
according to the value of the three parameters, the automatic software classified this event as

a Level 3 (configuration C3).
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Figure 43. (a) Inverse-Velocity vs Time, and (b) Velocity vs Time calculated from displacement data recorded by
DTO0101 node 31, with acceleration date on 05 March 2020 11:27 AM

By observing the displacement values recorded by Tilt Link 31 over time (Figure 44), it is
possible to notice how the trend actually displays a pattern comparable to a non-linear,
increasing curve. However, both displacement and velocity data did not show particularly
alarming values, and the following monitoring recordings evidenced a stable condition.
Therefore, while the event caused an unusual movement with a total displacement of roughly

6 mm, it did not generate any significant instability, and no alarm was issued.
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Figure 44. Displacement measured over time by Tilt Link 31, with a detail regarding the event of March 2020
detected by the automatic software

Case study #2

The second example regarding this specific site involves another event, detected once again
by Vertical Array DT0101 in December 2019. The instrumentation measured a steep increase
of slope displacements on Tilt Links 31 and 35, located respectively 4 and 2 meters below the
ground level. In both cases, the automatic software processed the datasets to identify the
beginning of the acceleration phase, locating the OOA date on 21 December 2019 10:05 AM,
and proceeded to the level evaluation. In this case, since two datasets displayed an accelerating

trend starting from the same date, the software performed two separate analyses to compute a
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single classification level for the whole event. Monitoring data provided by Tilt Link 31
provided a fairly non-linear trend in the inverse-velocity vs time plot, with the failure
forecasting process returning a determination coefficient R? = 0.8777 evaluated on a 5-point
dataset. On the other hand, the application of the IVM algorithm on values recorded by Tilt
Link 35 showed a result more consistent with the linear interpolation, generating a
determination coefficient of 0.9375. As well as for the other Link, this analysis was also
performed on a dataset composed of 5 monitoring points. At the end of the elaboration process,
based on the parameters during the analysis, the automatic software classified the event as a

Level 4 (specifically a C1+C3 configuration).
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Figure 45. (a) Inverse-Velocity vs Time, and (b) Velocity vs Time calculated from displacement data recorded by
DTO0101 node 31, with acceleration date on 21 December 2019 10:05 AM
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Figure 46. (a) Inverse-Velocity vs Time, and (b) Velocity vs Time calculated from displacement data recorded by
DTO0101 node 35, with acceleration date on 21 December 2019 10:05 AM

Compared to the example previously reported, the higher level achieved by this event reflects
a more serious situation, where the movement identified by the monitoring devices involves
different parts of the landslide. Given the fact the two nodes interested by this phenomenon
are only 2 meters apart, and considering the similarities between the monitoring data (Figure
47 and Figure 48), it could be assumed that the displacements measured by the two sensors

are strictly related. Additionally, by observing the slope displacement vs time plots, it is
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noticeable how the magnitude if this event is higher compared to the previous example. In fact,
the total displacement generated by the event resulted to be 23.4 mm and 25.6 mm for Tilt
Link 31 and Tilt Link 35, respectively. Even if this specific parameter is not involved in the
level assessment procedure, it is safe to assume that it played an indirect role in the

achievement of this alert level.
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Figure 47. Displacement measured over time by Tilt Link 31, with a detail regarding the event of December 2019
detected by the automatic software
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Figure 48. Displacement measured over time by Tilt Link 35, with a detail regarding the event of December 2019
detected by the automatic software

Upon receiving the notification of the achievement of this level, surveillance of monitoring
data was increased to identify further signs of potential instabilities. Moreover, data collected
by the piezometer showed a slight and sudden variation in the water table level, evidencing a
possible correlation with the movement detected by the Array. Following recording evidenced
once again the reaching of a stable conditions, with slope displacements following a horizontal
trend. The integration of a redundant sensor allowed also to perform a check on the measured

movements validity, which were confirmed by the second sensor placed in each Tilt Link
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evidencing the same trend both during and after the event. Considering all these information,
no further measures were taken, and subsequent on-site inspections performed for maintenance

reasons did not evidence any relevant damages on the slope surface.

5.2.2. Monitored site #2: Landslide in Central Italy

The second monitored site regards the control of a landslide located near a state road
connecting the Tyrrhenian and Adriatic Seas. Specifically, the area of interest involves a
construction site close to the border between two Italian regions, namely Molise and Abruzzo,
where several instability phenomena slowed down the construction works over the years
(Segalini et al., 2019a). For these reasons, starting from 2016, the site has been equipped with
a MUMS-based monitoring system, which was improved during the years with the addition of
new Arrays as the monitoring activity progressed. Table 6 summarizes the instrumentation
present on site, which was installed in addition to other pre-existing traditional monitoring

tools.

Table 6. MUMS-based devices installed on site for case study #2 (modified from Segalini et al., 2019a)

D [] Installation date Array Sensors number and | Array Length
[gg/mm/yyyy] | Typology [-] typology [-] [m]
Vertical
DT0014 18/11/2016 eriea 50x Tilt Link HR 3D V 35.00
Array
Vertical . .
DTO0065 07/09/2017 48x Tilt Link HR 3D V 35.00
Array
Vertical . .
DT0094 19/09/2018 34x Tilt Link HR 3D V 69.00
Array
Vertical . .
DT0095 18/09/2018 47x Tilt Link HR 3D V 95.00
Array
Vertical . .
DT0096 20/09/2018 55x Tilt Link HR 3D V 111.00
Array
Vertical . .
DT0097 19/09/2018 33x Tilt Link HR 3D V 66.00
Array
Vertical . .
DTO0119 11/11/2020 50x Tilt Link HR 3D V 100.00
Array
Vertical . .
DTO0120 14/11/2020 50x Tilt Link HR 3D V 100.00
Array
Vertical . .
DTO0121 13/11/2020 A 50x Tilt Link HR 3D V 100.00
rray

Case study #1

The first example regarding this site involves the Vertical Array DT0065, which was
installed after the damaging experienced by DT0014 (the corresponding event will be discussed
in the paragraph regarding Case study #2). The Array included a total of 48 Tilt Link HR 3D
V and was set to acquire a new reading every hour. For the first two years of monitoring

activity, the instrumentation showed a typical secondary creep pattern, with a constant
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displacement rate over time. However, in November 2019, a sudden increase of slope
displacements activated the algorithm, leading to the identification of a series of datasets to be
processed and analysed. The outcome of the automatic elaboration derived from the analysis
of a total of four datasets, and defined the beginning of the acceleration phase on 15 November
2019 12:17 PM. As described in the previous section, the fact that more than three IVM
analyses were performed on different monitoring dataset is enough to classify this event as a
Level 4. However, the parameters evaluation for each forecasting analysis is necessary to verify
the achievement of a higher level, and to acquire useful information for a correct monitoring

data interpretation.
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Figure 49. Cumulative displacements measured over time by Vertical Array D'T0065 ('T'ilt Link 75, 85, 87, and 95)
with a detail regarding the event of November 2019 detected by the automatic software

By looking at the displacements vs time trend recorded by each sensor (Figure 49), it is

possible to derive the following observations:

= The four nodes identified by the algorithm are Tilt Links 75, 85, 87, and 93, respectively
located 7.6, 4.1, 3.4, and 1.3 metres below the ground level. Among the corresponding
datasets, only the one recorded by node 75 included 5 monitoring points, while each one of
the others comprised 6 data. Interestingly, this feature confirms the Level 4 evaluation by

fulfilling another configuration, namely C14C2.

= By observing the displacement and velocity plots recorded by the instrumentation, it is
possible to notice how the datasets are extremely similar, even if they are not consecutive
in the Array scheme. Since these displacements are cumulative, and derive from local
displacements recorded by each single sensor, it is plausible to assume that a localized
displacement taking place at a certain depth was propagated along the vertical direction,

activating several nodes displaying the same trend. The non-activation of intermediate
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Links could be attributed to small differences induced by the local displacement

contribution of each sensor.

» As a consequence, the same similarities were observed in the inverse-velocity vs time trends
generated by the forecasting analyses. In fact, all four datasets display the same behaviour,
characterized by a pronounced non-linear concave trend, usually associated with stabilizing
phenomena. Moreover, the corresponding determination coefficient confirmed this
observation, presenting values ranging from 0.8693 to 0.8556 for all the considered datasets.
In accordance with these evaluations, following this event, monitoring data showed once

again a stable behaviour that persisted for the following months.

Case study #2

The second example concerns an event recorded in March 2017, when the Vertical Array
DT0014 detected a series of displacement variations involving the first 6 meters of soil. In
particular, starting from the end of January 2017, the device showed clear signs of an instability
phenomenon taking place on the monitored site, which lead to the gradual damaging of the
Array. This resulted in the breaking of the lower part of the instrumentation on 27 February,
while the Links placed above 6 metres of depth continued to provide new measures and
managed to record the major event that took place on 8 March. Ultimately, the Array
functionality was irreversibly compromised, and the monitoring operativity of DT0014 ended
on 13 March 2017 due to excessive deformations (Figure 50). At the time of this writing, this
is the only event recorded by MUMS instrumentation that ultimately led to the collapse of the
monitored element. Main sources for information regarding this case study, as well as for

monitoring data discussed below, are Segalini et al. (2019a), and Carri (2019).
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Figure 50. Cumulative displacements recorded by Vertical Array DT0014 down to 6 meters of depth (Tilt Links
from 83 to 99) during the entire monitoring period
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Figure 51. Installation site of Vertical Array DT0014

At the time the landslide took place, the classification system presented in this thesis was

not yet active, and monitoring data were elaborated with an automatic software that included

only a previous version of the OOA identification algorithm. Therefore, the discussion regarding

the alert level reached by the event is based on a back-analysis performed on available datasets,

simulating a real time acquisition and elaboration procedure. However, it is worth noting that

the alert procedure active at the time of the event was still able to recognize the critical

evolution of the landslide, sending warning messages to authorities responsible of the

monitoring activity.

Table 7. Information regarding the different datasets that activated the automatic algorithm, including the

estimated OOA, dataset dimension, determination coefficient value, and alert level reached by the analysis

Node ID Depth Onset-of- Dataset Determination | Alert
[-] [m b.g.l] acceleration dimension | coefficient R? Level
[dd/mm/yyyy -] -] [-]
HH:MM]
07/03/2017
93 2.5 5 0.8980
14:26
3
07/03/2017
95 1.8 5 0.8889
14:26
08/03/2017
93 2.5 / / 7 0.8515
02:28
08/03/2017 g
95 1.8 7 0.9578
02:28
08/03/2017
99 0.4 / / 6 0.9674 4
17:31
09/03/2017
91 3.2 5 0.9081 2
23:28
13/03/2017
89 3.9 5 0.9395 3
06:54
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Table 7 summarizes the DT0014 Tilt Links that recorded a dataset activating the algorithm,
together with the corresponding onset-of-acceleration evaluated by the automatic software, and

the parameters deriving from the IVM application.

The first event identified by the algorithm dates to 7 March 2017, when the automatic
software returned a positive result for two Tilt Links, namely 93 and 95, which provided 5-
point datasets (Figure 52 and Figure 53, respectively) with an estimated onset of acceleration
on the same day at 14:26. These features, together with a determination coefficient lower than

0.92, lead to the achievement of Level 3 due to the presence of two different datasets.
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Figure 52. (a) Inverse-Velocity vs Time, and (b) Velocity vs Time calculated from displacement data recorded by
DTO0014 node 93, with acceleration date on 07 March 2017 14:26
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Figure 53. (a) Inverse-Velocity vs Time, and (b) Velocity vs Time calculated from displacement data recorded by
DTO0014 node 95, with acceleration date on 07 March 2017 14:26

The following activation produced by the software is the most relevant one, since it correctly
identified the major event that involved the monitored site and severely damaged the
instrumentation. In particular, the elaboration outcomes provided two datasets displaying an
accelerating trend, each of them including 7 monitoring values and presenting the same onset
of acceleration on 08 March 2017 02:28. As can be noted from the parameters reported in Table
7, there is a relevant difference between the determination coefficient values deriving from the

IVM analyses. In particular, the dataset referring to Tilt Link 93 returned R? =0.8515 (Figure

78



Chapter 5 Classification algorithm

54), while the forecasting model applied to Tilt Link 95 achieved a much higher value at 0.9578
(Figure 55). The reason for this behaviour can be identified in the first dataset, which evidences
a decrease in displacement rate on the sixth point before showing another increase in the
following monitoring data. This occurrence is a good example of the importance of the
introduction of a tolerance factor to include values not following a clear accelerating trend, as
explained in the previous chapter. In fact, should a single decelerating point be considered
enough to stop the dataset definition process, it could lead to discard subsequent monitoring
values following the same accelerating trend. On the other hand, displacements recorded by
Tilt Link 95 follow a more consistent pattern, thus generating a higher determination coefficient

during the inverse-of-velocity vs time interpolation.
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Figure 54. (a) Inverse-Velocity vs Time, and (b) Velocity vs Time calculated from displacement data recorded by
DTO0014 node 93, with acceleration date on 08 March 2017 02:28
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Figure 55. (a) Inverse-Velocity vs Time, and (b) Velocity vs Time calculated from displacement data recorded by
DTO0014 node 95, with acceleration date on 08 March 2017 02:28

It is also noteworthy that the Level 5 alert involves the very same nodes, namely Tilt Links
93 and 95, that achieved Level 3 less than 24 hours before. Arguably, this occurrence could
represent a situation where the main event was previously identified and achieved a lower level,
and then evolved to a critical condition that was identified in the subsequent elaboration. While

the software does not include a specific procedure to evaluate the presence of relationships
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between different alert messages, any technician studying the elaborated data should be able

to identify this peculiarity, which further validates the authenticity of the alert issued.

Shortly after the generation of this alert, another node of the Array caused the activation
of the algorithm, which identified a new set of monitoring data displaying an accelerating trend.
Specifically, Tilt Link 99 (the closest node to the ground surface, located at a depth of 0.4
metres) recorded an increase of displacement rates starting from 08 March 2017 17:31, resulting
in a 6-point dataset featuring a determination coefficient of 0.9674 (Figure 56). In this case,
the presence of a single dataset leads to the achievement of Level 4. Taking into considerations
the behaviour previously highlighted by the monitoring data, this could be interpreted as

further confirmation that a critical event is taking place.
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Figure 56. (a) Inverse-Velocity vs Time, and (b) Velocity vs Time calculated from displacement data recorded by
DTO0014 node 99, with acceleration date on 08 March 2017 17:31

The Vertical Array managed to continue the monitoring activity for five days, and in this
time interval the automatic software identified two more datasets activating the OOA
algorithm. Both these occurrences involved a 5-point dataset, with Tilt Link 91 achieving Level
2 on March 9 and Tilt Link 89 (Figure 57) reaching Level 3 on March 13" thanks to a higher
R? value (0.9081 and 0.9395 respectively). These events could be seen as further indication of
a still active site, even if the achievement of lower level could be a sign that the slope is
progressing towards a more stable configuration after the major displacements measured in

previous days.
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Figure 57. (a) Inverse-Velocity vs Time, and (b) Velocity vs Time calculated from displacement data recorded by
DT0014 node 89, with acceleration date on 13 March 2017 06:54

Figure 58. Area surrounding Vertical Array DT0014 as seen during the on-site inspection (Segalini et al., 2019a)
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Ultimately, the deformations irreversibly impaired the functionality of Vertical Array
DTO0014, which recorded the last monitoring data on 13 March 2017 13:56. Following these
events, an on-site investigation was carried out to check the monitored area conditions. The
inspection confirmed the landslide occurrence, identifying a complex dynamic that included
several failures and scarps, settlements, and displacements in the area surrounding the Vertical
Array (Figure 58). Moreover, an accurate check of the condition of the monitoring devices
reported that all the traditional inclinometer casings were inaccessible due to excessive soil
deformations. MUMS devices were the only instrumentation able to identify the landslide and

describe its evolution over time, despite being damaged in the process.
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Chapter 6.  Alert threshold definition

Taking into account the several features that contribute to the correct operation of an Early
Warning System, the processes intended to define specific thresholds for the monitored
parameters are among the most difficult to tackle. Because of their own nature, these values
should be determined with the intent to represent a critical event in the context of the studied
phenomenon, in order to be able to disseminate proper warnings if such an occurrence is
observed. In particular, for what concern the landslide monitoring framework, critical events
are usually associated with slope collapses generated by a situation of irreversible instability of
the monitored element. This could be considered as a one-time occurrence, since the effects
deriving from a slope failure would have a deep influence on the morphology of the interested

area, radically modifying the overall conditions that previously characterized the case study.

As discussed in the previous chapters, the site-specific approach usually followed for the
thresholds assessment involves the creation of a numerical model of the landslide, in order to
simulate the phenomenon evolution over time and to identify specific values where the
monitored element starts the transition towards its failure, or the application of empirical
processes. Alternatively, methods based on failure forecasting procedures or deriving from a
robust observational basis are considered to be more flexible and can be integrated in different
monitoring contexts with good results. Following this line of thought, two new procedures for
the assessment of alert thresholds for landslide EWS are described below. The main feature of
these methodologies is the overcoming of the site-specific approach, giving the possibility to

apply the procedure to a wide range of different case studies.

6.1. Generalized criterion

The first methodology here presented was conceived starting from the idea of identifying a
common behaviour in landslides displaying different features in terms of material involved,
dimension of the unstable element, failure mechanism, etc. (Segalini et al., 2018). The criterion

development followed a series of steps described below, and summarized in Figure 59:

= Collection of monitoring information from historical landslides: this step involved the
creation of a database including 26 different landslides reported in scientific literature. For
each case study, a dataset consisting of displacement and/or velocity values recorded by
different monitoring systems was collected. Case studies included in the database presented
relevant differences in terms of volume, failure mechanism, triggering factors, monitoring

typology and duration.

=  Monitoring values extraction: this passage was performed through the application of a
digitizing software on the available plots, in order to generate a series of numerical
coordinates representing the displacement vs time trend referred to each case study. Since
the recorded data are displayed in different units depending on the specific monitoring
approach, all the datasets were converted into a common unit of measurement (mm/d) to

be able to compare different cases.
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Failure forecasting: this stage involves the application of the Inverse Velocity Method to
evaluate the time-of-failure t¢ for each landslide, under the hypothesis of linear relationship
between inverse of velocity and time (as discussed in Chapter 2.3). Therefore, the date of
collapse is estimated by performing a linear regression in 1/v —t plot, corresponding to a

constant value of the a parameter in the Fukuzono equation, equal to 2.0.

Model calibration: the Inverse Velocity Method depends on two main empirical parameters,
named A and a. The goal of this step is the calibration of these coefficients in order to
improve the model ability to represent the analysed dataset. It is worth noting that this
operation involves only the parameters calibration, while the time-of-failure value computed
under the linear regression hypothesis is still considered valid. The process aims to minimize
the Root Mean Square Error (RMSE) resulting from a comparison between data evaluated

by the forecasting model, and recorded by monitoring system installed on-site.

Velocity curve definition: Taking advantage of the previously calibrated A and «
parameters, this step generates a velocity vs time curve for each single case study,
representing theoretical behaviour of the landslide during the 30 days preceding the
collapse. These curves are computed by exploiting the Fukuzono-Voight equation relating

displacement velocity vg, and timet:

Vpy = (A(a — 1)(tf — t))ﬁ (XXV)

Each curve computed in this way must be considered site-specific, since the parameters
derive from the monitoring data of each specific case study, and each landslide displayed

unique displacement and velocity data.

Normalization of velocity values: The last step of the procedure aims to normalize the
velocity curve previously computed, in order to generate a new dimensionless velocity
parameter. This would allow the comparison between monitoring data acquired from
different case studies and processed with the proposed algorithm. In the following equation,
Uypy and oy, are the mean value and standard deviation of v, values computed at the

previous step, respectively.

Vpy — U
vy = ——— N (XXVI)

UUFN
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Figure 59. Flow chart summarizing procedure for the development of the generalized criterion (Valletta et al., 2020b)

The application of this process to each dataset available generated a series of dimensionless
velocity curves, which can be represented in a single graph evidencing the presence of a common
pattern followed by all case studies (Figure 60). One of the features emerging from the
normalization process is the negligibility of the A parameter in the definition of the
dimensionless velocity curves. This is a particularly interesting aspect, since this parameter can
have a wide range of values, up to four orders of magnitude according to results in Segalini et
al. (2018). Therefore, a certain degree of uncertainty in the model can be removed by removing
this term. Because of this, each curve represented in a dimensionless-velocity versus time plot
can be associated to the value of o derived from the calibration of the Fukuzono model. In
particular, by taking as a reference the linear case featuring a = 2.0, a value of a > 2.0 are less

concave since the flex point appears earlier, while a < 2.0 involves a delayed increasing of

normalized velocity.
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Figure 60. Dimensionless-velocity vs time plot, reporting all the different case studies included in the landslides

database (Segalini et al., 2018)
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Ultimately, the generalization procedure allowed to evidence a common trend for landslides
featuring different attributes. For this reason, the proposed method could be applied to all
those phenomena displaying a behaviour that satisfies the Inverse Velocity Method hypotheses,
while also sharing some limitations of this method (e.g., difficulty to predict a fast-moving
landslide collapse, or necessity to apply it on a tertiary creep phase dataset to obtain a reliable

result).

The procedure followed to develop the generalized criterion involved the complete dataset
available for each single landslide analysed. As a consequence, the approach previously
described should not be considered as representative of a real-time case scenario, where
monitoring data become available as the monitoring activity progresses over time. The
following sections present a series of applications where real-time sampling and elaboration
processes are simulated, in order to test the generalized criterion effectiveness in a real-like
context where the dataset expands over time when new information is acquired. These case
studies refer to historic landslides retrieved from scientific literature, due to the lack of suitable
datasets from MUMS devices to test this specific methodology. However, it is worth noting
that these particular landslides, analysed in Valletta et al. (2020b), were not included in the

database at the time of its creation.

The progressive acquisition of monitoring data, intended to represent a real-time data

acquisition and elaboration, was simulated according to the following procedure:

a) After the identification of the first point of the accelerating phase, the following three

displacement data are taken into consideration to generate a 4-point dataset.

b) The Inverse Velocity Method is applied to the selected dataset under the hypothesis of

linear 1 / v — t relationship, in order to evaluate the landslide time-of-failure t;

¢) Theoretical displacement velocity values are estimated according to the formulation
proposed by Fukuzono (1985) and reported below, by using the A and a obtained from
the application of IVM under the hypothesis of linearity in 1/v —t trend and the tf

calculated at the previous step.

1 Ta
- = (A -1t - 1)) (XXVII)

d) Model parameters A and a are calibrated by minimizing the RMSE value obtained from
the comparison between monitoring data and theoretical values calculated in the

previous phase.

e) The theoretical velocity curve for the specific case study is generated by implementing
the parameters previously evaluated (time-of-failure tr in step (b), A and a coefficients

in step (d) into the Fukuzono-Voight formulation, Eq. XXV).

f) The last value of the dataset provided by the monitoring instrumentation is normalized
by applying Eq. XXVI, where mean and standard deviation values derive from the

velocity curve determined in the previous step. This gives the possibility to compare the
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dimensionless velocity value with one of the theoretical curves generated by the
generalized criterion, chosen on the basis of the a parameter obtained during the

calibration procedure.

g) If a new monitoring data is available, it is added to the dataset and the procedure is

repeated starting from step (b).

6.1.1. Case study #1: New Tredegar colliery

The first case study deals with an unstable slope near the New Tredegar colliery site, located
in the Rhymney Valley in Caerphilly County Borough, South Wales. According to the
information reported by several authors that studied the area, first evidences of the presence
of ground displacements affecting the colliery emerged during the construction of a railway
crossing the area in 1856 (Bentley and Siddle, 2000; Carey, 2011; Siddle et al., 2007). In March
1905, a large landslide triggered by extreme rainfall events damaged the railway line and
displaced the road laterally up to 50 feet (Knox, 1927).

Following this event, it was decided to start a series of monitoring activities in the site area.
In addition, the identification of early movements in the first part of 1930 led to the detection
of fissures in the upper part of the slope, causing significant concern. For these reasons, the
colliery commissioned daily checks of ground movements. Monitoring operations continued
until April 12, 1930, when a catastrophic landslide completely destroyed the colliery and
overwhelmed the road (Bentley and Siddle, 2000). Figure 61 represents the surface
displacements dataset up to the collapse date, identified at t = 69 days in the displacement vs
time plot. The beginning of the acceleration phase was identified approximately at t = 56 days
with respect to the zero-reference. It should be noted that available data do not provide clear
information about the primary creep phase, since the monitoring activity started after the

identification of previous movements in the area (Carey, 2011).
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Figure 61. Cumulative displacements at the ground level recorded at the New Tredegar colliery site, date of collapse
tr = 69 days from the first measure included in the dataset (Digitized after Siddle et al., 2007)
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The application of the generalized criterion, performed according to the procedure previously
described, returns the outcomes presented in Table 8. In particular, values resulting from
Inverse Velocity Method application, parameters calibration and normalization procedure are
included, together with the theoretical warning time represented by the difference between the
forecasted time-of-failure and the acquisition date of the last monitoring data available. It
possible to observe that the time-of-failure forecasting model returns a value that varies along
the monitoring activity duration, getting closer to the actual collapse date as new information
are provided by the monitoring system. This is an expected behaviour, since the availability of
new data closer to the actual collapse increases the accuracy of failure forecasting methods
(Rose and Hungr 2007). Calibration of @ parameter shows a similar trend, starting from values
close to the linear reference represented by a = 2.0, and gradually reaching a final value of 1.94

in correspondence of the last value analysed for this case study.

Table 8. Results obtained from the application of the generalized criterion for New Tredegar dataset

Time | Predicted time- | Warning | Calibrated A | Calibrated a | Normalized
[d] of-failure [d] time [d] | parameter [-] | parameter [-] | velocity [-]
59.0 66.6 7.6 0.0096 2.01 -0.0674
60.0 66.6 6.6 0.0099 2.00 -0.0110
61.0 65.5 4.5 0.0111 2.02 0.3022
62.0 66.2 4.2 0.0107 1.99 0.2171
63.0 66.7 3.7 0.0104 1.98 0.2874
64.0 67.4 3.4 0.0101 1.97 0.2943
65.0 68.2 3.2 0.0099 1.95 0.2275
66.0 68.4 2.4 0.0096 1.95 0.7190
67.0 68.4 1.4 0.0097 1.94 1.6706

The calibration procedure is an essential step in the alert threshold assessment process. In
fact, the generalized curve to take into account as a theoretical reference for the definition of
normalized velocity values should be selected according to the outcome of this procedure. For
the case study here discussed, the warning level assessment was performed on the basis of the

normalized velocity values extracted from the theoretical curve featuring ¢ = 1.95.

Table 9 reports the alert threshold values for this case study, selected by the author in order
to illustrate possible implementations of the generalized criterion. In real case applications, it
is advised that an expert of the specific case study, such as the monitoring responsible holding

adequate knowledge on the monitored site, should address the definition of these values.

Table 9. Warning levels for New Tredegar landslide

Warning Theoretical distance Normalized
level from the collapse [d] velocity [-]

1 10 -0.1989

2 6 0.0082

3 3 0.5474

88



Chapter 6 Alert threshold definition

Figure 62 shows a graphical comparison between the dimensionless velocity curve featuring
a = 1.95, and monitoring data after their elaboration and normalization performed by following
the procedure developed for the generalized criterion. It is possible to observe that, despite
minor inaccuracies, the theoretical curve provides an effective description of the landslide
evolution towards collapse. Moreover, Figure 62 also presents a graphical representation of
generalized warning levels previously assessed for this case study and reported in Table 9. It
can be observed how the first monitoring point is located already above the first threshold,
while the second level is consistently exceeded starting from the third normalized velocity
value. Finally, the last alert threshold is overcome by two monitoring data, as the landslide
gets closer to the collapse day. Table 10 reports the numerical comparison between normalized

velocity values and warning levels.
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Figure 62. Graphical representation of normalized monitoring data and generalized curve, compared with three
warning levels — New Tredegar

Table 10. Warning levels activation at different time during monitoring activity — New Tredegar

. Alert thresholds overcoming
) Normalized n _ :
Time [d] ) Warning Level | Warning Level | Warning Level
velocity [-]
1 2 3

59.0 -0.0674 X

60.0 -0.0110 X

61.0 0.3022 X X

62.0 0.2171 X X

63.0 0.2874 X X

64.0 0.2943 X X

65.0 0.2275 X X

66.0 0.7190 X X

67.0 1.6706 X X
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6.1.2. Case study #2: Letlhakane Mine

The second case study involves a collapse observed at the Letlhakane diamond mine, located
in Botswana and active since 1975. The landslide occurred on 14 July 2005, in form of a
toppling failure with minor sloughing failures in the lower part of the slope, displacing about
233’000 m? of material (Kayesa, 2006). The installation on-site of a monitoring system called
Geomos (Geodetic Monitoring System), composed of two theodolites located in concrete
shelters, allowed to follow the event evolution over time. The system featured an automatic
procedure to acquire the position of topographic targets placed in specific locations on the mine
wall, aiming to detect slope displacements. Data collected by the sensors are transmitted by
radio to the survey office, where a computer fitted with a dedicated Geomos processing software
identifies any change with respect to the original position of monitoring targets. The alarm
system involves the sending of an email and a text message at the overcoming of a predefined

threshold.

First instability signals were recorded at the end of May 2005, when unusual movements of
some targets were noted, however an on-site inspection did not highlight any physical signs
related to potentially critical displacements. On June 9%, 2005, another investigation reported
the appearance of tension cracks in some parts of the monitored slope. Since June 13, 2005,
the instrumentation detected a significant increment of displacement rate, which led to the
widening of previously identified cracks. Starting from July 7, after a temporary reduction of
ground movements, monitored displacements showed a clear accelerating trend that ultimately
led to the slope collapse on July 14%, 2005, corresponding to t = 127 days in Figure 63. As
reported by Kayesa (2006), the largest crack was measured to be 410 mm wide, and the strike

length of the longest crack was estimated to be approximately 183 m.

As previously mentioned, the first dataset comprises the point representing the onset of
acceleration of slope displacement, together with the following three points. For this case study,

starting point was identified approximately at t = 114 days.
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Figure 63. Cumulative displacements at the ground level recorded at Letlhakane diamond mine, date of collapse
tr = 127 days from the first measure included in the dataset (digitized after Kayesa, 2006)
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Table 11 reports the outcomes of the IVM application, calibration of model parameters, and
normalization procedures, including also the warning time represented by the difference
between estimated time-of-failure and acquisition date of the monitoring data. In accordance
with previous hypotheses expressed for the application of failure forecasting methods, the time-
of-failure prediction accuracy significantly increases with the progressing of monitoring activity.
In fact, values of tf initially evidence a relevant fluctuation around the collapse date (t = 127
days from the first measure of the available dataset), which is correctly identified in the last
part of the dataset analysis, when available information are closer to the slope failure. A similar
behaviour can be observed in the calibration procedure of the a parameter, which displays
some variations before reaching a stable value of 1.99 in the last three data analysed. However,
it should be noted that these are minor differences that have quite less significance with respect
of the collapse forecasting variations. On the basis of results obtained in the calibration phase,

in the following step it was decided to consider the curve featuring @ = 1.99.

Table 11. Results obtained from the application of the generalized criterion for Letlhakane dataset

Time | Predicted time- | Warning | Calibrated A | Calibrated a | Normalized
[d] of-failure [d] time [d] | parameter [-] parameter [-] | velocity [-]
117.6 128.5 10.9 0.0107 1.96 -0.2559
118.6 128.4 9.8 0.0100 1.98 -0.1897
119.4 125.1 5.8 0.0122 2.01 0.1860
120.4 128.5 8.1 0.0100 1.97 -0.1959
121.0 126.4 5.4 0.0110 2.00 0.3019
121.8 127.0 5.2 0.0108 1.99 0.0463
122.4 126.8 4.4 0.0108 2.00 0.2575
123.0 127.0 4.0 0.0107 1.99 0.2359
123.5 127.1 3.6 0.0106 1.99 0.3512
123.9 127.0 3.1 0.0106 1.99 0.7473

Table 12. Warning levels for Letlhakane landslide

Warning Theoretical distance from | Normalized
level the collapse day [d] velocity [-]

1 14 -0.2914

2 7 -0.0453

3 3 0.6111

Table 12 reports the hypothetical warning levels considered in the present analysis, while
Figure 64 presents the comparison between elaborated monitoring data and the theoretical
velocity curve extracted from the generalized criterion, displaying also a graphical
representation of the alert thresholds previously assessed. It is possible to note that the velocity
curve featuring a = 1.99 properly represents the trend displayed by normalized monitoring
data. For what concern warning levels, it can be noted how the first data included in the

analysis already overcomes the first alert threshold. A significant number of normalized velocity
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data exceeds the second warning level, highlighting the accelerating trend of the phenomenon.
At the end, the last available monitoring data overcomes the third warning level, confirming

that the landslide is getting closer to the collapse date.
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Figure 64. Graphical representation of normalized monitoring data and generalized curve, compared with three

warning levels — Letlhakane mine landslide

Numerical values reported in Table 13 show also an unusual behaviour, where the fourth
point features a velocity value lower than the previous one, leading to a downgrading from
second to first warning level. This singularity could be attributed to a temporary decreasing of
displacement rates, causing the forecasting model to calculate a collapse date further in time

(125.1 days for the third point and 128.5 days for the fourth point respectively).

Table 13. Warning levels activation at different time during monitoring activity - Letlhakane Mine

. . . Alert thresholds overcoming

Time | Normalized velocity : - 5

Warning Level | Warning Level | Warning Level

] 8 ! : .

117.6 -0.2559 X

118.6 -0.1897 X

119.4 0.1860 X X

120.4 -0.1959 X

121.0 0.3019 X X

121.8 0.0463 X X

122.4 0.2575 X X

123.0 0.2359 X X

123.5 0.3512 X X

123.9 0.7473 X X X
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Results obtained for both case studies underlined the ability of the proposed method to
provide a common tool to interpret the landslide behaviour approaching the slope failure, and
to assess warning levels to control its evolution over time. A graphical and numerical
comparison with elaborated data permitted to identify a threshold overcoming, indicating that
the monitored landslide is progressively approaching the critical state. Nonetheless, it should
be always taken into account that several factors affect the model reliability and accuracy. In
particular, adequate quality of monitoring data is strongly advised when dealing with failure
forecasting and threshold assessment procedures such as the one here described. Moreover, the
criterion proved to be an effective tool when applied to case studies displaying a relatively long
time period between the onset-of-acceleration and the slope collapse (i.e., days, weeks), while
its application to faster displacements did not provide an accurate interpretation of the studied

phenomenon.

6.2. Equivalent displacement thresholds

The analysis of time series extracted from monitoring data has always played an important
role in the study of landslides evolution. Thanks to more recent technological advancements,
as those discussed in Chapter 2.2, nowadays it is much easier to have large amount of
information regarding the phenomenon evolution over time. From this perspective, it is possible
to rely on displacement time series to provide useful evidence concerning the past behaviour of
the monitored element and helping in the interpretation and prediction of possible future

trends.

The methodology here presented relates to this concept, aiming to exploit the availability
of a large amount of information regarding the past movements of the monitored landslide as
a comparison to determine the impact of newly recorded displacements on the slope stability
conditions. The main objective of this method is the identification of false alarms generated by
events that present a data trend geometrically compatible with an accelerating pattern
according to the previous criteria, while featuring a displacement magnitude which does not
correspond to a critical occurrence if compared to previously observed events. As previously
noted, the introduction of new technologies in the geotechnical monitoring field has notably
increased the systems reliability and sampling rate, thus making them able to provide
consistently a considerable amount of information regarding the phenomenon evolution. By
relying on available monitoring data, it is possible to apply the proposed procedure to assess
one or more alert levels not only for any particular case study, but also specifically for each
single event identified by the instrumentation and classified according to the criteria previously

discussed. The process to define the alert threshold value can be summarized as follows:

=  When the software detects a potentially critical event, it extracts the corresponding dataset
and evaluates the displacement generated S* and its duration d*. Since this event was
already processed and validated by the onset-of-acceleration criterion, it is expected to

follow an increasing trend in the displacement vs time plot.

= Taking as a reference the date of the first point x included in the dataset, the software

retrieves all monitored data sampled by the same sensor during the 30 days preceding the
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event. These values are going to serve as a term of comparison for the event identified at

the previous step.

= FKHquivalent displacements are evaluated, i.e., values calculated by considering the available
dataset selected in the previous set, and taking d* as a reference for each displacement. By
doing this, the algorithm produces a series of displacements S,, generated in the same time
interval d*. Table 14 reports an example of this procedure for a dataset composed of 6

displacement values.

Table 14. Evaluation of equivalent displacement values for a potentially critical event composed of 6 data

Dimension of the dataset referred

to the event of interest = 6

Event identified S*=d,—d,_g
Equivalent displacement 1 S1=dy_1 —dy_g
Equivalent displacement 2 Sy =dy_y—dy_r
Equivalent displacement 3 S3=dy_3—d,_g
Equivalent displacement n Sp=dy_y —dy_s5_pn

= In this step, it is possible to assess an alert threshold S;;, based on the values of mean ug

and standard deviation gg calculated from the equivalent displacement values:

Stn = ts + 305 (XXVIII)

» Finally, it is possible to compare this outcome with the displacement S*, in order to verify
if the event generated a displacement with a magnitude similar to values previously
observed during the considered time period, or if the resulting values overcomes the alert

threshold, thus indicating a potentially critical phenomenon.

Since the equivalent displacement threshold assessment follows the identification and
classification of a potentially critical event, it has been applied to a wide range of occurrences
reaching different warning levels. In the following sections a series of examples are reported,
including also a back-analysis on a case study where the detected event led to an actual collapse

of the monitored slope (thus representing a “true positive” in terms of early warning).

6.2.1. Case study #1: Landslide in Southern Italy

The first case study here reported involves the monitoring activity of a slope, located in
Southern ITtaly, crossed by a high-speed railway tunnel currently under construction. Following
the identification of a quiescent landslide in the area, it was decided to install an automatic
monitoring system in order to verify the design hypothesis and control the deformations
potentially induced by the excavation works. It included a total of 4 Vertical Array MUMS
inclinometers, featuring different lengths (between 30 and 80 metres) and number of sensors
(from 31 to 81 3D MEMS) depending on the specific device. Interspace between Links also

varied depending on their vertical position, with a distance of 2 metres between each node in
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the supposedly stable area, reducing to 0.5 metres in proximity of the sliding surface. Moreover,
the system includes 4 Piezo Arrays, each one composed of 2 analog piezometers, to control the

water level variations over time. The characteristics of each Array are summarized in Table

15.

During the entire period of the monitoring activity, all Vertical Arrays evidenced a relevant
degree of activity of the monitored site, with several datasets triggering the criteria integrated
in the elaboration software. However, despite reaching Levels 3 and 4 in some instances, the
monitored site did not display any significant evidence of critical instabilities taking place in

the area of interest.

Table 15. Features of the monitoring system installed to control displacements and water level variations of a slope
located in Southern Italy

ID [-] Installation date Array Sensors number Array
[eg/mm/yyyy] | Typology [-] | and typology [-] | Length [m]

DT0004 18/02/2020 Piezo Array 2x Piezo Link 45.00
DTO0111 23/01/2020 Vertical Array 73x Tilt Link V 69.00
DT0005 18/02/2020 Piezo Array 2x Piezo Link 31.70
DTO0112 24/01/2020 Vertical Array 81x Tilt Link V 80.00
DT0006 18/02/2020 Piezo Array 2x Piezo Link 52.00
DTO0113 14/01/2020 Vertical Array 66x Tilt Link V 80.00
DTO0007 22/01/2020 Piezo Array 2x Piezo Link 30.00
DT0114 24/01/2020 Vertical Array | 31x Tilt Link V 30.00

The examples presented in the following paragraphs refer to two occurrences identified by
two different Vertical Arrays located on site. Datasets recorded by each Tilt Link that
identified an unexpected displacement trend were processed with the algorithm previously
detailed, assessing an equivalent displacement threshold to verify how the event magnitude

compared to the landslide’s past behaviour.

The first event was detected on August 13", 2020, when two 5-point datasets sampled by
Tilt Links 47 and 49 activated the acceleration criterion, which identified the onset-of-
acceleration for the event at 01:51 of that day. The following elaboration performed by the
classification criterion, involving the application of the Inverse Velocity Method, returned a
value of the linear determination coefficient equal to 0.8643 and 0.8554 respectively. Therefore,
having identified two separate datasets composed of 5 velocity values and featuring R? < 0.92

from the forecasting analysis, the event achieved a Level 3 rate.
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Figure 65. Displacement values measured by Vertical Array DT0112 - Tilt Link 47, referred to the event with OOA

on 13/08/2020 01:51, and to the 30 days preceding the event itself
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Figure 66. Displacement values measured by Vertical Array DT0112 - Tilt Link 49, referred to the event with OOA

on 13/08/2020 01:51, and to the 30 days preceding the event itself

As previously detailed, the first step following the alert level assessment involves the

determination of the displacement generated by the event itself. F

or both datasets available,

this corresponds to a value of 1.6 mm over a time period of approximately 20 hours. The

subsequent operation consists of retrieving monitoring data from

a time period of 30 days

preceding the event of interest, in order to assess the equivalent displacements and the

correlated threshold for each dataset involved in the analysis. Each displacement value is

computed by considering a time interval equal to the one obtained from the event, which in

this case equals to 20 hours (corresponding to 6 monitoring values under the hypothesis of

constant sampling frequency).
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The outcomes of this operation are reported in Table 16, while Figure 67 and Figure 68
present a graphical comparison between equivalent displacements and the threshold computed
at the previous step. It is possible to observe how the resulting value referred to the event of
interest it is generally comparable to previously recorded displacements for both Links involved,
not overcoming the reference value defined with the procedure previously described.

Table 16. Characteristics of the DT0112 Tilt Links and the datasets involved in the analysis, together with the
displacement generated by the event and the equivalent displacement threshold

Tilt Displacement Equivalent
. Depth Dataset .
Link . . RQ LEVEL generated displacement
[m)] dimension
ID [mm] threshold [mm)]
47 18.00 5 0.8643 1.6 2.9
3
49 17.00 5 0.8554 1.6 2.9
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Figure 67. Graphical representation of equivalent displacements referred to the event of interest, the time period of
30 days preceding the event itself, and the threshold evaluated from these values for DT0112 — Tilt Link 47
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Figure 68. Graphical representation of equivalent displacements referred to the event of interest, the time period of
30 days preceding the event itself, and the threshold evaluated from these values for DT0112 — Tilt Link 49

The second event here analysed was recorded by Vertical Array DT0113 on May 24, 2020,

approximately four months after its installation. In this case, the movement detected by the

instrumentation was recorded by Tilt Links 43 and 55, placed respectively at a depth of 12.50

m and 6.50 m, returning two datasets composed of 5 monitoring values each and identifying

the OOA at 04:37. However, outcomes of the forecasting analysis evidenced a value of the
determination coefficient higher than 0.92 for the Tilt Link 43 dataset, which coupled with a

2-occurrence event allowed the achievement of Level 4 in the classification system.
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Figure 69. Displacement values measured by Vertical Array DTO0113 - Tilt Link 43, referred to the event with OOA
on 24/05/2020 04:37, and to the 30 days preceding the event itself
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Figure 70. Displacement values measured by Vertical Array DT0113 - Tilt Link 55, referred to the event with OOA
on 24/05/2020 04:37, and to the 30 days preceding the event itself

The operations relating to the evaluation of the displacement generated by the event, the
extraction of equivalent displacements from previous monitoring data, and the threshold
assessment, are summarized in Table 17. It is worth nothing that all Vertical Arrays on this
specific site were set on a sampling rate of 4 hours, recording 6 monitoring values each day.
Therefore, since each dataset includes 5 velocity values, the time interval to evaluate the
equivalent displacements for this example is the same as in the previous case involving DT0112
(i.e., 20 hours). Figure 71 and Figure 72, referring respectively to Tilt Link 43 and 55, present
a graphical visualization of the analysis outcomes, evidencing how the detected event did not
cause a displacement significant enough to overcome the threshold values assessed for the two

Links that activated the alert criteria.

Table 17. Characteristics of the DT0113 Tilt Links and the datasets involved in the analysis, together with the
displacement generated by the event and the equivalent displacement threshold

Tilt Displacement Equivalent
. Depth Dataset .
Link . ) RQ LEVEL generated displacement
[m] dimension
ID [mm] threshold [mm)]
43 12.50 5 0.9453 2.3 3.9
4
55 6.50 5 0.8997 2.4 4.2
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Figure 71. Graphical representation of equivalent displacements referred to the event of interest, the time period of
30 days preceding the event itself, and the threshold evaluated from these values for DT0113 — Tilt Link 43
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Figure 72. Graphical representation of equivalent displacements referred to the event of interest, the time period of
30 days preceding the event itself, and the threshold evaluated from these values for D'T0113 — Tilt Link 55

6.2.2. Case study #2: Landslide in Central Italy

The second case study here discussed refers to the same landslide analysed in Chapter 5.2.2,
and focuses on the event that involved the Vertical Array DT0014 some months after its
installation, in March 2017. At that time, DT0014 was the only automatic monitoring device
present on site, and the acquisition process was set on a sampling frequency of 1 hour. Starting
from the end January 2017, the inclinometer recorded a series of displacements involving the
first 6 metres of soil, with some datasets activating the early warning criteria implemented in
the software. The phenomenon evolution progressed for the following weeks, leading to a major

displacement recorded on March 8% that damaged the Array, partially compromising its
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functionality. The event was identified by the elaboration software, which issued a series of
alert messages to authorities responsible of the monitoring activity. Ultimately, MUMS

inclinometer D'T0014 became completely inactive on March 13th due to excessive deformations.

As previously specified, only the acceleration criterion (in a slightly different version than
the one presented in this thesis) was active during the monitoring activity, hence no
classification was available at the time of the event occurrence. Therefore, a back-analysis was
performed on the datasets referring to the displacement observed on March 8% 2017, in order
to apply the newly developed methodologies to a real case critical scenario. In particular, the
sudden increase of displacement rates was identified by Tilt Links 93 and 95, respectively
located 2.5 m and 1.8 m below ground surface. For both Links, the analysis returned a 7-point
velocity dataset with the onset-of-acceleration at 02:28 AM of March 8%, while the failure
forecasting analysis returned a determination coefficient of 0.8515 for Tilt Link 93, and 0.9578
for Tilt Link 95, therefore qualifying as a Level 5 event.

It is worth noting that this is the only event recorded by MUMS inclinometers that managed
to reach the highest level in the classification system, taking into account both real-time and
back-analysis evaluations. Another notable detail regards the accuracy of the time of failure
assessment, performed through the linear Inverse Velocity Method, which was compared to the
date of collapse observed from monitoring data (i.e., the date and time where instrumental
data displayed the damaged caused to the Array by soil deformations). As reported in Segalini
et al (2019a), both datasets provided a positive prediction of the slope collapse, with a time
difference of 3 hours for Tilt Link 93, and 1 hour for Tilt Link 95.
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Figure 73. Displacement values measured by Vertical Array DT0014 - Tilt Link 93, referred to the event with OOA
on 08/03/2017 02:28, and to the 30 days preceding the event itself
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Figure 74. Displacement values measured by Vertical Array DT0014 - Tilt Link 95, referred to the event with OOA

on 08/03/2017 02:28, and to the 30 days preceding the event itself

As in previous cases, the available monitoring data were processed in order to evaluate the

displacement measured by each Link during the event, and to assess the alert threshold based

on the equivalent displacement datasets. Given the 1-hour sampling frequency of the Vertical

Array, and since each Tilt Link returned a 7-point dataset, each single equivalent displacement

value refers to a time interval of 7 hours.

Table 18. Features of the DTO0014 Tilt Links and the datasets involved in the analysis, together with the
displacement generated by the event and the equivalent displacement threshold

Tilt Displacement Equivalent

. Depth Dataset .
Link . ) RQ LEVEL generated displacement

[m] dimension
ID [mm] threshold [mm)]
93 2.50 7 0.8515 7.3 1.9
5
95 1.80 57 0.9578 11.2 2.4

The outcomes of this procedure are summarized

in Table 18,

and the graphical

representation of the obtained value are displayed in Figure 75 and Figure 76. It is possible to

notice how the event caused a displacement that clearly overcomes the threshold value for both

datasets, thus confirming that the monitored phenomenon is showing a critical behaviour.
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Figure 75. Graphical representation of equivalent displacements referred to the event of interest, the time period of
30 days preceding the event itself, and the threshold evaluated from these values for DT0014 — Tilt Link 93
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Figure 76. Graphical representation of equivalent displacements referred to the event of interest, the time period of
30 days preceding the event itself, and the threshold evaluated from these values for D'T0014 — Tilt Link 95
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Chapter 7.  Automatic report documents

Technological innovations have resulted into significant improvements over the years in
different sectors of the geotechnical monitoring framework, ranging from sensors reliability to
data elaboration efficiency. One of the key features that got heavily influenced by the
introduction of new approaches in this field is the monitoring data availability. This derives
directly from the ability of automatic systems to achieve, and maintain over time, sampling
frequencies far higher than those obtainable with manual instrumentation. This approach
presents considerable advantages in terms of available knowledge regarding the studied

phenomenon, but poses several challenges related to the large amount of data generated.

Several studies highlighted this crucial aspect, observing that the amount of information
produced by automatic systems could potentially become so large that it could lead to several
issues related to their management and processing (e.g., Allasia et al., 2013; Giordan et al.,
2019). While the computational power of modern calculators is far higher than the one available
some decades ago, these issues should not be underestimated when dealing with so-called “big
data”. This term refers not only to a particularly substantial volume of data, but also to a wide
range of datasets that cannot be handled with conventional management and processing tools
due to their complexity (Cremona and Santos, 2018). Another aspect related to this concept is
the importance of a correct presentation of monitoring outcomes. In fact, a large volume of
data could lead to difficulties in their representation and visualization, thus causing issues in
the interpretation process. Bressani et al. (2018) underlined some relevant aspects related to
technical reporting, including the importance of identifying and representing the key
parameters involved in the monitoring activity, and the delivery of synthetic and sequential
reports. Moreover, as underlined by Giordan et al. (2019), the aspect of scientific data
communication has received considerably less attention if compared to technological

improvements in this field.

Addressing the issues here discussed, this chapter deals with the need for a dedicated
procedure to manage and visualize the considerable volume of data produced by automatic
devices installed in several different sites. In particular, the research activity focused on two
separate aspects of this problem, concerning the periodic presentation of results and information
acquired during the entire monitoring activity period, and the timely reporting of specific
outcomes in correspondence of a critical event. In both cases, the software development process
exploited the toolbox Matlab Report Generator™, which includes a series of functions and
APIs (Application Programming Interfaces) that integrate reporting capabilities into
MATLAB® applications. This allows to dynamically capture numerical results and figures
generated by a MATLAB® code, including them in a single document that can be customized

according to each specific application.

7.1. Monitoring report
As previously discussed, the implementation of multi-instrumental landslide monitoring
networks is becoming more and more common thanks to the increased availability of automatic

sensor designed to measure a wide range of different parameters. These systems are able to
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provide a large amount of data at high sampling rates for extended time periods, which should
be properly managed to allow the correct interpretation of all available information. The
periodic monitoring report here presented was developed with this objective in mind, aiming
to summarize in a single document all main information related to the monitored element for
a specific time period. It is important to underline that the main purpose of this report is to
provide an additional tool for data visualization and interpretation, and it is not aimed to
completely replace other representation approaches that allow to browse the monitoring

outcomes whenever it is needed.

In the case here presented, the software was designed for MUMS-based instrumentation,
which already takes advantage of a dynamic cloud-based visualization platform (called Geo-
Atlas) that integrates a wide range of different functions, interactive charts, and dedicated
figures for each monitored site. Therefore, the design process aimed to the development of a
simpler and more synthetic document to summarize the results acquired in a limited time
interval, leaving the platform as the main tool for a more comprehensive and extensive data
representation. Moreover, the report structure was conceived to adapt to all different
monitoring contexts in which MUMS devices could be installed, ranging from landslides to
underground constructions, buildings, and geotechnical protection structures. Therefore,
starting from a general template including several sections, the software generates a customized

report depending on the composition and features of the monitoring system.

7.1.1. Cover pages and initial disclaimer

0 3se mums Sommario

.................. Diatairer
MUMS System.
Site feature:
Results - Control unit
Control Unit ID0045.

Control Unit ID0046.
Results - Monitoring took

1D0045-DT0092

Tilt Link HR 3D V.

1D0046-DT00Y:
Appendix,

Vertical Arra
Sensors descriptis

Tilt Link HR 3D V.

SowwEmmOMN NS

Monitoring activity report
Charmouth

Automatic report - Alpha test version

05-11-2021

ASE - Advanced Slope Engineering S.r.l.

Via Robert Koch 53/A REA n" 258983

43123 Fraz. Pilastrello, Parma - Italy Cod. Fisc & PIVA [VAT) IT 02687890349

Tel: +39 0521 1404292 - Fax: +39 0521 905924 E-mail: info@aseltd.eu - Web: www.aseltd.eu

Figure 77. (a) Cover page and (b) summary of the periodic monitoring report
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The first page of the report indicates the name of the monitored site, together with the date
when the document was created. The summary, included in the following page, is composed a

series of hyperlinks to access any section and subsection of the report directly (Figure 77).

Moreover, before presenting the site information, the document incorporates a short
disclaimer to clearly explain the report objectives and its main features. This text is intended
to underline that, being automatically generated by a software, the report does not contain
any technical evaluation or validation concerning the results measured by the instrumentation
installed on site and has the main goal to provide a resume of the main outcomes of the

monitoring activity.

7.1.2. Monitoring system description

This section aims to introduce the main components of the monitoring system, including its
general structure and the working principles on which it is based. This part is shared by all
reports since it is a core feature of any device based on MUMS technology. However, the same
section presents a list of all monitoring tools installed on site, as well as any control tools
connected to the monitoring system. In particular, for what concern MUMS Arrays, the

software is able to identify the devices reported in Table 19.

Table 19. List of MUMS-based Arrays and their main application in a monitoring context

Array/device name Application

Vertical Array Landslides, embankments, landfills

Piezo Array

Rain Array

In Place Array

Horizontal Array

Therm Array Geothermal plants
Vertical Array Structure Geotechnical structures
Klino Array Buildings, infrastructures, rock masses

Analog Array

Cir Array Tunnels and underground excavations
Rad Array

PreConv Array

RockFall Safety Network Rockfall and debris flow flexible barriers
D-Fence

Trigger System
Debris Flow Safety Network
G-Flow

ASEcam Image acquisition

7.1.3. Site features
The following section is intended to frame the main characteristics of the monitored area,

indicating the geographical coordinates, and reporting a satellite image of the site location.
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Additionally, another figure depicts the detailed position of each control unit and monitoring

tool installed in the studied area, in order to summarize the system structure (Figure 78).

‘ DTOOO3 .
- DT0002

DT0002 , Nodo 2

Nodo 1

DT0103 @

Vertical Array

Figure 78. Examples of (a) geographical location of the monitored site; (b) on-site location of the monitoring tools

Moreover, the instrumentation typology and features are reported in a dedicated table,

which includes the following information regarding each device present on site:

Control tool and Array IDs
First available reading date, referring to the beginning of the monitoring activity

Reference reading date, representing a time reference where the device can be considered
fully operational since no more stabilization movements are observed from sampled data
(further information regarding di matter can be found in the International Standard EN

ISO 18674-1:2015)
Array typology, according to the system composition listed in the previous section
Array length, measured in metres

Typology of sensors/devices, each one of which is identified as a Link composing the Array
(Table 20)

Total number of sensors/devices included in the Array

Table 20. List of different Links that can be integrated in each typology of Array

Array name

Link name

Vertical Array

Tilt Link V, Tilt Link HR 3D V, Piezo Link,
Baro Link, Therm Link

Piezo Array

Piezo Link, Baro Link

Rain Array

Rain Link

In Place Array

In Place Link, In Place Link HR,

Horizontal Array

Tilt Link H, Tilt Link HR 3D H

Therm Array

Therm Link

Vertical Array Structure

Tilt Link V, Tilt Link HR 3D V

Klino Array

Klino Link, Klino Link HR
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Analog Array Load Link, Pressure Link, Extensometer
Link, 3D  Extensometer Link, Wire
Extensometer Link, Multi-Point Borehole
Extensometer Link, Crack Link, PT100 Link

Cir Array Tunnel Link

Rad Array Tunnel Link

PreConv Array PreConv Link

RockFall Safety Network RSN Link, RSN Link HR, Load Link

D-Fence RSN Link, RSN Link HR

Trigger System Trigger Link

Debris Flow Safety Network RSN Link, RSN Link HR, G-Shock Link

G-Flow G-Flow Link

7.1.4. Results - Control Unit

The main objective of this section is to display the monitoring system functionality over
time, by reporting the level of the battery connected to each control unit present on site. In
fact, as previously discussed, it is fundamental to verify the correct operativity of the power
supply system in order avoid failures of the monitoring instrumentation, with potential data

losses and missed alerts in case of early warning activities.

Battery level and temperature
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Figure 79. Battery level and control unit temperature variation over time, together with a battery icon displaying
the present status of the power supply system

For each datalogger, the report includes a plot displaying the battery level trend over time,
as well as the temperature measured by the thermometer integrated in the control unit.
Additionally, the graph is paired with an icon representing the status of the power supply

system at the time of the report generation, with different levels according to the last value
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available. Finally, the numerical value on which this figure is based is specified in a brief

paragraph attached to the main plot.

It should be noted that the elaboration software integrates a specific procedure to check the
battery level in real time, and it is able to send alert messages if this value falls below a
predefined threshold. This process is intended to highlight the presence of an issue that should
be immediately addressed to maintain the system functionality. On the other hand, the
visualization of the power supply trend over time included in the periodic report is intended to
give an overall vision of the system conditions. Therefore, it is especially useful to identify in
advance any pattern that could be a symptom of a future power supply failure (i.e., battery
level constantly decreasing over time, as in Figure 79), giving the possibility to plan

maintenance intervention and restore the system operativity.

7.1.5. Results — Monitoring Tools

This section is the core of the entire document, since it contains the outcomes referred to
all monitoring tools installed in the monitored site. It is organized in sub-sections, one for each
Array, containing a series of dedicated graphs according to the sensors integrated in the
instrumentation. This approach descends from the multi-parametric nature of MUMS tools,
which allows to control different physical quantities with a single Array equipping different
kind of sensors. On this basis, the software is able to determine the sensor typology and select
the most appropriate data representation to include in the report, together with a short
comment regarding specific values of interest (e.g., maximum and minimum values, variation
over the selected time period, last value available, etc.), in order to give an overall summary

of the monitoring activity results referred to a specific time period.

Table 21 lists all supported Links and the corresponding information that can be included
in the report, while the following figures display some examples regarding the results
representation (namely, Figure 80 and Figure 81 refer to Tilt Link V, Figure 82 to Piezo Link,
Figure 83 to Rain Link, and Figure 84 to Klino Link).

Table 21. List of MUMS Links included in the software, together with the corresponding sensor typology and the

different information and outcomes included in the automatic report. Monitoring outcomes are related to the

reference monitoring period, except where indicated

Link name Sensor typology Information included in the report

Tilt Link V, In Place Link | 3D MEMS » 2D local displacements*
* 2D cumulative displacements*
*  Azimuth**

Tilt Link H 3D MEMS = Local subsidence*
=  Cumulative subsidence*

Piezo Link Piezometer = Absolute pressure

= Water level
Baro Link Barometer = Atmospheric pressure
Rain Link Rain gauge * Local Rainfall

=  Cumulative rainfall**
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Therm Link High-resolution Temperature
thermometer Maximum and minimum
temperature values
Klino Link 3D MEMS 2D Tilt variation over time
Temperature
Load Link Load cell Load variation over time

Pressure Link

Pressure cell

Pressure variation over time

Extensometer Link

1D Extensometer

Deformations

Temperature

3D Extensometer Link

3D Extensometer

3D deformations

Wire Extensometer Link

Wire Extensometer

Wire length variation over time
Temperature variation over time

Multi-Point Borehole
Extensometer (MPBE)
Link

Multi-Point
Borehole

Extensometer

Rod deformations

Crack Link Crack meter Crack opening over time

PT100 Link Resistance Temperature

thermometer
(PT100)

Tunnel Link 3D MEMS 2D Local displacements™
Convergence segments variation
over time***

PreConv Link 3D MEMS 2D Local displacements
2D Local displacements (pre-
convergence phase)
2D cumulative displacements
2D cumulative displacements (pre-
convergence phase)
Displacement direction

RSN Link 3D MEMS 2D Tilt variation over time

Temperature

Trigger Link

Electro-mechanical
trigger

Trigger activation

G-Shock Link

Shock sensor

Shock sensor activation

G-Flow Link Accelerometer 3D acceleration components
Resultant acceleration
ASEcam Video Camera Last image acquired by the camera

“‘Related to the reference and entire monitoring periods

“Starting from the reference date

““Available for Cir Array only

110



Chapter 7 Automatic report documents

0 2D Cumulative Displacements

7 '5 B \]é - I:. T
: 1 -0p/ > ]
15§ : -15 —l.? f .
_20}7 120 }| X .
E 5 £ \
£ 25f 1 £-25} ’ |
[ X k (o} | Pe
i i o] |
a Q J y
30 5 . =30 f Q 7
‘|
-35 . -35 t .
W 40J(———‘ ': 1
45 5; T -45 ‘{r' Last period
( :} Entire period
_50 A 1 L L | _50 / I
0 10 20 30 40 0 50 100
Displacement [mm] Displacements [mm]

Figure 80. Tilt Link V results: local and cumulative differential displacements along maximum grade direction,
related to the reference time period and the entire time period of the monitoring activity
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Figure 81. Tilt Link V results: azimuth of cumulative differential displacements vs depth, taking as a reference the
beginning of the monitoring activity

111



Chapter 7 Automatic report documents

Water level and absolute pressure - Sensor at 15 m of depth 1122
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Figure 82. Piezo Link results: water level and absolute pressure values recorded during the reference time period by
the sensor placed at a specific depth
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Figure 83. Rain Link results: rainfall trend recorded by the rain gauge during the reference time period, and
cumulative rainfall starting from the beginning of the monitoring activity

112



Chapter 7 Automatic report documents

Tilt meter 1 - X axis

0.4 R | T
4125 O
0.38 - =
= 120 @
ey =
= 0.36 415 g
: B o
] {110 E
] @
_ —
034 | 1 L L " | L M I L I M L L L 1 L L i L L M ;‘ L L 1 M 5
o2 ot o2t o2t o2t o2t
Jool* 06l02M R 161007 731001 6l02*
Date [dd/mm/yyyy]
Tilt meter 1 - Y axis
-0.88 e —— 30
0.9} 125 O
2092} . {20 &
= | ARk 2
= o004l | Ehdy, _ | U EASM L s s {15 £
BREHELEETE L | I B B TR R IR A @
0.96 - | fl T 110 §
}_
_0'98 1 L L L 1 1 L L L L 1 1 L L L 1 1 1 L L L 1 L 1 5
1 21 21 27 23 2
7202 70 20 20 20 20
legl l;]E:|091 1&10{9,' 16'09[ 11|09I '16|09I
Date [dd/mm/yyyy]
Tilt I Temperature

Figure 84. Klino Link results: tilt along X and Y instrumental axes and temperature trend recorded by the MEMS
sensor during the reference monitoring period

7.1.6. Results — Correlation between different parameters

This section is strictly related to the previous one, and it is intended to highlight the presence
of any possible correlation between the different physical quantities sampled by sensors
integrated in the monitoring instrumentation. In order to do so, the software select relevant
Links for each Array and compare the sampled values according to pre-defined combinations,
aiming to evidence similar patterns and/or cause-effect relationships in the reference time
period. The inclusion of these graphical representations is a default operation and does not
depend on the actual presence of clear correlations between the parameters of interest. This
decision derives from the consideration that such a comparison would provide useful insights
on the monitored site behaviour regardless of the positive identification of any correlation
between the parameters. Therefore, the identification of actual cause-effect relationships is
delegated the user, while the report is intended to provide as much information as possible to

assist in this operation.

A list of the cross-correlations that the report can display, with the involved Links and a

short description of the objective of each specific representation, is provided in Table 22.
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Table 22. List of cross-correlation analyses that can be included in the periodic monitoring report

Links involved Parameters Details
Tilt Link V Displacement Comparison between the displacement trend
In Place Link measured by the Link (of a specific Array) that
Piezo Link Water level recorded the largest displacement during the
reference time period, and the water level measured
by the piezometer installed in the same Array.
Tilt Link V Displacement Comparison between the displacement trend
In Place Link measured by the Link (of a specific Array) that
Rain Link Rainfall recorded the largest displacement during the
reference time period, and the rainfall recorded by
the rain gauge installed in the same site.
Piezo Link Water level Comparison between the water level variation
Rain Link Rainfall measured by the piezometer, and the rainfall
recorded by the rain gauge installed in the same
site.
Tilt Link V Displacement Comparison between the displacement trend
In Place Link measured by the Link (of a specific Array) that
Klino Link Tilt recorded the largest displacement during the
Crack Link Crack opening reference time period, the tilt variation of the
element monitored with the tilt meter, and the
crack opening over time recorded by the crack
meter.
Tilt Link V Displacement Comparison between the displacement trends
In Place Link measured, for each Array present on site, by the
Links that recorded the largest displacement during
the reference time period
Tunnel Link Displacement Comparison between displacements recorded by
(Cir Array) each Array installed on site, referring to specific
sectors of the monitored tunnel sections
Tunnel Link Displacement Comparison between displacements measured by
(Cir Array) the Tunnel Link located at the top of the
PreConv Link Displacement monitored section, and displacements recorded by

the closer PreConv Link installed on the section

crown
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Figure 85. Comparison between the displacement trend measured by the Link that identified the largest
displacement during the reference time period, and the water level recorded by the piezometer

Correlation between maximum displacements recorded by each Array

10 -
DT0099 -2.5 m
g |—DT0100-6.5m
DT0101 -0.5m
DT0102 -11.5 m
8|
7+

Displacement [mm]
[V}
T

s
~ TN
/r/_f e
[~
2 - 1
/]
1h /]

<]
P S )i/_;wg(’\f |
Oﬁ\/ﬁ\m‘\'ﬁr‘\\ll L |\‘ P N N B

A 39 A A 3 A 39 3s
le?'o'l 06|09l102 Ogﬂo?' x6|09l‘1°?’ ')_llogl?'(ﬂ ?—6|09|?,0?' ()ln-ono?' QG“—OnG?'

oMl Y

Date [dd/mm/yyyy]

Figure 86. Comparison between maximum displacement data recorded during the reference time period by a series
of different Arrays installed in the same monitored site
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7.1.7. Appendix
In its last section, the report includes a short description of each monitoring device and
sensor located on site. Following a procedure similar to those previously described, the software

automatically generates two sub-sections:

= The first one refers to the Arrays typology, and provides a summary of their working

principle, elaboration process, and final outcomes.

» The second one is created according to the Arrays previously identified and includes a list
of the main features each sensor included in the monitoring instrumentation, outlining also

the corresponding physical quantity being measured by it.

7.2. Alert report

While the generation of a periodic report makes for a useful tool to gain insights on the
landslide behaviour, providing a general overview on all different quantities monitored, it is
not suitable for early warning purposes. In fact, it is essential for an EWS to give the possibility
“to take timely action to reduce disaster risks in advance of hazardous events” (United Nations,
2016). It is clear that such an objective could not be achieved with a process applied
independently of the occurrence of a potentially critical event, since the relevant information
should be delivered as soon as possible after its identification in order to give the possibility to

those in charge of the monitoring activity to take proper countermeasures.

With this objective in mind, the toolbox Matlab Report Generator™ was used to write a
software able to generate a more concise document designed for near-real time communications.
The so-called “alert report” refers to a specific event and is intended to provide only the
essential information needed to understand if the observed phenomenon is evolving towards a
potentially hazardous situation. For this reason, its creation takes place in the very last section
of the elaboration software, after the application of all criteria and algorithms previously
discussed. Unlike the periodic monitoring document, which is customized according to the
features of each case study, the alert report takes advantage of a pre-made template designed

to include only specific graphs and tables and arranged to fit into a single page.

The different sections of the alert report template are described below, and referenced with

the corresponding numbers in Figure 87:

1. Title and date of creation: this section includes the report title (i.e., “Automatic alert
report”) and the date-time when it was generated by the elaboration software. This
information is also included in the file name, in order to avoid duplicates and accidental

overwriting.

2. General information: this part of the bulletin summarizes all main information related to
the monitoring instrumentation that identified the event under discussion. In particular,

the document includes the following details:

=  Name of the monitored site
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ID of the datalogger

ID of the MUMS Vertical Array

* Number and depth of the node (Tilt Link) that measured the displacement

OOA date of the identified event

3. Activity level indicator: the alert report includes a coloured logo to assess immediately the
activity level represented by the identified event. According to the outcomes of the
classification criterion and the comparison with the equivalent displacement threshold, the

report is able to show three different colours:
=  Green 2 Level 5, displacement below the equivalent displacement threshold
=  Orange 2 Level 4, displacement above the equivalent displacement threshold
= Red =2 Level 5, displacement above the equivalent displacement threshold

4. Displacement vs time trend: this section includes the displacements measured in the 30
days preceding the first value included in the potentially critical dataset, evidencing also
the OOA date assessed by the acceleration criterion. This graph has the main goal to
provide a visual representation to help in the understating of the landslide behaviour, as
recorded by the same node that recorded the event of interest, and to have a first evaluation

of the entity of the recorded movement.

5. Equivalent displacement vs time trend: the second graph included in the alert report
displays the equivalent displacement values, calculated by following the procedure detailed
in Chapter 6.2, including the value obtained for the event of interest. It also gives a
graphical representation of the equivalent displacement threshold, in order to provide

another easily readable indication of the event magnitude.

6. Numerical values: this table reports the main numerical outcomes of the data elaboration,
focusing on few key values referred to displacements measured by the Tilt Link indicated

in Section 1:

» Total displacement measured over the reference time period (i.e., 30 days preceding

the event of interest)

= Displacement generated by the event, calculated from the dataset identified by the

acceleration criterion

=  Equivalent displacement threshold, evaluated with the procedure previously

discussed

7. Legend: in this section it is possible to find a list of all symbols included in both graphs of

the alert report, namely:

=  Displacements
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Figure 87. Example of an automatically generated alert report, with indicated the pre-defined sections: 1. Title and
date of creation; 2. General information; 3. Activity level indicator; 4. Displacement vs time trend; 5. Equivalent
displacement vs time trend; 6. Numerical values; 7. Legend
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Chapter 8. Conclusions

8.1.Summary and conclusions

The present work focused on the development, validation, and application of a series of
methodologies intended to analyse the occurrence of potentially critical landslide events. In
particular, the main objective of this thesis involved the automatic analysis of monitoring data,
the application of several algorithms to assess the hazard posed by the event, and the
subsequent dissemination of appropriate alert messages. Figure 88 summarizes the thesis

structure, defining the main topics and highlighting the connection between the different

components.
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Figure 88. Flow diagram summarizing the different topics included in the thesis

After describing the main theoretical elements on which the work is based, the thesis focused
on the advantages deriving from the application of automatic monitoring systems. Particular
attention is dedicated to instrumentation based on IoNH (Internet of Natural Hazards)
approach, representing a design concept where the implementation of Internet of Things
principles allows different components of the system to interact and exchange data. The
advantages of this approach are reported through a series of examples provided by monitoring
devices based on MUMS (Modular Underground Monitoring System) technology. MUMS was
initially designed as an automatic inclinometer, and has been subsequently developed to adapt
to different geotechnical scenarios, keeping the IoNH structure as the core working principle.
This approach permits a constant check of instrumentation functionality, both in terms of
sensor operativity and control unit conditions. Moreover, the high sampling frequency

achievable by IoNH-based devices gives the possibility to introduce statistical analyses in the
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elaboration process, in order to validate the monitoring outcomes. Other features involve the
remote control of the power supply system conditions, the assessment of reliable cause—effect
relationships related to multi-parameter information, and the activation of alert procedures

and external devices.

The first step in the data elaboration process relies on a multi-criteria algorithm able to
identify automatically an accelerating trend starting from displacement monitoring data.
Specifically, the proposed approach relies on a drop-down sequence composed of four steps
applied to each single data sample, with the objective of identifying specific variations in the
landslide behaviour. The development process involved a series of parametric analyses, aimed
to calibrate the main parameters included in the algorithm. The final result is a four-level
process that allows to identify the OOA (onset-of-acceleration) point referred to the
accelerating trend. A real-time acquisition was simulated for three case studies, where a collapse
was observed, taken from historical landslides studied in scientific literature. Outcomes of the
analyses performed on available displacement datasets underlined the algorithm ability to
identify two different stages of the phenomenon evolution over time. Moreover, the comparison
of the estimated OOA point with the acceleration curves reported for each case study
underlined the positive result of the multi-criteria methodology in locating the beginning of the

critical acceleration phase.

Following the critical trend identification, a classification procedure was introduced to define
the alert level for the event of interest. The evaluation depends on three different features,
namely the number of values included in each dataset, the number of positive outcomes
generated by the OOA identification process, and the value of the determination coefficient
obtained from the application of the linear Inverse Velocity Method to the monitoring data.
Each one of these parameters represents a specific aspect of the landslide behaviour, and their
increment corresponds to an increasingly critical condition. In fact, datasets including a higher
number of points corresponds of a more consistent accelerating trend, and multiple OOA
identifications are an indication that the displacement is involving different sectors of the
monitored element. Finally, the determination coefficient refers to the application of a
forecasting method to the selected dataset, therefore higher values of R? represent a more
reliable outcome of the forecasting analysis. All these parameters are arranged in a 5-level
structure to automatically provide a classification of the potentially critical events, according
to the features resulting from the analysis. The algorithm has been continuously tested over
time on several monitored sites, elaborating roughly 23’000 datasets each day for several
months. The present work reports four events, referred to two different case studies, displaying
for each one the corresponding level and underlining the ability of the proposed approach to
provide further information regarding the event entity. Among these, it is also included a back-
analysis of the only event that achieved the highest alert level (namely Level 5), which is also
the only event recorded by MUMS-based instrumentation that ultimately led to a slope

collapse.

After the classification procedure, the data elaboration goes through a comparison with alert

thresholds defined according to two different methodologies. The first approach aims to provide
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a generalized criterion useful to compare events with different features and to help defining
reference values for specific case studies. This is achieved through a normalization of available
monitoring data, resulting in a dimensionless parameter deriving from velocity values recorded
by monitoring instrumentation. The method is applied by simulating a real-time acquisition of
monitoring data taken from two case studies reported in scientific literature. Results obtained
for both landslides underlined the ability of the proposed method to provide a reliable tool to
describe the accelerating trend of a landslide approaching failure. After the normalization
procedure, monitoring data were in good agreement with generalized velocity curves, allowing

to use them as a reference to assess warning levels.

The second algorithm was designed with the express purpose of identifying any false alarm
coming out of the classification algorithm. In order to achieve this task, this thesis introduces
the concept of equivalent displacement, defined as the displacement generated in a time interval
equal to the one showed by the potentially critical event. When referred to data sampled prior
to the event of interest, they can give an indication of the past behaviour of the monitored
element. Therefore, they are able to establish a term of comparison in order to understand if
the recorded event generated a displacement magnitude which does not correspond to a critical
occurrence if compared to previously observed events a data trend, despite being geometrically
compatible with an accelerating pattern. The thesis reports a series of examples referring to
different alert levels obtained from the classification algorithm, underlining the ability of the
proposed model to define an effective threshold value to compare the potentially critical event
with previously observed trends. In particular, the Level 5 event previously discussed is
analysed in this phase, and represents the only case study where the recorded displacements
overcame the assessed threshold, furtherly confirming the exceptional nature of the recorded

event.

Finally, the work focuses its attention on the development of new approaches for the
dissemination of relevant information obtained from the previously described methodologies.
This regards not only the features of a potentially critical event, but also the large amount of
knowledge acquired over the entire monitoring period thanks to the implementation of
automatic instrumentation, which is fundamental to have a proper comprehension of the
studied phenomenon. For this reason, the first algorithm presented in this work aims to produce
a periodic report intended to provide a general overview of monitoring outcomes sampled over
a predefined time period. The document structure comprises several sections, which are
dynamically integrated according to the monitoring system features. The algorithm, based on
the toolbox Matlab Report Generator™, is able to represent data deriving from more than 20
different sensors and dataloggers, including also the most relevant numerical values recorded
during the reference time period. Moreover, depending on the instrumentation installed on-site,
the report can include, in the same graph, monitoring results coming from different type of
devices with the objective to evidence the presence of any correlation between parameters of

interest.

Being generated periodically, this document was designed as a practical tool for the global

understating of the monitored site behaviour, and therefore not suitable for early warning
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applications. Instead, the second algorithm presented in this thesis was specifically developed
for this purpose, with the intention to concentrate all relevant data regarding a potentially
critical event in a short report, able to provide the essential information for a first interpretation
of the event of interest. The result is a 1-page bulletin, automatically created following the
fulfilment of all conditions introduced by previously described criteria. After listing the main
features of the monitored site, the alert report displays two graphs, namely the slope
displacement and the equivalent displacement trends measured in the reference time period
(i.e., 30 days) preceding the event of interest. Moreover, a table includes the numerical values
for the total displacement measured over the reference time period, the displacement generated
by the event, and the equivalent displacement threshold, in order to help the user to evaluate

the entity of the observed phenomenon.

8.2. Future developments
Starting from the results of the present work, future research activities could focus on
different aspects, from the selection process of the monitoring instrumentation to the

implementation of other algorithms in the elaboration procedure.

As previously noted, the real-time application of the proposed methodologies involved the
application of a specific set of monitoring systems, namely MUMS-based instrumentation.
Nonetheless, there are several other devices that are able to achieve the requirements needed
for early warning purposes, and are capable to provide the parameters needed for the
application of the algorithms here described. Therefore, a potential development would involve
the integration of the elaboration process into monitoring systems based on different sensors,
in order to test the compatibility of the approach with data sampled by other typologies of
monitoring instrumentation. Moreover, this could provide additional data and information to

refine the criteria parameters, further improving their reliability and robustness.

Another interesting aspect to investigate is the integration of forecasting methodologies
based on Machine Learning (ML) algorithms and Neural Network models for the prediction of
landslide deformations. Thanks to more recent technological advancements, the
implementation of Artificial Intelligence (AI) for the analysis of monitoring data has gained
increasing attention, providing positive outcomes in several case studies (e.g., Jiang et al., 2021;
Ma et al., 2020; Lian et al., 2014; Wang et al 2021; Zhu et al 2018). From this perspective, it
would be possible to rely on displacement time series to provide useful information concerning
the past behaviour of the monitored element and helping in the interpretation and prediction
of possible future trends. For these reasons, the implementation of Al-based procedures would
greatly improve the system ability to describe the phenomenon evolution. Additionally, it could
be possible to apply the developed methodologies to displacements forecasted with Machine
Learning algorithms, thus being able to identify further in advance the onset of potentially

critical events.
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