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CHAPTER 1: INTRODUCTION
1.1. Problem statement
Landslides are frequently responsible for considerable huge economic losses and casualties in
mountainous regions especially nowadays as development expands into unstable hillslope areas
under the pressures of increasing population size and urbanization (Di Martire et al. 2012). People
are not the only vulnerable targets of landslides. Indeed, mass movements can easily lay waste to
everything in their path, threatening human properties, infrastructures and natural environments.
Italy is severely affected by landslide phenomena and it is one of the most European countries
affected by this kind of phenomena. In this framework, Italy is particularly concerned with
forecasting landslide effects (Calcaterra et al. 2003b), in compliance with the National Law n.
267/98, enforced after the devastating landslide event of Sarno (Campania, Southern Italy).
According to the latest Superior Institute for the Environmental Protection and Research (ISPRA,
2018) report on "hydrogeological instability" of 2018, it emerges that the population exposed to
landslides risk is more than 5 million and in particular almost half-million falls into very high
hazard zones. The slope stability can be compromised by both natural and human-caused changes in
the environment. The main reasons can be summarised into heavy rainfalls, earthquakes, rapid
snow-melts, slope cut due to erosions, and variation in groundwater levels for the natural cases
whilst slopes steepening through construction, quarrying, building of houses, and farming along the
foot of mountainous zone correspond to the human component.
This Ph.D. thesis was carried out in the Liguria region, inside the Cinque Terre National Park.
This area was chosen due to its abundance of different types of landslides and its geological,
geomorphological and urban characteristics. The Cinque Terre area can be considered as one of the
most representative examples of human-modified landscape. Starting from the early centuries of the
Middle Ages, local farmers have almost completely modified the original slope topography through
the construction of dry-stone walls, creating an outstanding terraced coastal landscape (Terranova
1984, 1989; Terranova et al. 2006; Brandolini 2017). This territory is extremely dynamic since it is
characterized by a complex geological and geomorphological setting, where many surficial
geomorphic processes coexist, along with peculiar weather conditions (Cevasco et al. 2015). For
this reason, part of this research focused on analyzing the disaster that hit the Cinque Terre on
October, 25th, 2011. Multiple landslides took place in this occasion, triggering almost
simultaneously hundreds of shallow landslides in the time-lapse of 5-6 hours, causing 13 victims,
and severe structural and economic damage (Cevasco et al. 2012; D’Amato Avanzi et al. 2013).
Moreover, this artificial landscape experienced important land-use changes over the last century
(Cevasco et al. 2014; Brandolini 2017), mostly related to the abandonment of agricultural activity.
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It is known that terraced landscapes, when no longer properly maintained, become more prone to
erosion processes and mass movements (Lesschen et al. 2008; Brandolini et al. 2018a; Moreno-delas-Heras et al. 2019; Seeger et al. 2019).
Within the context of slope instability, the international community has been focusing for the last
decade on recognising the landslide susceptibility/hazard of a given area of interest. Landslide
susceptibility predicts "where" landslides are likely to occur, whereas, landslide hazard evaluates
future spatial and temporal mass movement occurrence (Guzzetti et al., 1999). Although both
definitions are incorrectly used as interchangeable. Such a recognition phase becomes crucial for
land use planning activities aimed at the protection of people and infrastructures. In fact, only with
proper risk assessment governments, regional institutions, and municipalities can prepare the
appropriate countermeasures at different scales. Thus, landslide susceptibility is the keystone of a
long chain of procedures that are actively implemented to manage landslide risk at all levels,
especially in vulnerable areas such as Liguria. The methods implemented in this dissertation have
the overall objective of evaluating advanced algorithms for modeling landslide susceptibility.

1.2. Structure of the thesis
The thesis has been structured in six chapters. The first chapter introduces and motivates the
work conducted in the three years of the project by including information about the research
objectives. The second chapter gives the basic concepts related to landslides, definition,
classification and causes, landslide inventory, along with the derived products: susceptibility,
hazard and risk zoning, with particular attention to the evaluation of landslide susceptibility. The
objective of the third chapter is to define the different methodologies, algorithms and procedures
applied during the research activity. The fourth chapter deals with the geographical, geological and
geomorphological features of the study area. The fifth chapter provides information about the
results of the applied methodologies to the study area: Machine Learning algorithms, runout method
and Bayesian approach. Furthermore, critical discussions on the outcomes obtained are also
described. The sixth chapter deals with the discussions and the conclusions of this research,
critically analysing the role of such work in the general panorama of the scientific community and
illustrating the possible future perspectives.

1.3. State-of-the-art
Cinque Terre is a terraced coastal landscape that is unique worldwide for its geological,
geomorphological and landscape characteristics. At the same time, singular are the issues that the
area experiences as a result of: i) social and economic changes that have taken place since the
2

middle of the last century, ii) changes due to anthropogenic modification, resulting in river culverts
in the terminal stretch of the main water bodies, iii) the massive tourist increment which, starting
from 2000, has led to a marked increase of risk conditions.
The construction, over the centuries, of dry-stone walls, initially has made it possible to obtain
new lands useful for vineyards and olive groves cultivations. Since the First World War, and
definitely after the end of the Second World War, the development and encouragement of industrial
activities accelerated the progressive abandonment by local farmers. The abandonment of terraced
territories determine erosion processes and land degradation. The outcome is the increase of hazards
with diffuse problems of instability and huge solid transport in the rivers (Brancucci and Paliaga
2006), especially following abundant/intense rainfalls (Tarolli et al. 2019).
In recent decades, phenomena with high intensity are manifested much more frequently also due
to a recognized climate change phase taking place on a planetary level (Seneviratne et al. 2012;
Watts et al. 2021). One of the most important events that profoundly marked this territory and the
local population was the event of October 2011. This event triggered hundreds of shallow landslides
which, once channelled, evolved into flows hitting the Monterosso and Vernazza hamlets.
From 2011 onwards, several researchers have been accomplished with a substantial increase in
scientific production. In particular, in ten years, about 35 papers have been published and two Ph.D.
theses on landslides susceptibility have been carried out. In particular, following the October 25th,
2011 event, a detailed inventory of geo-hydrological processes occurred in the Vernazza catchment
has been implemented and the relations between rainfall-induced shallow landslides and land-use
(with specific focus on the degree of abandonment of terraced areas) have been analysed (Cevasco
et al. 2012, 2013a). Afterwards, field surveys and engineering geological investigations, including
laboratory and in situ tests, were executed at various sites to assess the stratigraphic, hydraulic and
geotechnical features of the soil slope covers (Cevasco et al. 2013b). The distribution of the shallow
landslides was analysed with respect to the slopes, the bedrock lithology, the land uses and the
engineering geological setting. It was firstly noticed that the time since abandonment of terraces
played an important role in the occurrence of shallow landslides induced by rainfall (Cevasco et al.
2014).
A first susceptibility model was developed in the Vernazza catchment by using the Likelihood
Ratio (LR) function and simulation of landslide occurrence as response to land-use change was
performed (Galve et al. 2015). Results allowed to define guidelines for reducing landslide risk at
short term (applying structural measures over potentially unstable slopes) but also highlighted the
need for a long-term programme (promoting the development of agricultural or forestry practices on
terraced slopes). The issues related to the choice of proper geo-hydrological risk mitigation
3

measures and land management were also dealt with in a study performed in the Vernazza
catchment by Brandolini and Cevasco (2015). At the same time, efforts were made for enhancing
landslide susceptibility models at Vernazza applying, in particular, data-driven methods (Bordoni et
al. 2015). Thank to the availability of pre- and post-event Light Detection And Ranging (LiDAR)
data, it was possible to analyze in great detail the role played by human embankments (located
along channels, completely or partially destroyed during the event) in worsening the effects of the
flash flood that affected the Vernazza hamlet (Cevasco and Brandolini 2015).
However, identification and mitigation of landslide risk is still a challenging task for local
administrations and policy-makers, being the spatial-temporal prediction of such phenomena still
affected by large uncertainties. To this aim, landslide susceptibility assessment is fundamental to
improve the understanding of the occurrence of such phenomena (Brabb 1985; Gigli et al. 2014;
Lagomarsino et al. 2017). Many methodologies aim at assessing landslide susceptibility maps and
in recent years, a significant boost has been gained thanks to robust scientific advances, both among
numerical (Baum et al. 2008; Schilirò et al. 2018; Park et al. 2019) and statistical approaches (van
Westen et al. 2003; Yalcin et al. 2011; Goetz et al. 2015; Lombardo et al. 2016; Xiao et al. 2019).
The inventories employment of past landslides coupled with environmental factors can be used to
train statistical models (Ermini et al. 2005; Vorpahl et al. 2012; Segoni et al. 2015). No standard
susceptibility procedure has ever been established, hence making possible the exploitation of
numerous different algorithms and methodologies. Statistical landslide susceptibility methods have
been extensively applied in different settings, models and spatial scales (Felicísimo et al. 2013;
Trigila et al. 2015; Kornejady et al. 2017; Arabameri et al. 2019, 2021; Novellino et al. 2021).
Among the new statistical approaches, Machine Learning algorithms are more and more recurrent,
gaining new consideration. Many algorithms have been applied to landslide susceptibility maps, as
testified by wide scientific literature, such as Artificial Neural Network (Lee et al. 2004;
Abbaszadeh Shahri et al. 2019), Random Forest (Catani et al. 2013; Chen et al. 2019) and MaxEnt
(Lombardo et al. 2016; Kim et al. 2018).
Addittionally, with the aim of contributing to a better understanding of the relationships between
extreme events, climate change and geomorphic phenomena, in view of the risks that such
phenomena represent for both people and tourists, the response of coastal basins of easternmost
Liguria to severe rainfall over time and the time-scale at which changes on extreme rainfall events
occur was investigated (Cevasco et al., 2015). In particular, changes in storm erosivity and their
relationships with the occurrence and severity of DHEs (Damaging Hydrogeological Events) for the
period 1954-2011 were analysed. This study confirmed that the values of the October 25th 2011
event, both in terms of cumulative precipitation and rainfall intensity records, have never been
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achieved in the reference period. Furthermore, a more pronounced impulsive storminess was
observed after 1991, with erosivity exceeding in various years the one standard deviation in the last
two decades, and evidence of more frequent extreme events in recent times, with two rainfall events
with return periods higher than 100 years since 1980, indicated a potential increase in the frequency
of DHEs.
Effectively, rainfall-triggered landslides are notoriously dangerous phenomena capable of
causing serious damage and a notable death toll as well as important economic losses worldwide.
Shallow landslides usually occur on steep soil-mantled slopes (Dietrich et al. 1995; Guzzetti et al.
2008; Cevasco et al. 2014) as a consequence of heavy or intense rainfalls and often may evolve into
potentially catastrophic flow-like movements. The consequences of shallow landslides and flowlike phenomena are typically more dangerous in inhabited centres located at the foot of slopes,
where the hydrographic network is well developed, which can impact buildings and infrastructure
located in lowland areas, threatening people’s safety. Moreover, the consequences of incorrect
urban and land-use planning can be disastrous (Di Martire et al. 2012). These natural disasters
undoubtedly suggest the importance of improving existing urban planning tools, including also
runout analyses. The spatial and temporal hazard posed by flow-like movements is determined by
both source-related features (e.g., location and volume) and subsequent runout dynamics (e.g.,
travelled paths and distances; Fan et al. 2017). Therefore, in addition to the identification of
potential landslide source areas, it is crucial to investigate landslide runout (i.e., travel distance) and
incorporate it into landslide hazard or susceptibility assessments. For this reason, landslide
susceptibility zoning should include information about landslide source areas as well as downslope
areas that might be affected by mobilized materials. Unfortunately, most of the available landslide
zoning maps only examine susceptibility to landslide detachment, not considering transit and runout
analyses. These shortcomings have a great impact on final hazard models and urban planning.
In addition, researches in the Vernazza catchment progressed investigating the relationships
between landslide magnitude and land use conditions of agricultural terraced slopes. In particular,
LiDAR elevation data, coupled with aerial photo interpretation, were used for the computation of
shallow landslide mobilized volumes on terraced slopes affected by the intense rainfall event of
October 25th, 2011. It was found that abandoned terraced slopes have been affected by a higher
amount of mobilized debris volumes than still-cultivated terraces. In particular, terraces abandoned
for a short time (less than 25–30 years) resulted the most hazardous land-use class, showing erosion
rates that were approximately 2 and 3 times higher than terraced slopes abandoned a long time ago
(more than 25–30 years) and still-cultivated terraces, respectively (Brandolini et al. 2018a). New
researches on landslide susceptibility were performed in the Vernazza catchment by applying a
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data-driven method (Generalized Additive Model) and the elaboration of different land-use
scenarios were used to assess the influence of the land-use change on the landslides occurrence
(Persichillo et al. 2016, 2017a).
An original methodology, which enables risk assessments to be accomplished in fully
quantitative terms, integrating both physical and economic science techniques was then proposed
and applied to the Vernazza catchment (Galve et al. 2016). This risk assessment combined
geomorphological studies, probabilistic modelling and cost-benefit analyses. The cost-effectiveness
of several landslide mitigation measures applying the proposed procedure was analysed. The results
demonstrate that measures previously considered as suitable for mitigating shallow landslides were
inappropriate from the economic viewpoint. The applied techniques also served to optimize
economically the most appropriate mitigation measure for the study area.
Researches on landslide susceptibility developed also in the area of Monterosso, which was
heavily affected by the effects of the October 25th, 2011 event. In particular, after compiling a
detailed shallow landslide inventory and a specific land-use map for the Monterosso and some
neighbouring basins, a physically-based stability model (TRIGRS) was applied to reproduce the
landslide event was applied (Schilirò et al. 2017, 2018). Data from the October 25th, 2011 event at
Cinque Terre were included in a study which the main purpose was the comparison of three
different statistical techniques (least-squares linear fit, quantile regression and logistic regression)
used to determine the rainfall thresholds for shallow landslides occurrence in the Riviera Spezzina
area (Galanti et al. 2018). New studies on landslide susceptibility assessment through
probabilistic/statistical and physically-based methods were developed in the Vernazza catchment
(Raso et al. 2020a, Raso, Ph.D. thesis; Raimondi Ph.D. thesis). Other studies in the same area, using
data from the October 25th, 2011 allowed (i) to develop a new approach for defining and computing
a sediment connectivity index (Zingaro et al. 2019); (ii) to confirm the role played by the degree of
abandonment of terraces on shallow landslides distribution (Pepe et al. 2019); (iii) to evaluate the
influence of the choices made when compiling a rainfall-induced shallow landslide inventory on the
determination of susceptibility obtained by using generalized additive models (Persichillo et al.
2017b; Bordoni et al. 2020).
As regards the area of the Cinque Terre National Park, a lot of studies were conducted to
produce: (i) a comprehensive landslide inventory map (Raso et al. 2019a) and its interaction with
the trail network (Raso et al. 2019a); (ii) a new procedure for effective management of geohydrological risks across the “Sentiero Verde-Azzurro” (Giordan et al. 2020); (iii) a comprehensive
geomorphological map (Raso et al. 2020b). Furthermore, this dissertation discusses the different
advanced statistical techniques for landslide susceptibilities, such as Machine Learning and
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Bayesian models. In addition, being the current literature lacking and in the study region completely
unexplored, the landslide runout evaluation has been performed in order to predict areas potentially
concerned (further information in the next section).

1.4. Research objectives
The main objective of this study is to increase the slope instability state of knowledge. The
different outcomes were achieved through the implementation of advanced statistically-based
methods and the acquisition of new input data.
In particular, the research will focus on three case studies:
The first one is represented by the Monterosso al Mare case study, an area of about 5.5 km2.
Landslide susceptibility maps were produced using three different Machine Learning algorithms,
namely Artificial Neural Network, Generalized Boosting Model and Maximum Entropy. These
methods were subsequently “ensembled” to assess the proneness instability of the area. Moreover,
in order to compare the results obtained from all the ensemble models and to asses model
uncertainty, the coefficient of variation has been computed. In this way, the reliability of ensemble
models has been evaluated.
The second case study will consider the whole Cinque Terre National Park territory. In this case,
the adoption of a combined approach allowed to estimate shallow landslide susceptibility to both
detachment and potential runout. At first, landslide triggering susceptibility was assessed using
Machine Learning techniques. Then, a Geographical Information System-based procedure was
applied to estimate the potential landslide runout using the “reach angle” method. Information from
such analyses were combined to obtain a susceptibility map related to detachment, transit, and
runout.
Lastly, the Monterosso and Vernazza catchments were taken into account. In these case studies,
the Bayesian approach was investigated in order to examine the relation between landslide intensity
(how many landslides may occur per mapping unit) and the extent of landslides to generate maps
that predict the aggregated size of landslides per mapping unit, and the portion they may affect.
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CHAPTER 2: LANDSLIDES
2.1. Landslide definition and classifications
Landslides are one of the main natural hazards, for extent, impact on man-made infrastructures
and properties and number of casualties. Since 1988, the Centre for Research on the Epidemiology
of Disasters (CRED) has preserved the Emergency Events Database (EM-DAT) and every year it
publishes an “Annual Disaster Statistical Review”. In 2020, 389 natural disasters have been
recorded with 15080 deaths, 98.4 million people affected and 171.3 billion US$ in economic losses
worldwide. Apart from the COVID-19 pandemic, the year 2020 was dominated by climate-related
disasters. In comparison to the previous two decades (2000-2019), 2020 had a higher impact in
terms of several recorded events and economic losses. Floods were the most common disaster
worldwide, often associated with landslides. Obviously, landslides represent one of the most
impactful events affecting human activities and, globally, the costs of their exposure to hazard are
quite significantly relevant (Guzzetti, 2000; Battistini et al., 2013; Froude & Petley, 2018).
Although a large number of definition and classifications has been given in the literature for
landslides (Nemčok et al. 1972; Varnes 1978; Hutchinson 1988; Cruden 1991; WP/WLI 1991;
Cruden and Varnes 1996), a very simple one was proposed by (Varnes 1978): a downward and
outward movement of a mass of rock, debris, or earth down a slope, under the influence of gravity.
Considering the noteworthy increase of devastating landslide events, the UNESCO Working Party
on World Landslide Inventory claimed for an establishment of a detailed list of the World’s
landslides. One of the first assignments has been to establish a Working Party, to propose methods
of classifying the rates of landslides movement, their causes, the geology and activity and
distribution of movement within landslides (WP/WLI 1993). One of the most common
classifications for landslides is based on two terms: i) the first concerns the material involved, ii) the
second describes the type of movement (Varnes 1978). The landslide materials may be
geotechnically described as either rock (a solid and cemented aggregate of particles), soil (a
cohesionless aggregate of coarse-grained particles, i.e. debris, or fine-grained particles, i.e. earth).
As regards the movements, seven different types have been classified and depicted (Fig. 2.1):
-

Falls: abrupt displacements of geologic materials, such as rocks and boulders, that become
detached from steep slopes or cliffs. Separation occurs along discontinuities such as
fractures, joints, and bedding planes, and movement develops by free-fall, bouncing, and
rolling. Falls are strongly influenced by gravity, mechanical weathering, and the presence of
interstitial water.

-

Topples: mass movements of different materials consisting in a forward rotation about a
fulcrum point.
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-

Rotational slides: a slide in which the surface of rupture is curved concavely upward and
the slide movement is roughly rotational about an axis that is parallel to the ground surface
and transverses across the slide.

-

Translational slides: the landslide mass moves along a roughly planar surface with little
rotation or backward tilting.

-

Spreads: they usually occur on very gentle slopes or flat terrain. The dominant mode of
movement is lateral extension accompanied by shear or tensile fractures. When coherent
material, either bedrock or soil, rests on materials that liquefy, the upper units may undergo
fracturing and extension and may then subside, translate, rotate, disintegrate, or liquefy and
flow.

-

Flows: mass movements characterized by five basic categories that differ from each other.
a) Debris flow: is a form of rapid mass movement in which a combination of loose soil,
rock, organic matter, air, and water mobilize as a slurry that flows downslope. The main
characteristic of these phenomena is the presence of an established channel. Debris
flows are commonly caused by intense surface-water flow, due to heavy precipitation or
rapid snowmelt, that erodes and mobilizes loose soil or rock on steep slopes. Debrisflow source areas are often associated with steep gullies, and debris-flow deposits are
usually indicated by the presence of debris fans at the mouths of gullies. Moreover, fires
that denude slopes of vegetation intensify the slopes susceptibility to debris flows.
b) Debris avalanche: is a very rapid to extremely rapid shallow flow of partially or fully
saturated debris on a steep slope without confinement in an established channel. The
depositional landform constructed by debris avalanche is a laterally unconstrained
colluvial apron, difficult to interpret in terms of individual paths. Therefore, debris
avalanche term should be reserved for events that remain poorly channelled and without
a laterally bounded deposition landform. Moreover, also the water content is spatially
variable. Often, a relatively dry mass of debris may move on a thin, saturated basal layer
liquefied by over-riding.
c) Earthflow: have a characteristic “hourglass” shape. The slope material liquefies and runs
out, forming a bowl or depression at the head. The flow itself is elongated and usually
occurs in fine-grained materials or clay-bearing rocks on moderate slopes and under
saturated conditions. However, dry flows of granular material are also possible.
d) Mudflow: is an earthflow consisting of material that is wet enough to flow rapidly and
that contains at least 50 per cent sand-, silt-, and clay-sized particles.
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e) Creep: is the imperceptibly slow, steady, downward movement of slope-forming soil or
rock. Movement is caused by shear stress sufficient to produce permanent deformation,
but too small to produce shear failure. Creep is indicated by curved tree trunks, bent
fences or retaining walls, tilted poles or fences, and small soil ripples or ridges.
-

Complex landslides: consist of the composition of one or more types of movements, one
following the others.

Figure 2.1 Abbreviated version of Varnes’ classification of slope movements (Varnes 1978).

However, the importance of providing significant information concerning the age, the
mechanism and the style of the movement has been more and more acknowledged by earth
scientists and governments. Starting from the experiences of the various WP/WLI, and especially
within the WP/WLI of 1993, a glossary was drawn up on the terminology to be used to
unambiguously describe landslides. Such glossary provided a rationalization of the terms, starting
from Varnes classification, and finalized into the Cruden and Varnes classification of 1996. First of
all, just five of the former seven categories of typology of movement have been distinguished,
referring only to falls, topples, slides, flows and spreads, then including rotational and translational
slides into one category, and eliminating the complex typology.
Moreover, the state of activity, which describes, through geomorphological information, the
temporal evolution characteristics of a landslide, has been defined, selecting eight different types
(Fig. 2.2). Active landslides (Fig. 2.2,1) are those that are currently moving, including first-time
movements and reactivations (Fig. 2.2,3). Landslides that have moved within the last annual cycle
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of the season but that are not moving at the present are described as suspended (Fig. 2.2,2).
Inactive landslides (Figs. 2.2,5-8) are those whose last movement dates back to more than one
annual seasonal cycle. The inactive landslides can be further subdivided into the following states:
dormant (when reactivation is possible; Fig. 2.2,5), abandoned (when it is no longer influenced by
its original triggers; Fig. 2.2,6), stabilized (after natural or artificial protective measures; Fig. 2.2,7)
and relict (when it developed in a geomorphological and climatic condition completely different
from the actual situation; Fig. 2.2,8).

Figure 2.2 Scheme of the state of activity of a landslide, modified from (WP/WLI 1993). Profile section of topples with
different states of activity: 1) active: erosion at the toe of the slope causes the block to topple; 2) suspended: cracking in
the crown of topple; 3) re-activated: another block topples; 5) dormant: displaced mass begins to regain its tree cover
and scarps are modified by weathering; 6) abandoned: the fluvial deposition has protected the toe of the slope; 7)
stabilized: retaining wall protects the toe of the slope and 8) relict: uniform tree cover over a slope. State 4 (inactive)
comprehends states 5-8.

Another important task that has been defined by the (WP/WLI 1993) is the delineation of the
distribution of activity, which refers to how and where the landslide is moving (Fig. 2.3). An
advancing landslide (Fig. 2.3a) has the rupture surface extending in the direction of movement. In a
retrogressive landslide (Fig. 2.3b) the rupture surface is extending in the opposite direction to the
movement of the displaced material. If the rupture surface of the landslide is extending in two or
more directions the landslide is enlarging (Fig. 2.3c). In a diminishing landslide (Fig. 2.3d) the
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volume of displaced material is decreasing. The presence of a scarp, with no clearly visible rupture
surface of the displaced mass, is defined as a confined landslide (Fig. 2.3e). In a moving landslide
(Fig. 2.3f) the displaced material continues to move without any visible change in the rupture
surface and the volume of the displaced material. Lastly, a widening landslide (Fig. 2.3g) has the
rupture surface extending into one or both flanks of the landslide.

Figure 2.3 Profile section through landslides showing different distributions of activity: advancing (a); retrogressing
(b); enlarging (c); diminishing (d); confined (e); moving (f) and widening (g); from (WP/WLI 1993).

To conclude, also the style of a landslide activity has been defined and described, consisting of
the contribution of different movements within a single landslide and their relationship (Fig. 2.4). A
complex landslide (Fig. 2.4a) exhibits at least two types of movement (falling, toppling, sliding,
spreading and flowing) in temporal sequence. At least two types of movement simultaneously in
different parts of the displacing mass characterize a composite landslide (Fig. 2.4b). A successive
landslide (Fig. 2.4c) is the same as a nearby, earlier landslide, but does not share displaced material
or rupture surface with it. In a single landslide (Fig. 2.4d) there is only a single movement of
displaced material, whereas a multiple landslide (Fig. 2.4e) shows repeated development of the
same type of movement.
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Figure 2.4 Section through landslides showing different styles of activity (WP/WLI 1993): complex (a); composite (b);
successive (c); single (d) and multiple (e).

Finally, Cruden and Varnes (1996) introduced a velocity scale, rationalizing all the previous
scales. For a landslide, velocity is intended as the highest speed attained after the slope failure. The
velocity of mass movement is one of the most important aspects in landslide studies and it
represents a very important parameter for the risk assessment in hazardous areas. In Figure 2.5
seven classes of velocity and the related probable destructive significance have been identified.
They range from extremely rapid events the rate of which can exceed the speed of a running person
(5 m/sec) to extremely slow events (below 16 mm/year) which can be imperceptible without
appropriate instruments.
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Figure 2.5 The landslide velocity classification and the corresponding potential damage (Cruden and Varnes 1996).

It is worth mentioning that other classifications have been proposed in engineering geological
studies, starting from Balzer (1875) onward, but Varnes (1978), ideating a classification based on
the type of material involved and type of movement, has given a first modern approach.
Successively, Pierson and Costa (1987) focused their attention to classify the flow type landslide,
based on velocity and sediment concentration. Hutchinson (1988) proposed a geomorphological and
geotechnical approach, shown in Figure 2.6, and then the European Programme On Climate and
Natural Hazards, (EPOCH 1993) focused their efforts on classifying landslides based on the
European experiences and conditions. Dikau et al. (1996) suggested a classification of landslide
mechanisms compatible with Hutchinson (1988) and (EPOCH 1993), and finally, Hungr (2001)
analyzed and re-organized the flow-type landslides, based on the genetic and the morphological
aspects, and in the year 2014 attempted to revise several aspects of the well-known classification of
Varnes (1978), modifying the definition of landslide-forming materials and providing compatibility
with accepted geotechnical and geological terminology of rocks and soils, and in conclusion,
individuating 32 landslide types.
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Figure 2.6 Hutchinson classification of landslides (modified from Hutchinson 1988).

In this thesis, the Cruden and Varnes (1996) classification has been followed.

2.2. Landslides features
Regardless of the exact definition used or the type of landslide under discussion, understanding
the basic parts of a typical landslide is helpful. Figure 2.7 shows the position and the most common
terms used to describe the unique parts of a landslide.
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Figure 2.7 An idealized landslide showing commonly used nomenclature for labelling the parts of a landslide (from
Highland and Bobrowsky 2008).

Crown: the non-mobilized material still in place and adjacent to the highest parts of the main
scarp.
Main Scarp: a steep surface on the undisturbed ground at the upper edge of the landslide, caused
by movement of the displaced material away from the undisturbed ground.
Top: the highest point of contact between the displaced material and the main scarp.
Head: the upper parts of the landslide along the contact between the displaced material and the
main scarp.
Minor Scarp: a steep surface on the displaced material of the landslide produced by differential
movements within the displaced material.
Main Body: the part of the displaced material of the landslide that overlies the surface of rupture
between the main scarp and the toe of the surface of rupture.
Foot: the portion of the landslide that has moved beyond the toe of the surface of rupture and
overlaid the original ground surface.
Tip: the point of the toe farthest from the top of the landslide.
Toe: the lower, usually curved margin of the displaced material of a landslide, it is the most
distant from the main scarp.
Surface of Rupture: the surface which forms (or which has formed) the lower boundary of the
displaced material below the original ground surface.
Toe of the Surface of Rupture: the intersection (usually buried) between the lower part of the
surface of rupture of a landslide and the original ground surface.
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Surface of Separation: the part of the original ground surface overlain by the foot of the
landslide.
Displaced Material: material displaced from its original position on the slope by movement in
the landslide. It forms both the depleted mass and the accumulation.
Zone of Depletion: the area of the landslide within which the displaced material lies below the
original ground surface.
Zone of Accumulation: the area of the landslide within which the displaced material lies above
the original ground surface.
Depletion: the volume bounded by the main scarp, the depleted mass and the original ground
surface.
Depleted Mass: the volume of the displaced material, which overlies the rupture surface but
underlies the original ground surface.
Accumulation: the volume of the displaced material, which lies above the original ground
surface.
Flank: the undisplaced material adjacent to the sides of the rupture surface. Compass directions
are preferable in describing the flanks but if left and right are used, they refer to the flanks as
viewed from the crown.
Original Ground Surface: the surface of the slope that existed before the landslide took place.
Important as well is to define the landslide dimensions, as provided by WP/WLI (1993). In
Figure 2.8 the main characteristics are illustrated.
1. Width of the Displaced Mass: the width of the displaced mass, Wd, is the maximum width
of the displaced mass perpendicular to the length of the displaced mass, Ld.
2. Width of the Rupture Surface: the width of the rupture surface, Wr, is the maximum width
between the flanks of the landslide, perpendicular to the length of the rupture surface, Lr.
3. Total length: the total length, L, is the minimum distance from the tip of the landslide to the
crown.
4. Length of the Displaced Mass: the length of the displaced mass, Ld, is the minimum
distance from the tip to the top.
5. Length of the Rupture Surface: the length of the rupture surface, Lr, is the minimum
distance from the toe of the surface of rupture to the crown.
6. Depth of the Displaced Mass: the depth of the displaced mass, Dd, is the maximum depth of
the displaced mass, measured perpendicular to the plane containing Wd and Ld.
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7. Depth of the Rupture Surface: the depth of the rupture surface, Dr, is the maximum depth
of the rupture surface below the original ground surface measured perpendicular to the plane
containing Wr and Lr.

Figure 2.8 Landslide dimensions (modified from WP/WLI 1993).

2.3. Landslide causes
There are two primary categories of causes of landslides: natural and human-caused. Sometimes,
landslides are caused, or made worse, by a combination of the two factors. The natural occurrence
has three major triggering mechanisms that can occur either singly or in combination: 1) water, 2)
seismic activity and 3) volcanic activity. Effects of all of these causes vary widely and depend on
factors such as slope steepness, morphology or shape of the terrain, soil type, underlying geology,
and whether there are people or structures in the affected areas.
Slope saturation by water represents the main trigger for landslide activation; in particular, the
slope saturation by water is the primary reason (Iverson et al. 1997). Very often, this is an effect of
prolonged and intense rainfalls (Iverson 2000), snowmelts (Cardinali et al. 2000) or generally
changes in the groundwater levels, also along coastlines, earth dams, reservoirs and canals and
rivers. Steep wildfire-burned slopes often are landslide-prone due to a combination of the burning
and resultant denudation of vegetation on slopes, a change in soil chemistry due to burning, and
subsequent saturation of slopes by water from various sources, such as rainfall.
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Also, seismic activity increases the instability of mountainous areas, and consequently the
likelihood of slopes to landslide occurrence (Lombardo et al. 2019a). Earthquakes in steep
landslide-prone areas greatly increase the likelihood that landslides will occur, due to ground
shaking alone, liquefaction of susceptible sediments, or shaking-caused dilation of soil materials,
which allows rapid infiltration of water.
As a final point, the volcanic activity embodies one of the most destructive types of trigger for
landslides, whereas the lava can melt snow and ice, and facilitate flooding on the slopes of
volcanoes and surrounding mountains, generating the so-called lahars, volcanic debris flows (Scott
et al. 2005).
Populations expanding onto new land and creating neighbourhoods, towns, and cities are the
primary means by which humans contribute to the occurrence of landslides. Disturbing or changing
drainage patterns, destabilizing slopes, and removing vegetation are common human-induced
factors that may initiate landslides. Other examples include overstepping of slopes by undercutting
the bottom and loading the top of a slope to exceed the bearing strength of the soil or other
component material.

2.4. Landslide mapping and inventory
Landslide Inventory Map (LIM) is a fundamental tool for landslide hazard evaluation.
Inventories denote areas that are identified as having failed by landslide processes. A faithful and
detailed representation of landslide inventories is commonly reputed as an essential component to
generate reliable susceptibility maps (Ardizzone et al. 2002; Galli et al. 2008; Guzzetti et al. 2012;
Fressard et al. 2014; Steger et al. 2015, 2016).
To produce a reliable map that predicts the landslide hazard and risk in a certain area, it is crucial
to have insight into the spatial and temporal frequencies of landslides, and therefore each landslide
hazard or risk study should begin with a LIM that is as complete as possible in both space and time
(Corominas et al. 2014). The level of detail of these maps ranges from simple reconnaissance
inventory that only delineates broad area where landsliding appears to complex inventories that
depict and classify each landslide and involve the location, classification, volume, travel distance,
state of activity and date of occurrence of landsliding in an area (Fell et al. 2008).
For the aforementioned reasons, in recent literature, many researchers have examined the role of
landslide inventories on landslide susceptibility analysis (Ardizzone et al. 2002; Galli et al. 2008;
Guzzetti et al. 2012; Fressard et al. 2014). The latest innovative and interesting findings have been
introduced by Steger et al. (2016) and Bordoni et al. (2020). Steger et al. (2016) examined how
inventory-based positional inaccuracies affect the related landslide susceptibility maps. An increase
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in the positional error leads to an increased distortion of modelling and validation results. This first
study emphasizes how high predictive performance is necessary but not sufficient to obtain reliable
landslide susceptibility maps. In fact, the authors have proved that high AUC values can be reached
by susceptibility maps with poor geomorphic plausibility and the inclusion of a bias may enhance
the apparent predictive performance of a model if a predictor describes this bias.
Detailed and complete work has been conducted by (Bordoni et al. 2020). The main objective of
this study was to highlight possible differences in the reconstruction of susceptibility maps obtained
for the same study area, using different shallow landslides inventories criteria. In particular, three
scenarios were tested: i) maps created using inventories of events that occurred in different
moments in the same area; ii) different methods to identify shallow landslides according to different
detection techniques; iii) different criteria as regards shallow landslide inventories. The authors
argue that, for each considered study area, susceptibility models prepared using different inventories
have similar and good predictive capability, but the agreement between the models and the
distribution of susceptibility classes is fair. These results highlight the importance of the type of
input inventory used to create a susceptibility model, with consequent effects on the accuracy and
reliability of the realized maps.
The representation of a landslide can be achieved through a point or a polygon, according to the
scale of the map. An inventory can also include information on the past documented landslides
activity but does not provide any information about their temporal evolution, or the changes that
may have occurred with time (Parise 2001). This instrument embodies a good basis for the
preparation of derivative maps, such as landslide susceptibility or hazard maps.
LIM can be carried out using a variety of techniques. A recent overview of the methods used for
landslide inventory mapping is given by (Guzzetti et al. 2012). Visual interpretation of stereoscopic
imagery (either aerial photographs or very high-resolution optical satellite images) remains the most
widely used method and results in inventories of high resolution (van Westen et al. 2008) when
specific local conditions (such as vegetation limitations) are met and when it is carried out by expert
interpreters. Nowadays, the use of Google Earth data is a good alternative for many areas, and many
parts of the world are covered by high-resolution images which can be downloaded and combined
in GIS with a digital elevation model to generate stereoscopic images, which are essential in
landslide interpretation. One of the most important developments is the use of shaded relief images
produced from LiDAR DEMs, from which the objects (e.g. vegetation) on the Earth’s surface have
been removed, for the visual interpretation of landslide phenomena (Eeckhaut et al. 2007;
Ardizzone et al. 2007; Jaboyedoff et al. 2012)
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LIM using visual stereo image interpretation is a time-consuming task and requires extensive
skills, training and perseverance. In many cases, such skilled interpreters are not available, or
landslide inventories have to be produced within a short period after the occurrence of a triggering
event, requiring the application of automated detection methods based on remote sensing. (Stumpf
and Kerle 2011) provide complete overviews of the various remote sensing methods and tools that
can be used for (semi-)automated landslide mapping and monitoring. A large number of methods
make use of passive optical remote sensing tools, such as pixel‐based classification or change
detection from spaceborne images (Hervás et al. 2003; Mondini et al. 2011; Esposito et al. 2020), or
object‐oriented classification from spaceborne images (Martha et al. 2010; Rau et al. 2014).
Many methods used for landslide mapping and monitoring make use of digital elevation
measurements that may be derived from a wide range of tools, such as terrestrial photographs
(Travelletti et al. 2010), terrestrial videos, UAV‐based aerial photographs (Niethammer et al. 2011),
airborne stereophotogrammetry and spaceborne stereophotogrammetry (Martha et al. 2010b). Also,
the application of LiDAR data from both airborne laser scanning (ALS) and terrestrial laser
scanning (TLS) has proven very successful (Jaboyedoff et al. 2012). Apart from LiDAR, the most
useful tool for landslide inventory mapping and monitoring using remote sensing is in the InSAR
domain. Interferometric Synthetic Aperture Radar (InSAR) has been used extensively for measuring
surface displacements. Multi-temporal InSAR analyses using techniques such as persistent scatterer
(PS) InSAR (Ciampalini et al. 2016; Del Soldato et al. 2018; Guerriero et al. 2019) and small
baseline InSAR (Hooper 2008; Zhao et al. 2016) can be used to measure the displacements of
permanent scatterers such as buildings with millimetre accuracy, and allow the deformation history
to be reconstructed (Farina et al. 2006; Infante et al. 2019).

2.5. Landslide susceptibility, hazard and risk zoning
The information reported within LIMs represents crucial and preparatory data for every landslide
hazard or risk study since they facilitate the assessment of the spatial and temporal frequencies of
landslides along with their intensity, susceptibility and vulnerability (Fell et al. 2008).
A Landslide Susceptibility Map (LSM) subdivides the terrain into zones with differing
likelihoods that landslides of a certain type may occur. Landslide susceptibility assessment can be
considered the initial step towards a landslide hazard and risk assessment, but it can also be an end
product in itself that can be used in land-use planning and environmental impact assessment. As
landslide susceptibility maps primarily provide a proposed ranking of terrain units in terms of
spatial probability of occurrence, they do not explicitly convey information on landslide return
periods (Corominas et al. 2014).
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Landslide hazard refers to the probability of landslides occurrence of a particular type and
magnitude in a given location within a reference period (Guzzetti et al. 1999). Here magnitude
usually refers to size (volume) and velocity. Thus this concept differs from that of susceptibility in
that the former considers the magnitude of the event and, more importantly, it also considers the
frequency (temporal occurrence or recurrence) of landslides (Hervás and Bobrowsky 2009).
Unfortunately, the terms susceptibility and hazard are often erroneously used as synonyms, and
therefore many so-called landslide hazard maps are actually susceptibility maps, as they do not
consider the temporal dimension along with the spatial aspects in the evaluation of the future
landslide occurrence.
Landslide risk can be expressed as the probability of a hazardous phenomenon causing damage
or losses produced by landslides (Hervás and Bobrowsky 2009). Generally, the estimation of risk
involves the assessment of hazard (just defined), elements at risk (i.e., the population, proprieties
and economic activities in the area potentially affected by the landslides, Fell (1994) and their
vulnerability (i.e., degree of loss of an element or elements within the landslide-affected area, where
elements are the structures or persons within such area (Fell 1994). This kind of map is far less
common than susceptibility or hazard mapping. Evaluating landslide risk (particularly in a
quantitative term) is still a complicated task, especially because the information needed to precisely
estimate hazard and vulnerability may not be available (van Westen et al. 2006).
About the LSMs, in the past three decades, a large number of models have been proposed and
tested. Since landslide susceptibility assessment is a spatial evaluation, differences arise in the way
of selection of an appropriate terrain subdivision, namely of a “mapping unit” (Soeters and van
Westen 1996; Guzzetti et al. 2005) (see paragraph 2.5.1). Overviews of the methods available for
landslide susceptibility evaluation can be found in Fell et al. (2008) and Reichenbach et al. (2018).
The methods can be subdivided into two groups: qualitative (inventory-based and knowledgedriven methods) and quantitative (data-driven methods and physically-based models).
In knowledge-driven or heuristic approaches, the LSM is based on the opinion of an expert
geomorphologist who defines the weighted value for each environmental factor considered to be the
input for the landslide susceptibility zonation. The method is direct, as the expert interprets the
susceptibility of the terrain directly in the field, based on the observed phenomena and the
geomorphological/geological setting, usually by using Geographic Information System (GIS) tools.
Based on his/her expert knowledge on past landslide occurrences and their predisposing factors
within a given area, an expert assigns particular weights to certain combinations of factors, in fact,
these methods susceptibility is expressed in a qualitative form.
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The statistical approach is based on the assumption that future landslides are more likely to
occur under the same geological and geomorphological conditions that led to past slope instability,
for this reason, are also termed “data-driven”. The combination of these conditions are statistically
determined and, based on similar existing conditions, quantitative estimation of landslide
occurrences are generated for areas free of landslides (Soeters and van Westen 1996). The output
may be expressed in terms of probability. The statistical approach is of two types: bivariate or
multivariate. In bivariate statistical analysis, each causal factor map is combined with the landslide
distribution map and weighed values based on landslide densities are calculated for each causal
factor class (Süzen and Doyuran 2004; Yalcin 2008; Yalcin et al. 2011; Chen et al. 2018b).
Bivariate statistical methods are a good learning tool that the analyst can use to determine which
factors or a combination of factors play a role in the initiation of landslides. It does not take into
account the interdependence of variables, and it has to serve as a guide when exploring the dataset
before multivariate statistical methods are used (Corominas et al. 2014). On the other hand,
multivariate statistical models evaluate the combined relationship between a dependent variable
(landslide occurrence) and a series of independent variables (landslide controlling factors). In this
type of analysis, all relevant factors are sampled either on a grid basis or in slope morphometric
units. For each of the sampling units, the presence or absence of landslides is determined (Baeza
and Corominas 2001; Guzzetti et al. 2006; Kavzoglu et al. 2015).
Lastly, physically-based stability models are based on the modelling of the slope failure process.
The methods are only applicable over large areas when the geological and geomorphological
conditions are fairly homogeneous and the landslide types are simple (Corominas et al. 2014). Most
physically-based models that are applied at a local scale make use of the infinite slope model and
are therefore only applicable for the analysis of shallow landslides (less than a few metres in depth).
These models quantitatively produce a stability index by calculating the Factor of Safety (FS),
namely the ratio of resisting forces to driving forces. If the resisting force of slope materials,
whether consolidated bedrock or unconsolidated sediments, is considered as the shear strength of
the materials and the driving forces are considered as the predisposing causes. If the FS is less than
or equal to 1 (i.e., FS ≤ 1), the slope will fail because driving forces will equal or exceed the
resisting forces. If FS is significantly greater than 1, the slope will be quite stable. However, if FS is
only slightly greater than 1, small disturbances may cause the slope to fail. The advantage of these
models is that they are based on slope stability models, allowing the calculation of quantitative
values of stability, but, at the same time, the main drawbacks of these methods are the degree of
simplification involved, the need for large amounts of reliable input data and difficulties in getting
access to critical parameters such as the distribution of soil depths, the spatial variability of
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geotechnical and hydrological parameters (i.e., permeability, cohesion, etc.) or in simulating
transient slope hydrological processes such as macropore flows and temporal changes in hydraulic
properties.

2.5.1. Mapping units
A mapping unit is a portion of the earth surface that includes a set of properties different from
those recognisable across a definable boundary in the adjacent units (Hansen 1984; van Westen et
al. 1993, 1997). In susceptibility studies, the investigated area must be subdivided into mapping
units and the functional areas before the modelling phase. The latter will be used to define the area
where the stability prediction will be reproduced and estimated over each constituent mapping unit.
An important observation by Guzzetti et al. (1999) and Guzzetti et al. (2006) refines the
definition of mapping unit as a domain that maximises internal homogeneity and between-unit
heterogeneity. A large set of mapping units is proposed in the literature (Carrara et al. 1995; Soeters
and van Westen 1996; Guzzetti et al. 1999), each depending on the criteria adopted in partitioning
the area:
1) Grid cell
2) Terrain unit
3) Unique condition unit
4) Slope unit
5) Geo-hydrological unit
6) Topographic unit
7) Administrative boundary
Each of these units is characterised by advantages and disadvantages (van Westen et al. 1993;
Carrara et al. 1995; Guzzetti et al. 1999, 2006; Van Den Eeckhaut et al. 2005). However, only
limited literature is available on the influence of different partition units for susceptibility mapping
purposes (Carrara et al. 1995; Van Den Eeckhaut et al. 2009). The most used mapping units in
literature essentially pertain to the slope unit, unique condition unit, and grid cell types. Slope units
subdivide the area of interest into hydrological zones limited by divide and drainage lines (Carrara
1988; Carrara et al. 1991, 1995; Guzzetti et al. 1999) and can be obtained either manually or
automatically through specific programs. The automatic digitization of slope units is generally
preferred because of the low computational time, the objectivity of the procedure and the
reproducibility of the experiments. The first attempts in reproducing slope units from highresolution Digital Elevation Models (DEMs) date back to Carrara (1988) and Fairfield and
Leymarie (1991). Unique Condition Unit (UCU) represents a specific combination of different
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classes corresponding to a set of factors that are thought to be related to the landslide activation.
The procedure to obtain a UCU involves the primary selection of suitable predictors that are
subsequently reclassified into classes and ultimately crossed together to generate a set of unique
combinations. The literature is also plenty of studies that demonstrate the advantages of this
mapping unit, particularly when it is used to apply specific statistic techniques (Clerici et al. 2002;
Rotigliano et al. 2011; Poiraud 2014). The two aforementioned units partition the territory into
irregular polygons. Conversely, grid cell units subdivide the whole study area into squared cells of a
given side length. The applications of grid cell units are numerous and the principal reason for their
success is to be related to the often coincident structure between the grid representing the
discretised area and the raster structure of the predictors, making the research outcomes
straightforward for the operators (Lombardo et al. 2014). The grid cell and slope unit are the
mapping units adopted to carry out all the experiments described in this dissertation.
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CHAPTER 3: METHODS AND PROCEDURES
3.1. Predisposing factors
The modelling procedures have been supported throughout this research by including
independent variables obtained from terrain analysis. All morphometric variables were derived, in
the first case study, from a detailed Digital Terrain Model (DTM) produced by Friuli Venezia
Giulia Regional Administration a few days after the October, 2011 rainstorm event (5 x 5 m),
while, for the second and third analyses, all data were processed from a 10 x 10 m DTM provided
by the Liguria Region Administration in 2017 (https://geoportal.regione.liguria.it/). The landslide
susceptibility literature is rich in articles that adopted topographic attributes as causative factors for
shallow landslides. Below, a brief description of all environmental variables employed in this
dissertation will be given.
-

Slope steepness is one of the most relevant predisposing factors in landslide occurrence.
Slope values are inversely related to stability if soil cover thickness is not adequate. Thus, the
likelihood of a mass movement occurrence is positively correlated with slope, higher is slope
steepness higher is the probability of landslides detachment;

-

Slope aspect - indirectly impacts landslides because it influences hydrological processes
(e.g. evapotranspiration), such as the weathering, vegetation and root development (Capitani
et al. 2013; Abedini et al. 2017) and the concentration of water exposed to sunlight in the soil
(Sadr et al. 2014). The slope aspect is cyclic, with values 0 and 360 being coincident degree
measurements. A common way to treat cyclic data is to transform it by using trigonometric
function. A trigonometric transformation of aspect data is rather ’pure’ since it retains the
continuity of aspect. For these data, a cosine transformation measures southerliness-tonortherliness (-1 to 1, respectively), while a sine transformation measures westerliness-toeasterliness (-1 to 1, respectively), obtaining as a result northness and eastness (Lombardo et
al. 2020a);

-

The curvature function displays the shape or curvature of the slope. A part of surface can be
concave or convex, depending on the curvature value. The curvature is calculated by
computing the second derivate of the elevation. The output of the curvature function can be
used to describe the physical characteristics of a drainage basin to understand erosion and
runoff processes. Curvature values can be used to find soil erosion patterns as well as the
distribution of water on land. The Planform curvature (commonly called plan curvature) is
perpendicular to the direction of the maximum slope. Planform curvature relates to the
convergence and divergence of flow across a surface. A positive value indicates that the
surface is laterally convex at that cell. A negative plan indicates that the surface is laterally
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concave at that cell. A value of zero indicates that the surface is linear. On the other hand,
Profile curvature is parallel to the slope and indicates the direction of maximum slope: it
affects the acceleration and deceleration of flow across the surface. A negative value
indicates that the surface is upwardly convex at that cell, and flow will be decelerated. A
positive profile indicates that the surface is upwardly concave at that cell, and the flow will
be accelerated while a value of zero indicates that the surface is linear (Peckham 2011);
-

Topographic Wetness Index (TWI) is an important factor indicating the potential of runoff
generation and it is a proxy for the thickness of the soil saturation zone. For shallow
landslides, slope failure is facilitated by saturated soil conditions together with a soil layer of
sufficient thickness. TWI was calculated as (Beven and Kirby 1979) (Eq. 3.1):
𝐴

𝑇𝑊𝐼 = ln(tan(𝑆𝑙𝑜𝑝𝑒))

3.1

where A is the cumulative upslope area of a drainage basin through a point and tan(Slope) is
the angle of the slope at the same point. High index values indicate the great potential of
water accumulated due to low slope angles and high upslope contributing area;
-

TPI stands for Topographic Position Index, which is defined as the difference between a
central pixel and the mean of its surrounding cells (Wilson and Gallant 2000). The TPI
compares the elevation of each cell in a DTM to the mean elevation of a specified
neighbourhood around that cell. Positive TPI values represent locations that are higher than
the average of their surroundings, as defined by the neighbourhood (i.e. ridges). Negative
TPI values represent locations that are lower than their surroundings (i.e. valleys). TPI values
near zero are either flat areas (where slope is near zero) or areas of constant slope (where the
slope of the point is significantly greater than zero);

-

Stream Power Index (SPI) is a measure of the erosive power of flowing water computed as
(Moore and Wilson 1992) (Eq. 3.2):
𝑆𝑃𝐼 = ln(𝐴 tan(𝑆𝑙𝑜𝑝𝑒))

3.2

where A is the specific basin area, and the tan(slope) is the local slope gradient. SPI is a
proxy variable for the stream power or the energy of the flowing water expanded on the bed
and banks of a channel. As the catchment area and slope gradient increase, the amount of
water contributed by upslope areas and the velocity of water flow increase, hence SPI and
erosion risk increase. The units representing the SPI are dimensionless and the interpretation
of this parameter distribution corresponds to a general increase of energy of the water
flowing onto the topography as a function of the increase of the values that the parameter
expresses across the area (i.e., SPI shows the lowest values on and close to ridges, where the
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contributing area is relatively small, while it reaches higher values at the bottom of steep
valleys);
-

Relative Slope Position (RSP) indicates the location of each cell relative to the ridge and
valley of a hillslope. The slope position values ranging from 0 (bottom of the valley) and 1
(top of the ridge).

-

Distance to roads and distance to streams have been both estimated by using the Euclidean
distance method. Distance to stream is a crucial parameter that controls slope stability. In
fact, the proximity of the drainage structures could erode the foot of the slope and streams are
preferential ways where landslides can increase their mobility (Wistuba et al. 2015).
Similarly, landslides may occur on the road and on the side of slopes affected by roads,
representing a discontinuity in the slope profile. Also, ground excavation at the base and the
material accumulation on top of the slope may represent a hazardous factor (van Westen et
al. 2003);

-

As different studies demonstrated, the degree of abandonment of agricultural terraced slopes
represents an important landslide susceptibility factor in the study area, strongly influencing
the magnitude of rainfall-induced mass movements (Cevasco et al. 2014; Pepe et al. 2019).
In this thesis, special care has been paid to the recognition and mapping of both agricultural
terraces and non-terraced areas. In particular, using data from the previous study (Cevasco et
al. 2013a; Raso et al. 2020b), four classes were distinguished: 1) cultivated terraced areas, 2)
abandoned terraces with poor vegetation cover (initial state of abandonment), 3) abandoned
terraces with dense vegetation cover (advanced state of abandonment), 4) non-terraced areas
(including either urban areas, outcropping rocks and woods);

-

Land-use, because of its temporal and spatial variations, can greatly affect landslide
occurrence (Glade 2003). In particular, it controls landslide hazards and influences the
development of the spatial pattern of elements at risk (Promper et al. 2014; Gariano et al.
2018). The land-use role as a landslide PF is crucial for slope stability because the
development and utilization of the land affect the infiltration, surface runoff and vegetation.
The land-use map has been obtained from the Corine Land Cover project (CLC), released in
2018 by the European Environment Agency (https://land.copernicus.eu/pan-european/corineland-cover);

-

Lithological and structural variations often lead to a difference in strength and permeability
of rocks and soils. The importance of lithology in slope failure occurrences has widely been
accepted in the international literature (Ayalew and Yamagishi 2005; van Westen et al. 2008;
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Trigila et al. 2015; Segoni et al. 2020). Geo-lithological map was obtained thanks to the
Liguria region portal (https://geoportal.regione.liguria.it/catalogo/mappe.html);
-

Soil thickness, unfortunately, used only for the first case study, is a key parameter when
dealing with shallow landslides involving loose material and experiencing a sharp
permeability contrast at the soil-bedrock interface (Ho et al. 2012; Segoni et al. 2012; Kim et
al. 2015). The action of soil erosion, defined as the detachment and transportation of soil
material from one place to another through the action of wind, water in motion, or by the
beating action of the raindrops (Sharma et al. 2011), is also of primary importance. The soil
thicknesses have been estimated interpolating about 200 points in the catchment using a
Regression Kriging technique (RK, Hengl et al. 2007). These points were collected during
the field investigations in the study area with direct field observation. RK is a spatial
interpolation technique that combines the information derived by a deterministic description
of the spatial variability of a variable (a Machine Learning algorithm) and the interpolation of
the Machine Learning algorithm residuals with simple kriging to take into account the
stochastic part of the variability (Hengl et al. 2007). The use of ML method frees from the
responsibility of making specific assumptions about the response variable for linear
prediction and provides a better fit for complex non-linear relationships in the p+1dimensional space (where p is the number of predictors, (Hengl et al. 2017). The RK
procedure is mainly based on functions provided in the R package GSIF (Hengl 2016). RK
needs 50 unique point locations at least to perform the internal cross-validation procedure as
provided in the GSIF package.

3.2. Machine Learning modelling
Machine learning (ML), a subfield of artificial intelligence, is an application of artificial
intelligence that provides systems with the ability to automatically learn and improve from
experience. ML algorithms build a model based on sample data, known as "training data", to make
predictions or decisions without being explicitly programmed to do so (learn for themselves).
Typically, a random subset of the data is put aside for completely independent testing (“validation
dataset”). ML is ideal for addressing those problems where our theoretical knowledge is still
incomplete but for which a significant number of observations and other data are available. The
process of learning begins with observations or data, such as examples, direct experience, or
instruction, in order to look for patterns in data and make better decisions in the future based on the
examples that are provided. Within ML, there are two basic approaches: supervised learning and
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unsupervised learning. The difference between these two main classes is the existence of labels in
the training data subset.
Supervised learning algorithms involve predetermined output attributes besides the use of input
ones. The algorithm “learns” from the training dataset by iteratively making predictions on the data
and adjusting for the correct answer. It is also important to point out the learning process stops
when the algorithm achieves an acceptable level of performance. While supervised learning models
tend to be more accurate than unsupervised learning models, they require upfront human
intervention to label the data appropriately. The supervised learning algorithm can also compare its
output with the correct, intended output and find errors in order to modify the model accordingly. In
contrast, unsupervised learnings involve pattern recognition without the implication of a target
attribute. All the variables used in the analysis are employed as inputs and because of the approach,
the techniques are suitable for clustering and association mining techniques. That is, unsupervised
clustering algorithms identify inherent groupings within the unlabeled data and subsequently assign
a label to each data value. On the other hand, unsupervised association mining algorithms tend to
identify rules that accurately represent relationships between attributes.

3.2.1. (Supervised) Learning problem formulation
Before the particular algorithms are examined, it is needful to pose a learning problem and
present the matter more exhaustively, illustrating the landslide evaluation framework. The principal
purpose is to exploit the possibility of automating the process of landslide susceptibility mapping,
i.e. to make a plausible prediction of landslides spatial distribution by using ML techniques. The
expected automated procedure assumes that after the initial acquisition of the necessary spatial data,
an expert is presented with a (possibly small) representative region. Such a scenario supposes a
supervised learning approach in which the expert performs mapping in the representative region.
The algorithm subsequently uses that expert map for training, i.e. learning from instances of the
expert map by linking his interpretation with a set of Predisposing Factors (PFs).
Ultimately, after learning the mapping rule proposed by the expert, the algorithm extrapolates the
rule in the rest of the area and gives an automated prognosis of the spatial distribution of landslides.
Initially, the input data should be presented as 2D rasters of pertinent PFs (geological,
morphometric, environmental) and the appropriate Landslide Inventory map. The inventory is
theoretically required only for the training area, but it is usually provided for the remaining area for
the model evaluation. The input rasters are structured in the way that each grid element (pixel)
represents a data instance at a certain point of the area. The suggested approach leads to a
classification task. The task is to place each pixel into an appropriate landslide category using the
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PF values associated with that pixel. The training area size choice is very delicate and requires
specific strategies. On the one hand, an optimal approach is to build a sufficiently accurate model
with a smaller number of training examples, thus leading to a reduced engagement of the expert. On
the other hand, a practical value of a model in the landslide assessment framework lies in the
model’s prediction power, which implies a more meaningful training sampling strategy. Therefore,
it is desirable to have a training area that is physically separated from the testing area.
Building an ML model is not just about feeding the data, there is a lot of deficiencies that affect
the accuracy of any model. Overfitting, also referred to as random error or noise, in ML is one such
deficiency that hinders the accuracy as well as the performance of the model. It is the issue of
underperforming in the testing/validation set, while showing high performance in the training. In
other words, it is a paradox of reduced performance while having increased complexity of the
model or a bigger amount of data to build the model with. It might emerge when a machine has
been taught to scan for specific data, but when the same process is applied to a new set of data, the
results are incorrect. This is because of errors in the model that was built, as it likely shows low bias
and high variance. The model may have had redundant or overlapping features, resulting in it
becoming needlessly complicated and therefore ineffective. There are several techniques to avoid
overfitting in ML, in this thesis, have been basically employed Cross-Validation and Ensembling
(see paragraph 3.2.3).
One of the most powerful features, probably the most efficient, to avoid/prevent overfitting is
Cross-Validation. The idea behind this is to use the initial training data to generate mini trainingtesting-splits, and then use these splits to tune the model. In a standard k-fold validation, where k,
also referred to as folds, stands for the number of partitions of the training split and therefore also
represents the number of iterations. In the first run, one partition is taken for validation, also known
as holdout fold, while k-1 partitions are merged for training. In every subsequent iteration, different
splits take the validation role, while the remaining k-1 splits take the training role until all k
iterations are finished. If one seeks the optimal parameter combination, the Cross-Validation needs
to be repeated for each parameter configuration.
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Figure 3.1 A k-fold Cross-Validation scheme. The black rectangles represent the testing data, wherein the remaining
parts represent training one.

3.2.2. Spatial Distribution Model (SDM)
Spatial Distribution Models (SDMs) are widely used to predict and study occurrences
distributions. Many different methods and associated algorithms are used and continue to emerge
(Elith et al. 2020). SDMs aim is to estimate the similarity of the conditions at any site to the
conditions at the locations of known occurrence of a phenomenon. In SDM, the following steps are
usually taken: i) locations of occurrence of a phenomenon are compiled; ii) values of environmental
predictor variables at these locations are extracted from spatial databases; iii) the environmental
values are used to fit a model to estimate similarity to the sites of occurrence; iv) the model is used
to predict the variable of interest across the study region. SDMs can be fitted to a range of data
types, the application of Presence-Only (PO) and Presence-Background (P-Bg) models are very
common, contrary Presence-Absence (PA) ones.
Nowadays, SDMs are widely used among statistical methods and ML algorithms (Yilmaz 2010;
Lombardo et al. 2016; Di Napoli et al. 2020). Fit and evaluation of SDMs is often achieved through
Cross-Validation; that is, using subsets of the data iteratively for either training and fitting the
model or for evaluating (Hijmans 2012; Roberts et al. 2017). SDMs are sensitive to the quality of
training data. Different training data may lead to significant changes in the derived landslide
susceptibility maps (Arnone et al. 2016; Steger et al. 2016; Bordoni et al. 2020). When performing
any PA predictive algorithm, one of the principal steps is represented by the selection of locations
where instability and stability conditions are expressed (Conoscenti et al. 2016; Hong et al. 2019;
Pourghasemi et al. 2020). The quality of landslide presence data is relatively more acceptable
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because it is sampled based on the landslide inventory, which is often executed through the
interpretation of aerial photographs with field checks (Zhu et al. 2018). The quality of landslide
absence data is arguable. The landslide absence data is not available and has to be generated from
landslide free areas that have no history of landslide events in the past. The landslide absence data
are sampled either from the safe areas delineated by expert knowledge or from the areas beyond the
buffer zones of the landslide sites (Conoscenti et al. 2016; Hong et al. 2019).
However, these sampling strategies have two critical shortcomings. Firstly, these sampling
strategies have no uniform standard in partitioning the landslide free areas, making the sampling of
landslide absence difficult to implement (Hirzel et al. 2002; Anderson et al. 2003; Guo et al. 2005;
Yao et al. 2008; Zhu et al. 2018). Secondly, these landslide free areas could contain sites very
susceptible to landslides but have not yet failed in the past simply because of the lack of triggering
factors. Sampled based on these false landslide free areas, the quality of landslide absence data is
decreased as well as the whole training data, resulting in many unconfirmed assumptions and false
performance of models (Hirzel et al. 2001; Zaniewski et al. 2002). Hence, although PA data are
desirable for evaluation (El-Gabbas and Dormann 2018) they are very often not available.
Due to the low availability of landslide absence data, some PO methods simply use landslide
presence as training data to develop the relationships between landslide susceptibility and PFs
(Wang et al. 2015; Steger and Glade 2017; Novellino et al. 2021). A problem with PO data is that
they can be spatially biased with some areas sampled intensively and others not at all (Reddy and
Dávalos 2003; Hortal et al. 2008; Amano and Sutherland 2013; Isaac and Pocock 2015) and thus,
may not be representative of the distribution of the occurrence in the study area. When evaluating
with PO or P-Bg data, such biases remain, thus wrongly emphasising the suitability of some
environments and under-reporting the suitability of others. A model trained and evaluated with
biased PO or P-Bg data may appear to perform well, although it does not produce meaningful
predictions of the true distribution (El-Gabbas and Dormann 2018).

3.2.3. Ensemble modelling
The principle of “the wisdom of the crowd” shows that a large group of people with average
knowledge on a topic can provide reliable answers. The aggregate results cancel out the noise and
can often be superior to those of highly knowledgeable experts (Kittur 2007). The same rule can
apply to ML techniques. Ensemble Methods (EMs) are algorithms that combine several ML
techniques into one predictive model to decrease variance (i.e., the model is very sensitive to the
provided inputs - bagging), bias (i.e., the model relies heavily on one or a few variables while
making a prediction - boosting), or improve predictions (one model or one algorithm to fit the entire
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training data might not be good enough to meet expectations - stacking). This approach allows the
production of better predictive performance compared to a single model.
Ensemble methods fall into two broad categories, i.e., sequential ensemble techniques and
parallel ensemble techniques. Sequential ensemble techniques generate base learners in a sequence,
e.g., Gradient Boosting. The sequential generation of base learners promotes the dependence
between the base learners. The performance of the model is then improved by assigning higher
weights to previously misrepresented learners. In parallel ensemble techniques, base learners are
generated in a parallel format, e.g., Random Forest. Parallel methods utilize the parallel generation
of base learners to encourage independence between the base learners. The independence of base
learners significantly reduces the error due to the application of averages. Most EMs use a single
base learning algorithm to produce homogeneous base learners, i.e. learners of the same type,
leading to homogeneous ensembles. Some methods use heterogeneous learners, i.e. learners of
different types, leading to heterogeneous ensembles. For EMs to be more accurate than any of its
members, the base learners have to be as accurate as possible and as diverse as possible.
Bagging stands for bootstrap aggregation. It increases the accuracy of models through the use of
decision trees, which reduces variance to a large extent. The reduction of variance increases
accuracy, hence eliminating overfitting, which is a challenge to many predictive models.
Bootstrapping is a sampling technique where samples are derived from the whole dataset using the
replacement sampling procedure, aiding the randomized selection procedure. Aggregation in
bagging is done to incorporate all possible outcomes of the prediction. Without aggregation,
predictions will not be accurate because all outcomes are not put into consideration. Bagging is
advantageous since weak base learners are combined to form a single strong learner that is more
stable than single learners. One limitation of bagging is that it is computationally expensive.
Boosting is an ensemble technique that learns from previous predictor mistakes to make better
predictions in the future. The technique combines several weak base learners to form one strong
learner, thus significantly improving the predictability of models. Boosting works by arranging
weak learners in a sequence, such that weak learners understand from the next learner in the
sequence to create better predictive models.
Stacked Generalization or Stacking is an ensemble learning technique that combines multiple
classifications or regression models. Unlike bagging, in stacking, the models are typically different
(e.g. not all decision trees) and fit on the same dataset (e.g. instead of samples of the training
dataset). Unlike boosting, in stacking, a single model is used to learn how to best combine the
predictions from the contributing models (e.g. instead of a sequence of models that correct the
predictions of prior models). The architecture of a stacking model involves two or more base
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models, often referred to as level-0 models, and a meta-model that combines the predictions of the
base models referred to as a level-1 model. Level-0 Models (Base-Models) fit on the training data
and whose predictions are compiled; while, Level-1 Model (Meta-Model) learns how to best
combine the predictions of the base models. Hence, Stacking learns how to best combine the
predictions from multiple well-performing ML models.

3.2.4. Algorithms
In the following sections, the different ML algorithms exploited in this dissertation were
presented. All ML algorithms are included in the package “biomod2” implemented by Thuiller et al.
(2009) and all statistical calculations have been developed in free statistical software R (R Core
Team 2021). ML models can be split into two different algorithms classes: generative and
discriminative. The generative model is considered a class of statistical models that can generate
new data instances. This model is typically used to estimate probabilities, modelling data points and
distinguish between classes based on these probabilities. As they often rely on the Bayes theorem,
generative models can tackle a more complex task than analogous discriminative models.
Generative modelling is used in unsupervised machine learning as a means to describe phenomena
in data, enabling computers to understand the real world. On the other hand, a discriminative
model refers to a class of models used in statistical classification, especially in supervised machine
learning. Also known as conditional models, generative modelling learns the boundary between
classes or labels in a dataset. Hence, generative models try to model how data is placed throughout
the space, while discriminative models attempt to draw boundaries in the data space.
In this thesis, two different discriminative ML algorithms (i.e., Artificial Neural Network and
Generalized Boosting Model) and one generative ML model (i.e., Maximum Entropy) have been
adopted, all well-known for their good performance (Elith et al. 2006).

3.2.4.1. Artificial Neural Network
Artificial Neural Network (ANN) is an attempt to simulate the network of biological neurons
that make up a human brain so that the computer will be able to learn things and process
information (Zurada 1992; Chen et al. 2017). ANN algorithm uses different layers of mathematical
processing to find relationships between response and predictor variables. Typically, a neural
network has dozens of artificial neurons, called units, organized in sequences of layers. The input
layer contains the predictor data. From the input, data go through one or more hidden layers
containing several unit neurons. The hidden unit’s job is to transform the input into something the
output unit can use. On the other side of the network, there are the output units, i.e., the response
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variable. Connections between nodes and hidden layers may be characterized by specific weights
that can be randomly assigned at the beginning of the process (the higher the weight, the greater
influence one unit has on another), and later updated for algorithm optimization employing backpropagation processes (Pijanowski et al. 2002). The neurons in each hidden layer represent different
combinations of the environmental variables balanced by the weights’ sum of the previous neurons
(Peh et al. 2000) (Eq. 3.3):
𝑝

𝑐𝑗 = ∑

𝑖=1

𝑤𝑖𝑗 𝑥𝑖

3.3

where wij is the weight from neuron i in the input layer to neuron j in the hidden layer, xi is the i-th
input element and p is the number of neurons in the input layer. This calculation is performed for
each neuron in the hidden layer. At each neuron, if the weighted sums coming from the previous
layer neurons is higher enough for a so-called “activation function”, then that specific neuron, i.e. a
specific combination of the input variables, is turned on and the signal passes to the following layer
neurons up to the output layer. There are many different forms of activation functions and a
commonly used one is the logistic function, which produces a sigmoid curve with an outcome
between 0 and 1 (Peh et al. 2000) (Eq. 3.4):
𝑜𝑗 =

1
1+exp(−𝑐𝑗 )

3.4

where oj is the output of the j-th node in the hidden layer. The outcome of the activation function is
then passed to the output layer.

3.2.4.2. Maximum Entropy
MaxEnt stands for Maximum Entropy modelling. MaxEnt is a presence-only ML method
(Phillips et al. 2006), and, because is one of the most efficient and powerful algorithms in predicting
event’s spatial distribution, currently it is one of the most popular algorithms for presence-only
datasets. This algorithm relies on the assumption that the best model to represent the true
distribution is the one maximising the system entropy. Maximising the entropy means that the best
model is the one with the maximum uncertainty about event’s probability of occurrence. This
means that the model has no starting hypothesis and all the combinations of predictor variables can
trigger the studied event. This strategy ensures to remove any bias from the predictions.
This algorithm compares the observed Probability Density Functions (PDFs) of environmental
factors at the event’s occurrence sites (i.e., landslides locations or presence) with the PDFs of the
same variables of a remaining landscape’s random sample (Elith et al. 2011). Generally, it is
necessary a very large sample of the study area (at least 10000 point locations) and these points are
called background samples. MaxEnt algorithm assesses the predicted (actual) PDFs of
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environmental variables characterizing the events that approximate the PDFs on the landscape, i.e.
by maximizing the entropy of information. This maximized entropy model produces information to
predict the event occurrence probability at unsampled locations. MaxEnt then calculates the ratio
between these two probability densities, which gives the relative “environmental suitability” for the
presence of an event for each location in the study area (the landscape) (Elith et al. 2011, Eq. 3.5):
Pr(𝑦 = 1| 𝑧) = 𝑓1 (𝑧) Pr(𝑦 = 1) /𝑓(𝑧)

3.5

Equation 5 shows that if the PDF of the environmental variables at the presence locations is known,
f1(z), along with the density of the same variables across the study area f(z), it then only needs
knowledge of the prevalence (proportion of occupied sites) Pr(y = 1) to compute the event’s
occurrence probability at unknown locations.
The main theoretical MaxEnt principle is that at the sampling locations the event is more
associated with particular combinations of the predictor variables than others, then the probability
of the event to occur at unsampled locations is higher when those variables combinations that are
most frequent at the sampling locations are found. The newly created distribution represents a set of
probability values.

3.2.4.3. Generalized Boosting Model
Gradient Boosting Models (GBMs) are a family of tree-based algorithms characterized by very
high predictive performance for continuous and categorical response variables. A GBM produces
many decision trees which are combined to provide one ensemble (combination) model by means of
an iterative (repeated) procedure. These algorithms can be finely tuned by using different kinds of
parameters. The side effect of this high tuning opportunity is that the researcher has to master
parameters' tuning operations. Given X as the matrix of some predictor variables and Y as the values
of a response variable, a simple decision tree starts from its root to splitting dichotomously
(nominal variable with only two modes, e.g. yes or not) the values of some randomly-chosen
predictor variables into subsequent nested-smaller clusters. This splitting produces some branches,
and it continues until identifying combinations of X values resembling those characterizing the
observed Y. The X values are not to be split, until perfectly identifying the predictor values
associated with the observed Y values, in order to avoid overfitting (i.e. a model standing too much
on observations) and to create a model with predictive ability. A single decision tree is called “a
weak learner” and a GBM algorithm is based on the idea that a combination of many “weak
learners” has a higher predictive performance than a single “strong learner”.
Indeed, a GMB algorithm starts by building a first decision tree relying on a random subset of X
variables and then by measuring its performance in predicting the observed Y values. The algorithm
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carries on new different subsequent decision trees and a new tree is added to the previous one only
if improving the predictive performance of the ensemble model. To reduce the overfitting issue, the
best trees’ ensemble model is the one minimizing a “loss function”, which is represented by a
combination of the model’s prediction errors and complexity (i.e. the number of trees) (Knoll et al.
2019). The loss function (L) can be represented as follows (Eq. 3.6):
𝐿 = ∑𝑖 𝑙(ý𝑖 − 𝑦𝑖 ) + ∑𝑘 𝛺(𝑓𝑘 )

3.6

where the first term (namely, training loss) measures the difference between a predicted value
achieved by the score at the terminal node (ýi) and its corresponding observed value (yi) in the
training dataset; while, the second one (i.e., regularization) represents the complexity of the model.
The algorithm self-calibrates in order to choose the model with the best predictive performance
(low loss term) and the lowest overfitting (low regularization term). To do this, the algorithm runs
“n” times (iterations) until the aforementioned conditions are achieved.

3.3. Runout Modeling
During the Ph.D. project, beyond the implementation of data-driven models to evaluate
detachment landslide susceptibility, a geometrical approach was applied to estimate the landslide
runout susceptibility. The first experiences on runout evaluation were made by Heim (1932) and
Terzaghi (1950). Calculating the runout of mass movements and understanding their rapidity are
basic elements of any landslide hazard or risk assessment (Hungr et al. 2005). In this thesis, the
Landslide Runout Susceptibility (LRS) assessment was performed adopting the geometrical method
of the “reach angle” (Hsu 1975), also known as “fahrböschung” (Heim 1932), which is one of the
most used empirical approaches to evaluate landslide mobility. The main parameters used in this
approach are shown in Figure 3.2. Runout distance (L) is defined as the horizontal projection of the
line (straight line) that connects the highest point of the landslide source area with the landslide
deposit toe; slope height (H) represents the difference in elevation between the landslide crown and
the farthest edge of the displaced mass, while θ is the slope angle before the failure occurrence
(Corominas 1996). The model assumes that the landslide will arrest at the intersection point of the
straight line with the topography. The intersection of the straight line with the topographic surface
provides both H and L (Corominas et al. 2003), from which the reach angle (α) can be determined.
Corominas (1996) demonstrated that the reach angle depends on the landslide volume, the type of
movement and topographic constraints along the path. Moreover, the runout behaviour of flow-like
landslides can be controlled by several factors, such as land use, soil properties, local morphology
and water content. Therefore, it is not easy to determine the runout path and the travel distance for
future debris flows (Guinau et al. 2007).
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Figure 3.2 Graphical representation of the “reach angle” method (from Sarno Basin Authority, 2011), modified and
redrawn): α: reach angle; H: height difference (m) between the landslide source area (i.e., landslide crown) and the
farthest edge of the landslide deposit; L: travel distance (m).

3.4. Bayesian Computing
Following the application of data-driven algorithms and reach angle method, further analyses
have been conducted. In particular, Bayesian algorithm was exploited to obtain the so-called
landslide intensity (Lombardo et al., 2018), which corresponds to how many mass movements may
occur per mapping unit. Moreover, recent studies have been demonstrated that the intensity is
closely correlated to the planimetric extent of landslides per mapping unit (Lombardo et al., 2020).
Considering these observations, the relation between landslide intensity and planimetric extent was
applied to generate maps that predict the aggregated size of landslides per mapping unit and the
portion they may affect (see section 5.3).

3.4.1. Spatial Point Process fundamentals
The occurrence locations of the landslide events represent the response variables that have to be
modelled and predicted. Because they are unknown before the phenomena occur, they are treated as
random. The natural distribution for representing a random points collection over continuous space
is through Spatial Point Processes, whose realizations are point patterns. Even if occurrence
locations are random they may be more or less limited in a specific region, showing clustering or
repulsion properties at small scales. In the landslide framework, the modelling of clustering
structures due to unobserved effects (in our case the precipitation trigger) is of great importance.
The principal point process peculiarity is its intensity λ(s) ≥ 0. The intensity may be interpreted as
the expected number of points falling into an infinitesimal region around the location s. More
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precisely, the count of events occurring in area A is a non-negative random variable N(a) ≥ 0, whose
expectation is given by the integral of the intensity function over A, i.e., 𝐸(𝐴) = ∫𝐴 𝜆(𝑠)𝑑𝑠.
The fundamental point process model is the Poisson point process, which is characterized by two
probabilistic properties: i) the number of events N(A) occurring in a bounded area A follows the
Poisson distribution; ii) if A1 and A2 denote two disjoint areas of space, then N(A1) and N(A2) are
independent. In other words, the events are randomly scattered over space, yet according to the
Poisson distribution defined in terms of a deterministic intensity λ(s) that may vary spatially. This
probabilistic framework based on point processes is much richer than the dichotomous presenceabsence setting for specific areal units, fixed a priori, either based on a fine-scale regular grid (at
pixel resolution) or larger-scale administrative or geological areal units (such as slope units or
catchments). In classical data-driven landslide modelling, estimation and prediction are tailored to
the concept of susceptibility, whereby areal units hit by landslides are contrasted to a random
selection of unaffected units. Through its capability to provide probabilities of the type for any area
A, the modelling paradigm may be used to derive susceptibility maps in the traditional sense, but it
also gives valuable additional information on the point intensity over space and probabilities and
any areal unit A.
When allowing for such random components in the intensity functions λ, the resulting stochastic
model for the observed point pattern is called a Cox point process (Cox 1965). In other words,
conditional on Λ(s) = λ(s), it is possible to achieve Poisson point process with intensity λ(s).
Through their stochastic construction, Cox point processes are natural models for capturing
clustering of points, i.e., the fact that even after taking into account the effect of observed covariates
in the Poisson intensity, there remain areas with relatively higher or lower point intensity. In such
cases, the point pattern shows clustering structures that cannot be fully explained by the available
covariates; however, this may be modelled by assuming that the intensity function is random and
contains a latent spatial effect that governs the remaining variation of the intensity over space. The
Gaussian process is the workhorse of spatial statistics, while the log-Gaussian Cox process has risen
as its counterpart for modelling point patterns. More specifically, the Poisson intensity Λ(s) is
assumed to be a log-Gaussian process, allowing for the inclusion of fixed and random effects,
obtaining Log-Gaussian Cox Process (double stochastic construction, Lombardo et al. 2018, and
reference therein). More precisely, the log-intensity log{Λ(s)} is described as a Gaussian random
field, in which fixed covariate effects and random effects are embedded through an additive
structure (see paragraph 3.3.3).
Among the random effects one can include categorical covariates or properties represented by
discrete classes each one independent from the others, and model them as iid (or independent and
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identically distributed) effects. Additionally, one can model ordinal covariates or properties
represented by discrete classes which retain an ordinal structure (hence from small to large
corresponding values per class). Ordinal covariates can be modelled accounting for adjacent-classdependence by using a random walk function of the first order (rw1) between class estimations
(Bakka et al. 2018; Lombardo et al. 2018). Furthermore, one can model covariates expressed at a
latent level, either in space, in time or both (Lombardo et al. 2020a). This concept in the
geomorphological literature has been introduced by Lombardo et al. (2018). The idea behind it, and
in the context of the present thesis, assumes that the covariates may not express the whole
variability in the landslide distribution over space. In other words, there is virtually always an
unexplained but still spatially structured component that is hardly accounted for in landslide
susceptibility studies. This component or missed covariate or Latent Spatial Effect (LSE), can
reflect the spatial signal of the trigger for event-specific inventories (Lombardo et al. 2019b) or any
other unaccountable effects for which we do not have explicit data, in the case of geomorphological
inventories.
The LSE can be computed by using a Besag model (Besag 1975; Blangiardo and Cameletti
2015). But, there is a large literature available on the calculations of latent covariates, both over
space and time, offering valid alternatives such as spde models (Bakka et al. 2018). Irrespective of
the specific model, when it comes to the estimation of latent covariates, the core idea is that any
predictive model, be it physically- or statistically- based, produces a distribution of residuals
between the prediction estimates and the observation. This concept is valid also for susceptibility
models. In advanced spatial statistical applications, these residuals are evaluated over space, and
whether they are non-randomly geographically distributed, their signal can be captured and
reintegrated in the modelling procedure as a covariate acting at a latent level (Bakka et al. 2018).
Simply computing the residuals and re-introducing them would inevitably lead to overfitting issues
and misinterpretation of the results; for this reason, solutions have been proposed inspired by
concepts such as smoothed residuals (Baddeley et al. 2005).
In this thesis, being the space partitioned into SUs, it is opted to implement a latent spatial effect
that is driven as a function of neighbouring mapping units. In practice, a moving window through
space returns the average residual per SU from all the adjacent SUs (which share a border in the
corresponding shapefile) and adds for each SU a random error component (ε). In this way, one can
retrieve the effect of unexplained covariates and drive modelling performance strength from its
inclusion in the model itself. Moreover, a model without a spatial latent effect will tend to naturally
“trust/rely” any effect or dependence carried by the chosen set of covariates. This inevitably leads to
credible intervals which are narrower than they theoretically are. The estimation of the residual
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spatial dependence in the data and its inclusion in the model via spatial latent effects also helps in
avoiding this issue of biased credible intervals. In fact, as the model is informed of spatially
structured dependencies, this information is taken away from the other covariates allowing for a
more precise estimation of the uncertainty in their effects (Lombardo et al. 2020a).

3.4.2. Bayesian modelling
In this paragraph, the general idea of fully Bayesian modelling is recalled. The aim is to
simultaneously estimate the latent intensity function and more specifically its components such as
the coefficients of the fixed covariate effects and random effects, if present. Moreover, a relatively
small number of so-called hyperparameters governing the smoothness and variance of the random
effects is also calibrated automatically. Bayesian inference was summarised as the posterior
probability of a hypothesis (probability of parameters given data - π(θ|data)) being equal to the
likelihood function (probability of data given parameters/hypothesis - π(data|θ)) multiplied by the
prior probability (prior belief in parameters - π(θ) all normalized/divided with the probability of the
data (π(data)).
In general, prior distributions allow incorporating expert knowledge and can help stabilise
estimated models when these have a very complex structure and/or when data are very noisy.
Bayes’ famous Theorem indicates how can construct posterior distributions (densities, expected
values, etc.), i.e., parameter estimates and precise probabilistic uncertainty statements, by
confronting prior information with observed data. Hence, the object of interest is the posterior
distribution π(θ|data), which can be found using Bayes’ Theorem as (Eq. 3.7):
𝜋(𝜃 |𝑑𝑎𝑡𝑎) =

𝜋(𝑑𝑎𝑡𝑎 |𝜃)𝜋(𝜃)
𝜋(𝑑𝑎𝑡𝑎)

3.7

Therefore, the Bayesian algorithm is able to wander from the specification of “data distribution
given the model parameters and their prior information” to the estimation target corresponding to
the “distribution of model parameters given the data and prior information”. The fitted posterior
distribution π(θ|data) can then be exploited to make inference (e.g., on model parameters and their
uncertainty), derive any model-based diagnostics, and draw practical conclusions.
Through the specification of priors, the Bayesian paradigm resolves potential parameter
identifiability issues by naturally integrating constraints in the prior distributions. For example, if
some covariates have a tendency towards collinearity (e.g., if they are strongly correlated, hence
providing redundant information - a common issue in landslide susceptibility and hazard studies),
then the prior structure can reduce numerical instabilities and keep the model and its parameters
well identifiable from the data. Therefore, the specification of priors is crucial in models where the
number of unknown parameters and/or latent random variables to infer is large compared to the
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observed sample size. In particular, linear covariates have been standardised to have mean 0 and
variance 1, such that the importance of estimated coefficients can be interpreted and compared more
easily, and estimated coefficients will tend to be significant if they are at least moderately large in
absolute value. Since only a relatively small number of such coefficients are estimated from a quite
large number of observations, these coefficients are usually well estimated in the posterior model.
Therefore, it makes sense to fix a moderately informative prior distribution with fixed prior
variance for such coefficients, and the exact value of the fixed prior variance has little influence on
the posterior model. For example, in implemented models, a moderately informative normal
distribution with mean 0 and variance 1 independently for the global intercept and all covariate
coefficients was specified.
Simpson et al. (2017) describe a novel and principled approach for the construction of priors
suited for additive models defined by different components (e.g., latent effects). They propose
priors that penalize departure from a base model and for this reason they are called Penalized
Complexity (PC) priors, which reduce complex model components towards simpler reference
models, making sure that they can be reliably estimated. PC priors are designed following a general
principle resulting from the law of parsimony known as “Occam's razor” that avoid overly complex
models. If the stochastic behaviour of such complex model components is not properly controlled
by suitably chosen prior distributions, this can lead to overfitting and poor estimation and prediction
performances. Even with principled approaches such as the PC priors, there is no general rule
providing exactly the “best” choice for the prior distribution, such that some subjectivity remains. In
general, if exist fairly large credible intervals of hyperparameters in the estimated model, or if
numerical instabilities arise during the estimation of the model, it is recommended to study the
sensitivity of estimated models to prior choices before taking the final choice of how to fix prior
distributions.

3.4.3. Integrated Nested Laplace Approximation (INLA)
For many years, Bayesian inference has relied upon Markov Chain Monte Carlo methods
(MCMC) to compute the joint posterior distribution of the model parameters. This is usually
computationally very expensive as this distribution is often in a space of high dimension. To
implement an approximate inference, certain restrictions and assumptions are introduced. Firstly,
rather than being a solution applicable to any model (as is the MCMC case), approximate inference
models comprehend a limited broad of techniques (called structured additive regression models).
This specific, but very wide, family of models are generally Generalized Linear Models (GLM),
Generalized Linear Mixed Models (GLMM), Generalized Additive Model (GAM), Generalized
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Additive Mixed Model (GAMM). Secondly, if it assumes that probability distributions behave like
standard distributions (such as the Gaussian distribution), then they can be approximated from a
smaller set of properties (such as location and spread).
Rue et al. (2009) propose a novel approach that makes Bayesian inference faster developing a
new approximation to the posterior marginal distributions of the model parameters based on
Laplace approximation, i.e. the Integrated Nested Laplace Approximation (INLA). Nowadays,
INLA becomes the most popular tool for Bayesian spatial modelling thanks to its implementation in
R package R-INLA (Rue et al. 2017; http://www.r-inla.org/). INLA models are built on the
following concepts:
-

Latent Gaussian Models

-

Gaussian Markov Random Fields

-

Laplace Approximation

Latent Gaussian Models (LGM) are the class of Bayesian models amenable to INLA-based
inference. An LGM consists of three elements: a likelihood model, a latent Gaussian Field and a
vector of hyperparameters. In a structured additive regression model, the observation (or response)
variable y is assumed to be distributed according to an exponential family (such as Gaussian,
Poisson, Binomial, Negative Binomial, Gamma etc) and the expected value of the response (μ) is
linked to structured linear predictor (ƞ) via a link function (g(μ)=ƞ). It is considered additive as the
different structured components (associated with the covariates) are assumed to accrue to the linear
predictor additively. Familiar formulations of a structured additive regression model include (Eq.
3.8):
ƞ𝑖 = 𝑔(𝜇𝑖 ) = 𝛽0 + ∑𝐽𝑗=1 𝛽𝑗 𝑧𝑗 (𝑠) + ∑𝐾
𝑘=1 𝑊𝑧𝑘 (𝑠) + 𝜀𝑖

3.8

where ƞi is the linear predictor, g(.) is the link function, μi are the expected values of the i
observations, β0 is the intercept, zj are fixed (linear) covariate effects with coefficient βj, j = 1,…..,J,
and 𝑊𝑧𝑘 encodes additional (non-linear) random effects according to some functional form defined
with respect to covariate set zk, k = 1,….,K. These problems are commonly solved via Generalized
Additive Mixed Models (Steger et al. 2021). GAM offers the possibility to model linear (or fixed)
and non-linear (or random) effects representing the functional relation between a set of explanatory
and dependent (presence/absence of landslides per mapping unit, separately) variables (e.g.,
Brenning, 2005). The LGM thus estimates a range of parameters θ = {ƞ, β 0, βj, zk}. If it assumes
that each of the parameters are Gaussian, then the model is considered a Latent Gaussian Model and
if jointly assumed to be drawn from a multivariate normal distribution, then it is considered a
Gaussian Latent Field.
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Secondly, they focus on models that can be expressed as latent Gaussian Markov Random
Fields (GMRF). A process is considered to have Markov properties if the expected future state of a
parameter depends only on the current state and not on the state prior to the current. That is the
expected state depends only on the directly adjacent state. Hence, the future state is independently
conditioned only on the immediately adjacent state (depend only on immediate neighbours). If it
then extends this to multiple parameters (for example, multiple random effects), then it is said to be
a Markov Random Field. For example, considering temporal autocorrelation, the dependency
amongst times would be considered Markov if the expected value at a particular time was only
dependent on the values immediately adjacent (i.e., x4 depends only on x3 and x5).
The Laplace Approximation is an essential component of INLA, allowing for fast computations
across a wide range of likelihoods and link functions. A Laplace Approximation is used to estimate
any probability density function with a normal distribution. Laplace approximation is a method that
first locating the mode of the posterior, taking this as the mean of the normal approximation, and
then calculating the variance of the normal by “looking at” the curvature of the posterior at the
mode. For complex models resulting in multimodal posteriors, it will obviously not be a good
approximation, but for simple models (such as GLMM or GAMM), it works pretty well.
Notwithstanding, this approximation could be slightly misleading, but it is preferred to MCMC
because Laplace Approximation only has to find the mode of the posterior, it does not have to
explore the whole posterior distribution and therefore it can be really fast.
Essentially, the data are assumed to follow a “well-behaved” distribution function and to be
conditionally independent given some latent (multivariate) Gaussian random effects. In this
dissertation, landslide counts are modelled using the Poisson distribution, whose mean is expressed
on the log scale in terms of various fixed effects and latent random effects that are correlated over
space. Each of the covariate coefficients simply has a normal distribution prior, independent from
the others. As for hyperparameters, the prior distributions are chosen more specifically depending
on the role of the parameter. The key advantages of R-INLA relies on the systematic use of random
effects with sparse precision (i.e., inverse covariance) matrices within this latent Gaussian
modelling framework, coupled with astute analytical and numerical approximation schemes (Rue et
al. 2009, 2017), which provide exceptional speed-up for fitting large and complex models compared
to more traditional Markov Chain Monte Carlo (MCMC) methods.
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CHAPTER 4: STUDY AREA
4.1. Geographical framework
Located in the easternmost part of the Liguria region, Cinque Terre is a 38 km2 wide area that
encompasses a narrow coastal zone and five small hamlets (i.e., Monterosso al Mare, Vernazza,
Corniglia, Manarola and Riomaggiore), representing a significant national and international tourist
attraction (Fig. 4.1). Despite its seaside location, this area exhibits the peculiar characteristics of
mountain landscapes due to its rugged morphology, with very steep slopes, deeply cut valleys and
small catchments with ephemeral streams (Cevasco 2007; Brandolini 2017). The restricted coastal
zone of Cinque Terre is bounded to the northeast by a series of peaks ranging in altitude, from 400
to around 800 m a.s.l., following an approximately NW-SE trending alignment that runs parallel
and very close to the shoreline and separate Cinque Terre from Vara valley. The Monterosso,
Vernazza, Manarola and Riomaggiore villages are mainly located along the coast adjacent to rivers
and partly on the top of the sea cliff; only the Corniglia hamlet is wholly placed on an ancient
marine terrace at an elevation of 100 m. Based on their environmental, scenic and historical
significance, Cinque Terre has been recognised since 1997 as a "World Heritage List" by UNESCO
and since 1999 has been included within the National Park of Cinque Terre (hereafter, CTNP), for
its environmental and naturalistic relevance. Due to the morphological characteristic of this area,
the landscape is characterized by terraces, supported by dry-stone walls, for the cultivation of
vineyards (Terranova 1984, 1987, 1989).

Figure 4.1 (a) Geographic location of the study area; (b) Cinque Terre National Park geological map (modified after
Raso et al. 2019a); blue areas show the location of the historic coastal hamlets of Cinque Terre.
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4.2. Geological and geomorphological setting
CTNP territory is characterized by the presence of five overlapping tectonics units belonging to
the Tuscan, Sub-Ligurian and Ligurian domains (Giammarino et al. 2002). These units belong to an
NW-SE oriented segment of the chain, which during the orogenic phases of the Tertiary age, were
arranged in a large SW-verging antiform fold (Giammarino and Giglia 1990). The aforementioned
succession comprises, from top to bottom, the following units: Gottero Unit, Ottone Unit, Canetolo
Unit, Marra Unit, and Tuscan Nappe (Abbate et al. 2005).
The most widespread rock formation is flysch which primarily comprises thick sandstoneclaystone turbidites, locally known as Macigno Fm. (upper Oligocene), and secondly by limestones,
only observable nearness of the easternmost border of the CTNP. This formation belongs to the
Tuscan Nappe (Tuscan Domain) which diffusely is cropping out both along the coast, between
Monterosso and Monesteroli promontory, and inland.
Regarding the Sub-Ligurian Domain, claystones with limestones and silty sandstone turbidites
(Canetolo shales and limestones, Paleocene), marly limestones with thin claystone interbeds and
calcarenitic turbidites (Groppo del Vescovo limestones, early-middle Eocene) and fine-grained
sandstone turbidites (Ponte Bratica sandstones, upper Oligocene) belonging to the Canetolo Unit
outcrops in the central part of Cinque Terre, in particular along the coast between Corniglia and
Manarola. Moreover, a few outcroppings, belonging to the Marra Unit, of silty marls and siltstones
(Torrente Pignone marls, Oligocene), chiefly are found into the Vernazza catchment boundaries.
The Ligurian Domain is partitioned into two different domains, namely external and internal
ones. Mt. Veri complex (upper Cretaceous) belongs to the external domain and it is part of the
Ottone tectonic unit. The Mt. Veri complex is distinguished by the presence of claystones and
limestones with olistolites of ophiolitic and granitic breccia and it is present in the westernmost
sector of the CTNP between the Mesco promontory and Monterosso. Lastly, concerning the internal
Ligurian Domain formations (Gottero Unit, upper Cretaceous), quartz-feldspar sandstones in thick
beds with thin claystone interbeddings (Mt. Gottero sandstones, Campanian/Paleocene); banded
shales typically consist of shales alternating with thin beds of laminated, sometimes marly,
siltstones (Lavagna shales, upper Cretaceous); grey shales with intercalations of dark grey
calcilutites and rare siltstones (Palombino shales, upper Cretaceous); gabbros (middle jurassic) and
serpentinites (Jurassic) crop out in the westernmost part of the Park.
From a geomorphological point of view, the study area is distinguished by tiny catchments with
steep and very steep slopes (roughly 57% of the area shows a slope gradient higher than 30°) (Raso
et al. 2020b). These slopes are mantled by thin covers of eluvial-colluvial deposits, extensively
reworked by human activities over the past centuries (Cevasco et al. 2013a; Scopesi et al. 2020).
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The geomorphological landscape of Cinque Terre is dominated by gravity and running water
processes. These terrestrial processes interact with marine erosion along the coast, resulting in the
presence of several large coastal landslides and an almost continuous rocky sea cliff. The
catchments, very small in extent (from less than 1 km2 up to approximately 6 km2), are drained by
short and steep fluvial stems, whose mouths are often inhabited by the main hamlets (Brandolini
2017). The most common landscape feature of the study area is represented by agricultural terraces,
here sustained by dry-stone walls, and mainly built by local inhabitants since the 1st – 12th century
for agricultural purposes (Terranova 1984, 1989; Terranova et al. 2002).
Considering the intense rainfall that regularly affects the Cinque Terre area and the high
steepness of the slopes, which are typically characterised by eluvial-colluvial covers of only 1–2 m
in thickness, shallow landslides are widespread throughout Cinque Terre. The principal phenomena
that occur in the CTNP are debris slides (~23%) and debris rock/avalanches (~21%). However,
debris slides, during heavy rainfall, can rapidly evolve into flow-like landslides (~11%), with a
failure surface represented by the contact between debris cover and bedrock, have particularly
affected mostly abandoned or non-maintained terraced slopes in the CTNP (Cevasco et al. 2013a,
2014; Pepe et al. 2019; Raso et al., 2019a). Almost the entire littoral zone of Cinque Terre is
characterised by a spectacular rocky coast, cut by the action of prevailing sea storms from the SW
(Libeccio) and SE (Scirocco). Most of these sea cliffs are active and have an edge of scarp typically
ranging between 5 and 30 m, but reaching 100 m just along from the Corniglia promontory. In fact,
the interaction between the rock mass geo-structural features and the sea action determines the
occurrences of rockfalls (~18%), which are widespread in the CTNP.
Beaches in the region are few and small and are associated with the main rivers (Fegina and
Vernazza) or occur at the foot of some coastal slopes affected by active gravitational processes
(Guvano, Campi and Monesteroli). Several artificial beaches (Corniglia, Vernazza and
Monterosso), currently in retreat, were created in 1870 and 1970 by nourishment with materials
derived from the construction of tunnels on the Genova-La Spezia railway line (Brandolini 2017).

4.3. Agricultural Terraces
Agricultural terraces are one of the most common features in cultivated hilly and mountainous
landscapes. During the last millennium, due to rugged morphology and by a lack of wide flat areas
suitable for cultivation, the geomorphological landscape of CTNP has been almost totally modified
by human activity through the construction of agricultural terraces, from sea level up to 400 - 500
m, producing an unusual man-made coastal landscape (Fig. 4.2).
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Early farmers reworked and retained the shallow colluvial covers by constructing dry stone
walls, selecting the most suitable bedrock for cultivation. Not coincidentally, the borders of the
terraced areas line up almost exactly with the geological contacts of the different formations which
crop out in the area. In fact, vineyards and olive groves in CTNP are found only on terraces built on
sandstones and clayey siltstones (Tuscan Unit), claystones with limestones and silty sandstone
turbidites (Canetolo Unit), clayey shales with siliceous micritic limestones (Gottero Unit) and
claystones and limestones with olistolites (Ottone Unit). Significantly, no terraces have been built
on quartzose and micaceous-feldspatic sandstones (Gottero Unit) (Brandolini 2017). Terraced
slopes cover an area of about 15 km2, corresponding to about 41% of the entire CTNP area;
however, approximately 67% of the terraced areas have been abandoned (Raso et al. 2020b).
Considering that the width of terraces ranges from 2 to 4 m, the maximum linear extent of dry stone
walls can be estimated to total around 6000 km. Furthermore, considering that wall height normally
ranges between 1.5 and 2.5 m, depending on slope steepness and terrace width, the total volume of
reworked dry stone is likely to exceed 8000000 m3 (Terranova 1984).

Figure 4.2 (a) Overview of the agricultural terraced landscape typical of the Cinque Terre National Park (Di Napoli et
al. 2021). In the lower-left corner, the Corniglia hamlet, while in the background the Punta Mesco headland and the
Monterosso al Mare village are shown; (b) well-maintained terraced slope cultivated with vineyards; (c) abandoned
terraces with poor cover (the growth of shrubs is visible); (d) abandoned terraces with dense cover (tree species are
visible).
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Among the indirect human‐related land use modifications, the abandonment of farming areas can
be considered by far one of the most relevant (Poyatos et al. 2003; García-Ruiz 2010; Del Monte et
al. 2015; Lasanta et al. 2015). Agricultural terraces can be distinguished into four different land use
and land cover classes: i) cultivated terraced area, ii) terraced area covered by shrubs, iii) terraced
area covered by forest tree species and iv) unterraced area, including mainly and minimally urban
area. Currently, about 33% of terraced areas results cultivated, 48% is affected by shrub covers
whereas about 19% presents dense forest covers. Cultivated terraced areas are characterized by
vineyards, olive and citrus groves and they are widespread near urban centres and along S-SW
exposed slopes. Terraced areas covered by shrubs can be assumed as recently abandoned while
terraced lands presenting dense forest covers as abandoned for decades or centuries. Abandoned
terraced slopes are common in areas not easily accessible by agricultural vehicles and in the most
fragmented farming properties (Pepe et al. 2019).
In Europe, due to the significant social and economic changes which occurred at the end of the
1800s and accelerated after the Second World War (MacDonald et al. 2000), many hilly and
mountainous regions have experienced severe and accelerated slope degradation issues led by
farmland abandonment (Koulouri and Giourga 2007; Agnoletti 2007; Arnaez et al. 2011; Brandolini
et al. 2018b). Slope degradation in conjunction with extreme rainfall can produce significant growth
in susceptibility to erosion and landslide phenomena (Cevasco et al. 2015; Piacentini et al. 2018;
Pepe et al. 2019). Moreover, abandoned slopes may become a source of risk scenarios when located
in the proximity of urban areas (Cevasco et al. 2014, 2015; Galve et al. 2016).
The negative effect of farmland abandonment on slope stability can be especially important in
terraced landscapes. It is widely known from technical literature that agricultural terraces, if
properly maintained, have a positive role in soil conservation and slope stability by reducing the
overall slope gradient and by regulating water infiltration and runoff (Gallart et al. 2002;
Cammeraat et al. 2005; Morgan 2009; Stanchi et al. 2012). On the other hand, a lot of studies
demonstrated that when these traditional systems are abandoned, land degradation issues (i.e., gully
erosion, terrace failure, mass movement, piping, hydrological connectivity) arise (Tarolli et al.
2014; Arnáez et al. 2015; Moreno-de-las-Heras et al. 2019). The dry‐stone walls and
complementary drainage structures are no longer adequately maintained and managed, causing the
efficiency of the hydrological and retaining functions to decrease. Accordingly, agricultural terraces
become more vulnerable and therefore highly susceptible to collapses and failures (Camera et al.
2012; Tarolli et al. 2014; Brunori et al. 2018). Many studies addressed that the degree of
abandonment and lack of maintenance of dry stone walls are crucial factors in regulating the
susceptibility of terraced slopes to be affected by rainfall‐induced landslides (Glade 2003; Lasanta50

Martínez et al. 2005; Lesschen et al. 2008; Cevasco et al. 2014; Brandolini et al. 2018a; Moreno-delas-Heras et al. 2019).
Numerous studies have shown that to prevent water erosion processes and to improve slope
stability, terraces require constant maintenance (Gallart et al. 1994). A lack of wall maintenance has
resulted in crumbling of many spectacular areas of terraced slopes, which are now widely affected
by soil erosion and landsliding (Fig. 4.3). In only a few decades, the upper parts of the abandoned
terraces became overgrown with pine trees, and the middle-lower slopes by Mediterranean scrub
(Brandolini 2017). Furthermore, recent studies have shown that in Mediterranean areas, because of
climate changes, a modifying distribution of precipitation with an increase in extreme events or
multiday events is occurring (Piccarreta et al. 2013; Cevasco et al. 2015). The effects of terrace
abandonment may even result in increased risk conditions when slopes are located in proximity to
urbanized areas.

Figure 4.3 Evolution of slope terracing after farming abandonment: a, cultivated terraces in good state of conservation;
b, different types of dry stone walls crumbling: fall (1), sliding (2), topple (3), bulging and sliding (4, 5); c, terrace
collapse along a concave surface (1), dry stone walls deformations (2, 3); d, drystone walls completely destroyed; e,
terraced slope affected by shallow landsliding (modified after Terranova 2005).

In the study area, abandoned terraced slopes are particularly susceptible to shallow landsliding,
especially due to intense rainfall (Cevasco et al. 2014). During high-intensity rainfall, materials
mobilized by mass transport and landslide phenomena have a considerable impact on the solid
discharge, flow and energy of streams. These dynamics, which are quite common in the entire
Liguria region, often cause flow-like movements, debris floods and flash floods, which are
increasingly affecting, in particular, the coastal settlements (Guzzetti et al. 2004). Within the CTNP,
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these phenomena represent a serious threat to human settlements, inhabitants and trail users, as
dramatically observed after the intense rainstorm that hit the Monterosso and Vernazza areas on 25th
October 2011 (Cevasco et al. 2015; Giordan et al. 2020). Lack of maintenance of dry stone walls
plays an important role in making terraced slopes susceptible to instability, but it is not the only
factor that has to be considered (Crosta et al. 2003).

4.4. Climatic features
The physiographical features of the CTNP deeply control the local climate setting. Southerly
exposition, the orientation of the main basin parallel and very close (approximately 3 km) to the sea
acting as a barrier, which produces a topographic effect that locally protects the coast from
continental influxes and enhances the features of the peculiar Mediterranean climate, characterised
by warm, dry summers and mild winters. Moreover, the humidifying action of the sea on the air
masses coming from the southern quadrants and the effect of the Alpine-Apennine chains, which
frequently divert Atlantic perturbations towards the Gulf of Genoa, produces relatively abundant
rainfalls (Cevasco et al. 2015).
The average annual temperature ranges between 14.5 and 15.5 °C, reaching a mean peak of 22 –
24.5 °C in July and August and a low of 7 – 8 °C in January. The annual rainfall value ranges
between 900 and 1100, with maximum rainfall typically occurring in December; a mean value of
224 mm has been recorded for this month at the Levanto gauge station for the period 1932 – 2011.
A sudden increase of the mean annual precipitation with altitude was observed, with values
reaching approximately 1500 - 1600 mm in the immediate and higher inland Vara/Magra valleys.
The rainiest period commonly comprised between October and November, when intense rainstorms
often can occur (Cevasco et al. 2015). Heavy rainfall events of short duration are very recurrent in
the area, with intensities greater than 150 mm/3h and 200 mm/6h as recorded during the period
1951 – 2011. Extraordinary rainfall events are also very frequent due to the geomorphological
setting, especially in the ongoing climate change context (Galanti et al. 2018).
One of the most significant rainfall events occurred on 25 October 2011. Its exceptional nature
was confirmed by an analysis of historical climate series between 1932 and 2011 conducted using
data from the coastal rain gauge at Levanto (Cevasco et al. 2015). During these 80 years, the mean
annual precipitation was 1042 mm with a minimum of 668 mm (1989) and a maximum of 1541 mm
(1979). The rainiest month was December, with a mean precipitation of 224 mm. The analysis of
high-intensity rainfall for the period 1951 - 2011, for which data are available, indicates that 2
events with intensities greater than 150 mm/3 h, 2 events with intensities greater than 200 mm/6 h,
and only one event with an intensity greater than 250 mm/12 h were recorded. The rainfall
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intensities recorded at Monterosso during the 25 October 2011 event exceeded any recorded in the
Cinque Terre area during the period 1951 - 2011. In addition, the cumulative rainfall of the 25
October 2011 event recorded at Monterosso (382 mm) was much higher than the mean rainfall of
the rainiest month in this area (224 mm). The analysis of the maximum precipitation intensity at
12h may be further evidence of the uniqueness of the event. A review of historical archives showed
that the Vernazza hamlet was affected by extensive damage caused by floods only in 1857 and 1859
(Rollando 2003).

4.5. The 25th October 2011 event (from Cevasco et al. 2015)
On October 25th 2011, after a long dry period, a rainfall event hit a wide area between eastern
Liguria and north-western Tuscany (Fig. 4.4a). After a few hours of low-intensity rainfall, a violent
storm system with a“self-healing” structure originated in the Cinque Terre area, in a very short time
interval. Huge amounts of rainfall fell between 9:00 and 15:00 (Universal Time Coordinated, UTC)
on the coastal area of the Cinque Terre and the Vara valley and, subsequently, on Lunigiana.
Rainfall was recorded by several rain gauges located in eastern Liguria (ARPAL-CFMI-PC 2012)
and northern Tuscany (CFRT, 2011).

Figure 4.4 Characteristics of the October 25th , 2011 event (from Cevasco et al. 2015). a) Spatial pattern of cumulated
rainfall around and across the study area (bounded in black) of October 25th 2011 (after ARPAL-CFMI-PC 2012),
modified). The grey points mark the rain gauges cited in the text. LSG: Levanto San Gottardo; MO: Monterosso; BR:
Brugnato; CA: Calice al Cornoviglio; PA: Parana; SG: Santa Giustina; PO: Pontremoli; RS: Rocca Sigillina. b)
Hyetographs (blue bars) and cumulative rainfall plots (red lines) of the Brugnato, Calice al Cornoviglio, Levanto San
Gottardo and Monterosso rain gauges (data from the Liguria Region - ARPAL, 2011, http://www.arpal.gov.it).
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As shown in Table 4.1, in eastern Liguria, very high cumulative rainfall amounts were recorded
in the inland Vara valley at the Brugnato and Calice al Cornoviglio rain gauges and, along the
coast, at the Levanto San Gottardo and Monterosso rain gauges with 539 mm, 454 mm, 333 mm
and 382 mm, respectively. Hourly intensity rainfall peaks recorded at Brugnato, Calice al
Cornoviglio, Levanto San Gottardo and Monterosso, were 153 mm/h, 129 mm/h, 111 mm/h and 92
mm/h, respectively (Fig. 4.4b). Rainfall intensities at 3, 6 and 12 h were also extremely high. The
higher values (e.g. 472 mm/6 h) were recorded at the Brugnato rain gauge. Moreover, in Lunigiana
(northwestern Tuscany) rainfall amounts reached their maximum at the S. Giustina rain gauge, with
376 mm; lower, but significant values of cumulative rainfall were also recorded at Rocca Sigillina
(318 mm), Pontremoli (366 mm) and Parana (315 mm).
Table 4.1 Cumulated rainfall on 25th October 2011 and maximum rainfall intensity in 1, 3, 6, 12, 24h recorded by some
rain gauges of eastern Liguria and northern Tuscany (elaborated by Cevasco et al. 2015) from data from the Liguria
Region, 2012 and CFRT, 2011). The bold type indicates rain gauges and data regarding the study area.
Rain gauge

Cumulated rainfall

Maximum rainfall intensity (mm)

Oct. 25, 2011 (mm)

1h

3h

6h

12 h

24 h

Brugnato

538.2

153.4

328.4

472.0

511.0

538.8

Calice al Cornovoglio

452.8

129.2

228.4

365.4

404.0

453.8

Levanto San Gottardo

333.0

111.0

204.0

282.4

312.0

333.4

Monterosso

381.8

91.8

197.0

348.8

362.0

382.2

Parana

315.2

88.0

164.8

230.4

265.6

315.2

Santa Giustina

374.4

72.8

177.2

260.8

323.0

376.2

Rocca Sigillina

315.4

68.8

163.2

239.6

279.2

318.4

Pontremoli

365.8

67.0

164.8

251.4

319.8

366.0

The highest hourly intensity was recorded at the Parana rain gauge (88 mm). Rainfall intensities
at 6 and 12 h were lower than those recorded in eastern Liguria but nevertheless were significant
(Table 4.1).
The intense rainfall triggered hundreds of shallow landslides and floods affecting the Tyrrhenian
basins between Bonassola and Manarola and the Magra river basin (Cevasco et al. 2012; D’Amato
Avanzi et al. 2013). The event caused 4 casualties, severe damage to villages and infrastructures
(the collapse of bridges, interruption of provincial and municipal roads, and stretches of highways
and railways, and the temporary interruption of essential services such as gas, water, telephone and
sewerage). In the study area, the Vernazza, Monterosso, Levanto and Bonassola catchments
suffered considerable damage. This damage was particularly severe in the inhabited historic centres
of Vernazza and Monterosso (Fig. 4.5), where enormous amounts of material were mobilized on the
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slopes by shallow landslides and accelerated erosional processes and subsequently charged by
torrents downhill, originating hyperconcentrated flows and mud/debris floods.
Three casualties occurred in Vernazza, one in Monterosso. These two villages are typical
examples of anthropic transformations, which mainly occurred in the past century, leading to flood
risk increase; in fact, in both cases, the main urban street was built by covering the final tract of the
valley floor along which the stream originally flowed. In both cases, the covered tract of the stream
beds was filled by debris and the above urban streets suddenly turned into raging torrents. As a
result, the central streets of Vernazza and Monterosso were buried by mud and debris up to 4 and 3
m thick, respectively. Recent detailed studies on the relationships between slope processes induced
by the intense rainfall of October 25th 2011 on the Vernazza basin and land-use (Cevasco et al.
2013a, b, 2014) highlighted that the rainfall event triggered more than 500 shallow landslides on an
area of approximately 5.8 km2 (about 1.5% of the basin area); additionally, 1.65% of the basin area
was affected by very intense accelerated erosion.
These studies pointed out the extreme vulnerability of terraced slopes which, due to the lack of
maintenance of dry stone masonries, currently represent the main areas prone to landsliding and
accelerated erosion. An even more recent study (Cevasco and Brandolini 2015) has shown that the
anthropic modifications which occurred in the Vernazza basin during the 1970s (e.g. roads
construction), played a negative role, especially in increasing the effects of the October 25 th 2011
debris flows and debris flood.
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Figure 4.5 Some damage suffered in the Vernazza and Monterosso catchments due to the October 25th 2011
precipitation (from Cevasco et al. 2015). a) Destruction of roads (Vernazza basin); b) accelerated erosion on cultivated
terraces (Vernazza basin); c-d) the main street of Vernazza buried by mud and debris immediately after the rainfall
(photo cfromhttp://www.youreporter.it, integrated) and after the removal of the debris flood deposits; e) destruction of a
part of the covered tract of the Canale Pastanelli at Monterosso; f) the main street of Monterosso during the works for
removing the debris flood deposits.
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CHAPTER 5: APPLICATIONS
The following sections include all the applications that have been developed during the threeyear doctoral experience. The different methodologies were applied to areas of vaying size located
within the Cinque Terre National Park (CTNP) using different algorithms and different input data
resolutions. Firstly, a test area (5.4 km2 wide) was chosen to apply ML methods and, subsequently,
the same approach was adopted to the whole CTNP (38 km2 wide) but considering also the runout
analysis. Lastly, the Bayesian method was applied to a portion of the CTNP (18 km 2 wide),
including the Monterosso al Mare and Vernazza catchments.

5.1 Landslide Detachment Susceptibility – Monterosso al Mare case study
All the information described below is taken from the Di Napoli et al. 2020 paper entitled
“Machine Learning ensemble modelling as a tool to improve landslide susceptibility mapping
reliability” published in the international journal Landslides (Volume: 17, Issue: 8),
https://doi.org/10.1007/s10346-020-01392-9.
5.1.1. Research objectives
Many authors have proposed methods to minimize uncertainty, which relies on combining the
prediction yielded by multiple algorithms, as testified by the work of Umar et al. (2014), Chen et al.
(2017), Kim et al. (2018) and Bueechi et al. (2019). The investigation of new EMs for LSM is
therefore highly necessary, as also highlighted by Chen et al. (2018a). Anyhow, EM provides a
solid contribution to minimize uncertainty and to refine and improve the prediction accuracy, which
is always the key parameter to take into account when working with landslide susceptibility.
In this application, three different ML algorithms were ensembled to determine landslide
susceptibility within some small coastal basins located near Monterosso al Mare (western portion of
CTNP, Fig. 5.1). Specifically, each susceptibility model was implemented with 100 different
landslide data combinations, every time splitting the landslide database in 80% as data training and
20% as data testing. The study area is highly susceptible to rapid shallow landslides, as testified by
the rainfall-induced ground effects produced by the severe rainfall that occurred on October 25 th,
2011 (see paragraph 4.5). In particular, more than 260 shallow landslides were triggered in this area
(Schilirò et al. 2018).

57

Figure 5.1 Setting of the study area. In the top-right inset, the location of the Cinque Terre National Park in northern
Italy is represented. In the main map, the Cinque Terre National Park boundary is shown in red and the study area is
outlined in yellow. In the bottom left, the elevation map of the study area along with urban areas and drainage network
are shown (from Di Napoli et al. 2020).

Hence, the main objective of this work was to exploit, for the first time, advanced statistical
techniques in a peculiar geological, geomorphological and environmental setting. The produced
outcomes have been processed to understand if they could be useful to decision-makers,
highlighting regions most prone to instability. With this purpose, these tools could represent
potentially a fundamental tool for the safety of people and for many travellers that every year visit
this outstanding landscape.

5.1.2. Landslide inventory
The landslide inventory used in this study was prepared by A. Cevasco in the aftermath of the
October 25th, 2011 event (Schilirò et al. 2018; Fig. 5.2). This inventory was compiled through
analysis of high-resolution aerial ortophotogrammetry and field survey, allowing to map both
landslides and erosion processes. The air photo analysis was carried out on digital geo-referenced
orthophotos, provided by Liguria Regional Administration, taken on 11 November 2011 by the Air
Service of Remote Sensing and Monitoring of Civil Protection of Friuli Venezia Giulia Regional
Administration (ground resolution from 3 to 50 cm, according to the altitude; Schilirò et al. 2018).
A total of 260 shallow landslides were mapped within Monterosso hamlet, whereas, about 500
phenomena were triggered in the Vernazza basin (Cevasco et al., 2013). The shallow landslides
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triggered during the event initiated as debris slides (Cruden and Varnes 1996) and in most cases
evolved into debris avalanches or, in a few cases, into debris flows (Hungr et al. 2014). Shallow
earth and debris covers (from 0.5 m to about 2.5 m thick) and, sometimes, portions of the weathered
and fractured bedrock were involved.

Figure 5.2 Landslide inventory map of the studied area.

Landslide areal extent ranged between a few tens of square metres up to a few thousand square
metres. Earth and debris mobilized on slopes or along channels by shallow landslides increased the
sediment transport along the drainage network and also the erosive energy of streams. The inability
to dispose of flowing water/sediment mixtures of the final culvert of the Canale Pastanelli, played a
fundamental role in originating the mud/debris flood that affected the Monterosso village.
Concerning the Vernazza basin, the huge mass of water, earth, and stones flowing quickly downhill
in torrents was channelled at the valley bottom just a few kilometres upstream from the inhabited
area, originating a debris flood. The obstruction by solids of the final artificial tract of the Vernazza
stream caused mud and debris to flood the centre of the village, following the original path of the
stream. Bottlenecks along the central thoroughfare in Vernazza caused mud and debris to
accumulate to heights of up to 4 m in the centre of the village and up to 5–6 m locally (Cevasco et
al. 2014). In addition, some houses, bridges, roads and cars were swept away by the flood as it
moved towards the villages.
Furthermore, having available the surveyed landslides as polygons, only one of the highest
points, characterized by the highest altitude in the detachment area, has been selected. This
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operation has been conducted to make possible the different models’ execution requiring points as
input data.
5.1.3. Predisposing factors
The set of potential environmental factors selected to predict unstable areas was defined based
on the most representative local morphological and spatial features. This operation allowed the
selection of 13 PFs (Fig. 5.3). PFs include slope angle, aspect angle, planform curvature, profile
curvature, distance to roads, distance to streams, Topographic Wetness Index, Topographic Position
Index, Stream Power Index, agricultural terraces state of activity, land-use, geo-lithology and soil
thickness (for further detail, see paragraph 3.1). The analysis is focused on environmental variables
since it does not take into consideration the triggering factors (e.g. intense rainfall or earthquakes).
For this case study, environmental variables were set to 5 × 5 m grid cells resolution.

Figure 5.3 Maps of the PFs employed for the susceptibility models. a) Slope angle, b) slope aspect, c) planar curvature,
d) profile curvature, e) distance to roads, f) distance to rivers, g) Topographic Wetness Index, h) Topographic Position
Index, i) Stream Power Index, j) terrace state of activity, k) land-use, l) geo-lithological map and m) soil thickness.
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5.1.4. Model building and validation strategy
In susceptibility modelling studies, the investigated area has to be partitioned into mapping units,
the functional areas for which the modelling procedure is then able to predict the stability
conditions. A large set of mapping units is proposed in the literature (Guzzetti et al. 1999), in this
study the mapping unit adopted was the 5 m side cell of the DTM. The spatial probability of
landslides in the study area was estimated considering three ML techniques (namely, ANN, GBM
and MaxEnt). Models were calibrated and evaluated through a k-fold cross-validation procedure.
This methodology consists of randomly dividing the original dataset into k portions and by using k1 portions of data (training data, 80%) for models’ calibration, whereas the remaining set (testing
data, 20%) is used as an independent record to measure model’s predictive performance. The whole
approach is then repeated several times for a single model and the average predictive accuracy is
finally reported (Araújo et al. 2005; Thuiller et al. 2009). Once trained all stand-alone ML models
the EM approach has been exploited. This procedure has been adopted for the first time by
Burnham and Anderson (2002), who performed a simple average of several regression models. EMs
approach, which produces a predictions integration of every stand-alone model, provides a solid
contribution to minimize uncertainty and to improve the prediction accuracy (key parameter
indispensable when working with susceptibility). Such EMs often result in better classification than
individual ones (Pourghasemi et al. 2017). EMs help to minimize these issues as long as single
algorithms are different and independent. The complete modelling procedure is visible in Figure 5.4
and can be subdivided into different steps.
The first one allows recognizing landslide occurrence data as the response variable and the
predisposing factors as predictors. In the second step, to evaluate the possible correlations among
each predictor, the VIF was measured. There is no well-defined and accepted threshold in the
literature, the general rule of thumb is that VIFs exceeding 4 need more analysis, while VIFs
exceeding 5 or 10 denotes a serious multicollinearity issue, requiring revision (Hair et al. 2010). In
detail, two different VIF strategies were chosen: Vifcor (cor stands for correlation) finds a pair of
variables that has the maximum linear correlation and excludes the one having the largest VIF and
Vifstep calculates the VIF for all variables, excludes the one with the highest VIF (greater than the
threshold) and repeats the procedure until there are variables with VIF greater than the remainder
(Guisan et al. 2017). In the next step, the third, the above-mentioned algorithms were performed to
model susceptibility over the study area. Furthermore, during this phase, the contribution of each
environmental variable has been evaluated by applying the “variable importance” tool included in
the “biomod2” package (Thuiller et al. 2016). The principle of this tool is to shuffle a single
variable and make a model with this “shuffled” variable. Then a simple correlation (Pearson’s
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coefficient) is performed between a reference model (simulated by using unmodified variables) and
the “shuffled” one. The importance index is calculated as 1 minus Pearson's correlation coefficient,
returning values between 0 and 1. The higher the value, the more influent the variable is on the
model. This procedure is performed for each environmental variable (Lomba et al. 2010; Thuiller et
al. 2016). As regards the measures of the models’ predictive performance, Area Under the Curve
(AUC) has been engaged (Hanley and McNeil 1982). AUC is the measure of the area under the
curve of sensitivity (i.e. the proportion of accurately predicted true presences) plotted against 1specificity (the proportion of accurately predicted true absences) for the range of all the possible
thresholds to discretise the probability values assigned to either predicted presences and absences
and hence it is “threshold independent” (Raes and Aguirre Gutierrez 2018).

Figure 5.4 Scheme of the proposed approach for landslide susceptibility modelling.
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One of the main advantages of the AUC is its ability to be insensitive to prevalence (i.e. the
proportion of observed sites in which the species were recorded as present; McPherson et al. 2004;
Somodi et al. 2017). AUC values range from 0 to 1, where values < 0.6 indicates weak modelling
accuracy, 0.6 – 0.7 shows moderate accuracy, 0.7 – 0.8 exhibits good accuracy, and > 0.8 indicates
very good accuracy (Swets 1988; Peterson et al. 2008; Corsini and Mulas 2017). The applied
ensemble models are Mean of Probabilities (PM), Weighted Mean of Probabilities (PMW), Median
of Probabilities (PME) and Committee Averaging (CA). The first three models correspond to the
mean, weighted mean and median probabilities over each selected model respectively, while the CA
needs more explanation. This ensemble forecasting method (CA) is based on the binary
classification of occurrence probability maps. The CA method transforms any probability map
coming from stand-alone models into binary maps using a threshold (the one maximizing both
sensitivity and specificity). These binary maps are, then, overlayed and a cell-wise scores sum is
performed. The final CA map is the one in which any single map's cell score is divided by the
number of the original models. The interesting feature of this measure is that it gives both a
prediction and a measure of the prediction’s variation (Gallien et al. 2012). When the prediction is
close to 0 or 1, it means that all models agree to predict 0 and 1, respectively. If the prediction is
around 0.5, it means that half the models predict 1 and the other half 0 (Thuiller et al. 2016).
Given the huge amount of data produced, to compare the obtained outcomes and to evaluate their
uncertainty, the Coefficient of Variation (CV) has been computed. CV (i.e., standard
deviation/mean of each pixel) is a measure of uncertainty of the ensemble models and it assumes
relevant importance when there is a great availability of data. If the CV exhibits a high evaluation
score, the uncertainty of a given data is high, while the lower the score, the better are the models’
outputs. In this study, a matrix-based approach was used to analyse the relationship between the
ensemble models and the uncertainty map, to generate a “confidence” map (Kim et al. 2018). In this
way, the ensemble models reliability has been assessed. The susceptibility values derived from EM
were subdivided into five groups (1–5), while the CV map was categorized into six classes (1–6); in
both maps, the Natural Breaks method was applied (Jenks 1967). Natural Breaks aims at defining
the best data distribution in significant classes, taking advantage of the intervals naturally present in
the data distribution and attempting to reduce the variance within each class and maximizing that
between the classes themselves. A further comparison between the ensemble susceptibility maps
was produced in terms of the spatial distribution of the susceptibility values. As previously
mentioned, the ensemble maps have been divided into five classes. Subsequently, an intersection
operation between the different maps has been performed. It should be stated that the CA map was
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not considered in the intersection because the map binary transformation could have a strong
influence on the result.
5.1.5. Landslide detachment susceptibility results
Different landslide susceptibility maps have been generated by applying 100 different
combinations between training (80%) and testing (20%) datasets, attempting to generate the best
predicting models (Fig. 5.5). Every susceptibility map generated in this phase is characterized by
small variations and with different values of errors and evaluation scores, subsequently reduced in
the EM phase. Such discrepancy helps to understand how the stand-alone models diverge from each
other and how the EMs are needed to achieve outcomes more reliable and accurate. The average
AUC score of the 100 iterations for each model is resumed in Table 5.1, where it is evident that the
best result is obtained by GBM and MaxEnt (0.84 and 0.83, respectively), while ANN result is
slightly lower (0.74).

Figure 5.5 Stand-alone susceptibility maps examples. a) ANN, b) GBM and c) MaxEnt.
Table 5.1 AUC scores for the stand-alone ML algorithm used, on the top, and for EM on the bottom.
Stand-alone models

AUC

Generalized Boosting Model

0.84

Artificial Neural Network

0.74

Maximum entropy

0.83

Ensemble models

AUC

Mean

0.91

Median

0.90

Committee Averaging

0.89

Weighted Mean

0.91

Therefore, EM was performed by using four different Ensemble techniques (PM, PME, PMW,
CA; Fig. 5.6). It is worth underlining that in all maps, susceptibility was shown using continuous
data, without any division in classes, as often adopted in Italy in the framework of landslide risk
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management. The most prone areas have been identified in the central and north-easting sectors.
The EMs have improved the stand-alones’ prediction reliability, as testified by the increase in the
AUC values. The aforementioned stand-alone models’ variability is confirmed by the CA ensemble
model (Fig. 5.6c), in which areas characterized by dark green and dark red (i.e., 0 and 1) colours
represent sectors where all stand-alone models predict similar outcomes. In contrast, the extreme
models’ variability is highlighted in the sectors with light green, yellow, orange and light red
colours. The landslide distribution within the range of susceptibility value is reported in Table 5.2:
the highest concentration of landslide can be found between the values 0.8 and 0.9. Moreover, the
landslide distribution is characterized by an increasing trend when going from the lowest to the
highest value of susceptibility. Conversely, the areal distribution of the susceptibility values shows
a decreasing trend, with large parts of the territory characterized by low values of susceptibility and
a limited extent for those characterized by higher values.

Figure 5.6 Ensemble susceptibility maps. a) Mean ensemble susceptibility map, b) median ensemble susceptibility
map, c) committee averaging and d) weighted mean susceptibility map.

65

Table 5.2 Distribution of landslides according to the probability of occurrence value for each Ensemble model.
PM

PME

CA

PMW

0 – 0.1

1

1

9

1

0.1 – 0.2

8

10

2

8

0.2 – 0.3

10

15

7

10

0.3 – 0.4

17

13

9

17

0.4 – 0.5

22

21

4

23

0.5 – 0.6

34

18

10

34

0.6 – 0.7

41

40

10

43

0.7 – 0.8

57

63

15

56

0.8 – 0.9

66

61

31

64

0.9 – 1

4

18

163

4

It is always hard to compare predictions from different models as they do not rely on the same
algorithms, techniques and assumptions about the expected relationship between the input data and
the environmental variables. In the “biomod2” package, it has been possible to examine the
importance of the variables in the models. Table 5.3 shows every variable’s importance for each
applied algorithm, expressed in values ranging from 0 to 1 (no influence and maximum influence,
respectively). Aspect and slope variables exhibited higher scores concerning stand-alone models.
The other PFs showed moderate levels of importance, such as land use and terraces state of activity.
In the case of EMs, five PFs (i.e., slope angle, slope aspect, planar curvature, terraces and land use)
show significant values.
Table 5.3 Variable score for the stand-alone ML and Ensemble models.
Variables

GBM

ANN

MAXENT

PM

PME

CA

PMW

Slope aspect

0.40

0.52

0.29

0.38

0.39

0.43

0.38

Planar curvature

0.08

0.37

0.11

0.12

0.11

0.15

0.12

Profile curvature

0.08

0.34

0.10

0.10

0.10

0.13

0.09

Slope angle

0.17

0.36

0.17

0.18

0.17

0.22

0.18

Geo-lithology

0.01

0.18

0.03

0.03

0.03

0.05

0.03

TPI

0.05

0.05

0.11

0.05

0.06

0.07

0.05

TWI

0.06

0.03

0.09

0.04

0.06

0.06

0.05

Cover thickness

0.02

0.01

0.03

0.01

0.01

0.02

0.01

SPI

0.01

0.02

0.01

0.01

0.01

0.01

0.01

Terraces state activity

0.10

0.06

0.09

0.08

0.09

0.10

0.08

Land use

0.12

0.06

0.12

0.07

0.08

0.09

0.07

River

0.01

0.01

0.06

0.01

0.02

0.02

0.01

Roads

0.01

0.01

0.04

0.01

0.01

0.01

0.01
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Consequently, CV has been computed to assess EMs uncertainty. Combining the information of
landslide susceptibility and CV map a matrix was developed (Fig. 5.7). Such a matrix-based
approach allowed to generate a “confidence” map (Kim et al. 2018), evaluating the EMs reliability
(Fig. 5.8). In detail, the value of 51 in the matrix table highlights pixels characterized by high
landslide likelihood with low variability. Conversely, a value of 16 means that a pixel has a high
uncertainty with a low proneness to collapse. As can be seen from Figure 5.8, the central and northeastern sectors of Monterosso al Mare catchments showed lower CV values (light areas), while the
other portions of the basins showed high CV values (dark areas). This is an expected pattern, taking
into account that the ensemble models highlighted analogous values of susceptibility in the central
and north-eastern study areas. However, areas with high CV values can be identified where mainly
low susceptibility values are located. In general, the CV map gives a more powerful basis to
estimate landslide-susceptible areas of the study area along with ensemble maps. However, the CV
map could not take into account uncertainty coming from predisposing factors; thus, uncertainties
from variables were reduced by using the same input variables for each SDM.

Figure 5.7 Matrix resulting from all possible interactions between the coefficient of variation and landslide
susceptibility.

The maps in Figure 5.8 (i.e., “confidence map”) presents areas with two different typologies,
namely, zones with a high probability of landslide occurrence and low uncertainty (i.e., 41, 51) and
areas with pixels with low susceptibility and low uncertainty (i.e. 12, 22). Areas with high landslide
susceptibility and high uncertainty (56, 55) were hard to recognize. However, small areas with low
probabilities and high uncertainty (i.e., 15, 16) can also be identified. The graphs represented in
Figure 5.9 confirmed the statistical analyses performed on these maps. As can be observed from the
graph in Figure 5.9a, most of the landslides (about 75%), in all ensemble models, fall into classes
51 and 41 (i.e., high susceptibility and low uncertainty), confirming how EM correctly identified
potential triggering areas, with a low uncertainty value. In addition, landslides falling into low67

susceptibility classes are about 3%. The second graph (Fig. 5.9b) confirms that the largest areas are
those with low susceptibility, although the degree of uncertainty varies from low to moderate
(classes 13, 14, 15). Nevertheless, pixels with higher susceptibility values are mainly distributed
(about 90%) in correspondence of classes 41 and 51. Therefore, highly susceptible areas are not
particularly extended, contrary to those with low susceptibility, and assume low values of
uncertainty.

Figure 5.8 “Confidence map” resulting from the intersection between the coefficient of variation and landslide
susceptibility. a) Mean (PM), b) Median (PME), c) Committee averaging (CA), d) Weighted mean (PMW). For the
colour legend, refer to the matrix of Fig. 5.7.

Figure 5.9 a) Graph resuming the results of the cross-comparison between landslides and each class of the confidence
map; b) graph resuming the results of the cross-comparison between the number of pixels and each class of the
confidence map.
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Lastly, the spatial distribution of the susceptibility values has been evaluated (i.e., the spatial
similarity between the different models was analysed; Fig. 5.10). The ensemble maps have been
divided into five classes (1–5) and, subsequently, an intersection operation between the different
maps has been performed. Each pixel of the intersection map represents the different combinations
that the individual models can assume. Thus, values labelled as 111 represented pixels in which all
models have low susceptibility. Similarly, the pixels labelled as 555 represented areas where all
models have high susceptibility. During this operation, intermediate combinations have been also
obtained as output (e.g., 121), in which the first and third models have a low susceptibility while the
second one has a higher susceptibility. An intersection analysis between the landslides and the
output map was performed. Figure 5.11a represents the obtained areal extension for each class.
“Coherent” classes represent 83% of the total study area, where the main part (42%) is
characterized by the lowest susceptibility level (class 111), while about 15% is represented by the
“non-coherent” classes. In Figure 5.11b, the number of landslides in each specific class and the
relative percentages are represented. About 84% of the total landslides fall within “coherent”
susceptibility values (e.g. 555, 444, etc.), while the remaining 16% are in “non-coherent” classes
(Fig. 5.11c). Furthermore, 55% of the total landslides fall into the 555 class, in which all the models
are characterized by very high susceptibility. Lastly, about 80% of the landslides fall into the
classes with moderate to very high susceptibility.

Figure 5.10 Spatial distribution of susceptibility classes for each coherent susceptibility level.
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Figure 5.11 a) Distribution of landslides for each coherent susceptibility level, b) distribution of pixels for each
coherent susceptibility level, c) distribution of landslides for each susceptibility level, “coherent” (dark green, light
green, yellow, orange and red) and “incoherent” (purple).

5.1.6. Discussion and conclusion
Landslide susceptibility mapping represents an essential tool in terms of landslide risk
mitigation, especially if carried out rigorously and supported by an accurate dataset. In this
contribution, a strategy to develop susceptibility maps that are focused on the detachment phase was
processed. EM modelling has been carried out 100 times, every time with a different combination
of training and testing datasets, for each of the three stand-alone methods. Ensemble results seem to
be encouraging and improved concerning stand-alone methods, showing AUC values higher than
0.9, hence excellent according to the various classifications available in the literature (Swets 1988).
As to confirm, landslide distribution in the study area is mainly concentrated in the areas
characterized by high susceptibility. A further refinement of EM reliability has been achieved by
comparing the ensemble susceptibility maps with the uncertainty value, computed through the CV.
Susceptible areas with low uncertainty value provide high-quality outputs, which may be especially
useful for decision-makers, willing to obtain trustworthy information. Likewise, non-susceptible
areas with low uncertainty value may represent areas where new social and economic activities may
potentially be addressed. Moreover, the spatial comparison done through the intersection of the
different outcomes of each EM shows a general consistency, with a very high coincidence (about
84%) of susceptible areas computed in different ways, and a general presence of inventoried
landslides almost exclusively in high susceptible coherent areas.
By analysing the score derived from the stand-alone and ensemble susceptibility computation, it
is possible to observe that geomorphological variables, such as slope and aspect, are very significant
and influences the debris cover deposition, the hydrological circulation, evapotranspiration
processes and thus erosion, land use and slope dynamics. Among the other variables, an important
role is played by those strongly influenced by human activities, such as the presence of terraces and
their state of activity and land use. The influence of these factors has been already highlighted in
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previous works (Cevasco et al. 2013a, 2014; Brandolini et al. 2018a, b; Pepe et al. 2019), revealing
that the recently abandoned terraces showed the highest landslide susceptibility. Moreover, slope
failures affecting cultivated zones were characterized by a lower magnitude than those occurring on
abandoned terraced slopes. Furthermore, the role of vegetation may also be positive, both increasing
the evapotranspiration potential and controlling the erosional processes. Besides, the constant
maintenance of dry-stone walls, and thus terraces conservation, is a key aspect to preserve the
function of dissipating the pore water pressure excess generated behind the wall and subsequently
protect and conserve a unique man-made landscape (Camera et al. 2012, 2014).
Therefore, these findings can be used by the administrators and decision-makers for planning
any measures in this vulnerable region. By considering this novel approach, the impact of landslides
and associated losses can be minimized. This last aspect should not be underestimated, especially
considering the high-risk condition affecting this area.
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5.2. Landslide Detachment, Transit and Runout Susceptibility – Cinque Terre National
Park case study
The following material is published in the international journal Water (Volume: 13, Issue: 4) in
the Di Napoli et al. 2021 work entitled “Rainfall-Induced Shallow Landslide Detachment, Transit
and Runout Susceptibility Mapping by Integrating Machine Learning Techniques and GIS-Based
Approaches”.
5.2.1. Research objectives
The integration of landslide detachment and runout dynamics has been accepted by many authors
as an appropriate and complete methodology for landslide susceptibility assessment (Hungr 1995;
Corominas et al. 2003; van Westen et al. 2006; Mergili et al. 2019). Regrettably, most of the current
landslide zoning maps only consider susceptibility to landslide detachment, neglecting landslide
transit and invasion (Melo et al. 2019). Nowadays, only a limited number of studies include both
Landslide Detachment Susceptibility (LDS) assessment and Landslide Runout Susceptibility (LRS)
assessment. Most of these studies focused on either landslide susceptibility mapping or mobility
assessment by considering them separately. The coupled prediction of the potential for landslide
detachment and runout remains a challenge for researchers (Pradhan et al. 2017). In Italy, the wellknown landslide disasters of Sarno (Campania Region, southern Italy; Calcaterra et al. 2000;
Guadagno et al. 2005; Revellino et al. 2008) and Giampilieri (Sicilia Region, southern Italy;
Aronica et al. 2012; Lombardo et al. 2016), which occurred in 1998 and 2009, respectively, are
impressive examples of loss of lives and damage experienced by urbanized areas and infrastructure
due to long-distance flow-like movement propagation (up to some km from detachment). As
regards the Liguria region, the recent cases of Cinque Terre in 2011 (Cevasco et al. 2013a, 2014)
and of Leivi (central-eastern Liguria) in 2014 (Cevasco et al. 2017) are still impressed on local
people’s memory since both caused fatalities and severe damage.
In this contribution, a combined methodology to assess simultaneously the susceptibility of
shallow landslide failure and runout has been developed. Such a procedure is based on the
integration between LDS and LRS assessment using, respectively, ML statistical models and GISbased tools. In this application, the methodology has been applied to the whole CTNP. ML
techniques and GIS-based tools were adopted based on their reliable predictive performance and
capability to perform large-scale analysis, respectively. Moreover, GIS-based tools are easy to use
in any GIS software achieving high performance. This kind of susceptibility map can represent an
important tool for urban planning administrations and policymakers. Furthermore, a complete
analysis of these geological hazards is fundamental in risk assessment and management, since the
landslide runout mainly considers the areas located in the lowland zones. In the detachment
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susceptibility analyses, these areas are always underestimated and classified with low to extremely
low landslide susceptibility.
5.2.2. Landslide inventory
CTNP has been historically affected by recurrent landslide events, mostly due to intense rainfalls
(Cevasco et al. 2015; Zingaro et al. 2019). LIM are basic elements of both landslide zoning and
land-use planning (Fell et al. 2008) and they represent powerful and easily understandable tools for
researchers and stakeholders involved in landslide risk management (Guzzetti et al. 2012; Raspini et
al. 2017). A landslide inventory map of CTNP was recently compiled by (Raso et al. 2019b). The
authors conducted a recognition and partial reworking/revision/update of the pre-existing national
landslide inventory such as I.F.F.I. (Inventario dei Fenomeni Franosi in Italia - Landslide
Inventory in Italy) and A.V.I. (Aree Vulnerate Italiane - areas affected by landslides or floods in
Italy) and of previous researches (Cevasco 2007; Raso et al. 2019a). These analyses were performed
through the visual interpretation of satellite images and aerial photos integrated by field validations
and observations.
Geomorphological field surveys were carried out on topographical maps at 1:5000 scale whereas
remote sensing activities were carried out on LandsatTM and GoogleTM satellite images, digital
georeferenced orthophotos taken from both Friuli-Venezia-Giulia Regional Administration and
Regione Liguria Administration and through the use of data obtained from a GNSS (Global
Navigation Satellite Systems) monitoring which started in 2015. Data collected from the field and
remote sensing activities were then georeferenced and digitized as polygons within a GIS
environment. Based on the scale adopted in mapping activity, this map was produced at 1:45000
scale and it includes landslides with size greater than 25 m2. This inventory consists of more than
450 landslides classified according to Cruden and Varnes (1996) and Hungr et al. (2014), and, in
this implementation, a total of 281 rainfall-induced shallow landslides, mostly debris slides, debris
avalanches and debris flows were selected (Fig. 5.12). In addition, the inset in Figure 5.12
represents the area distribution of the landslide inventory used for this case study. The area
distribution of a landslide event quantifies the number of landslides that occur at different sizes.
This curve does not reflect a uniform distribution because most of the landslide are centred around
small dimensions (i.e., ~1000 m2), and their frequency decreases as the landslide sizes increases.
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Figure 5.12 Shallow landslide inventory map used in this study. Landslides are represented by points (data source
modified from Raso et al. 2019a). The inset on the bottom-left of figure represents the area distribution of the Cinque
Terre landslide inventory redacted by Raso et al., 2019a in meter square.

To perform the LDS analysis, as the algorithm works with punctual features, the selected
landslides were represented by points. The highest elevation point of each landslide was chosen as
representative, according to the approach adopted by the Italian I.F.F.I. project, where each
landslide could be statistically identified by mean of its P.I.F.F. (Punto Identificativo del Fenomeno
Franoso - Landslide Phenomenon Identification Point). By convention, P.I.F.F.s correspond to the
highest elevation points on the landslide crown (Trigila et al. 2007); hence, they can be regarded as
landslides source points.
5.2.3. Datasets
Based on the previous knowledge of the study area, the independent variables dataset used in the
modelling consist of 9 geo-environmental attributes: i) slope angle, ii) slope aspect, iii) planform
curvature, iv) profile curvature, v) distance from roads, vi) distance to streams, vii) degree of
abandonment of agricultural terraces, viii) land-use and ix) geo-lithological features. In this
application, being the largest study area, all morphometric variables were derived from a DTM with
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(https://geoportal.regione.liguria.it/). As in the first case study, this analysis has been focused only
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on environmental variables, without taking into consideration triggering factors (e.g., intense
rainfalls).
All PFs were widely described in paragraph 3.1 but, in this implementation, further information
has to give concerning the agricultural terraces. In this study, special care has been paid to the
recognition and mapping of both agricultural terraces and non-terraced areas. In particular, using
data from previous studies (Cevasco et al. 2013a; Di Napoli et al. 2020), four classes were
distinguished: 1. cultivated terraced areas; 2. abandoned terraces with poor vegetation cover (initial
state of abandonment); 3. abandoned terraces with dense vegetation cover (advanced state of
abandonment); 4. non-terraced areas (including either urban areas, outcropping rocks and woods).
5.2.4. Procedure implementation and validation
To achieve the objective of this study a three-step methodology was applied (Fig 5.13). The first
step consisted of modelling and mapping the landslide detachment susceptibility. To assess the
detachment susceptibility for shallow landslides, ML approaches were implemented. The whole
employed procedure to estimate the slope instabilities is the same procedure applied in the first case
study. Achieving reliable models and good models performance, it was decided to employ this
procedure at the park scale. Therefore, EM techniques were exploited to reduce the generalization
error of prediction. Multicollinearity issues were detected by adopting the VIF method and also
calculating the environmental predictors' contribution to the model outputs (i.e., variable
importance). The predictive performance was evaluated with spatial cross-validation estimates of
the AUC, which is one of the most common statistics to assess model performance (Beguería 2006).
Differently from the first application, to identify the potential landslide source areas and to obtain
an outcome compared with the existing landslide hazard zoning maps provided by the local
authorities, the continuous LDS map was classified into six susceptibility classes, precisely from
“very low” to “very high” susceptibility, using Natural Breaks classification methods (Jenks 1967).
Anyway, the complete and detailed procedure description can be consulted in paragraph 5.1.4.
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Figure 5.13 Schematic flowchart showing the steps followed to produce the Landslide Detachment, Transit and Runout
Susceptibility map.

The second step was aimed at modelling Landslide Runout Susceptibility (LRS). The main
objective of these studies was to understand the characteristics of landslides that occurred in the
past to predict the possible future invasion areas, therefore preventing economic losses and fatalities
(Hungr et al. 2005). Calculating the runout of mass movements and understanding their rapidity are
basic elements of any landslide hazard or risk assessment. In this case study, LRS assessment was
performed adopting the geometrical method of the “reach angle” (Hsu 1975), which is one of the
most used empirical approaches to evaluate landslide mobility (further detail in paragraph 3.3 –
Runout Modeling).
In the first phase of LRS assessment, values of H and L were carefully measured, in an opensource GIS environment. This was carried out both for landslides triggered along or upstream of
channels and for failures on open/planar slopes. Subsequently, the reach angle was calculated
through the following formula (5.1):
𝛼 = 𝑎𝑟𝑐𝑡𝑎𝑛

𝐻
𝐿

5.1

The reference values of the reach angle for the two different slope types (i.e., channelled and
open/planar) were obtained through the definition of the modal values. During the second phase,
using the LDS map as a base map, different topographic sections were drawn. These sections
identify the hypothetical/potential path that a detached landslide could travel. The sections were
drawn along the main creeks, in case of channelled slopes, and along the maximum slope line, in
case of open/planar ones. Topographic sections were automatically obtained using the Profile tool
plug-in (Jurgiel et al. 2020) in open-source QGIS. In the third phase, Maximum Invasion (MI)
points were identified for different potential detachment points positioned in the upper part of the
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slope (Fig. 5.14a). The straight-line equation was used to define the MI point corresponding to a
certain potential detachment point. Such a straight-line is described by the following equation (5.2):
𝑦 = 𝑥 𝑡𝑔𝛼 + 𝑐

5.2

where:
α = reach angle;
x = progressive distance;
c = highest detachment point altitude.

Figure 5.14 a) Example of an LDS map showing the topographic sections on channelled slopes (blue lines represent the
streams) used to identify the MI points and their susceptibility. Squares and circles represent the detachment and the MI
points, respectively, of potential landslides detached at different points in the upper part of the slope along a selected
topographic profile (yellow line); b) geometric sketch of MI point identification; x n and yn are the co-ordinates of the
selected detachment points; Y’n are the respective MI points. Different colours of squares and circles refer to the LDS
and LRS classes, respectively.

Starting from the highest elevations, different detachment points (Cn) were considered along the
topographic profile. Each point was positioned within a certain susceptibility class derived by the
LDS modelling. Subsequently, every point of the straight line was iteratively compared with the
local topography obtained through the DTM. In this way, the MI point (Y’n) is identified by the
intersection between the straight line and the local topographic profile (Fig. 5.14b). The
susceptibility assigned to the MI point is the same as its potential detachment point.
Lastly, as a third step, to produce the Landslide Detachment, Transit and Runout Susceptibility
(LDTRS) map, information coming from the previous analyses (namely, LDS and LRS
information) were used. Specifically, the implementation of the LDTRS map was carried out
through areas enveloping procedure aimed at i) harmonizing areas with different LDS and ii)
including information derived from the LRS assessment (i.e., areas showing the same susceptibility
degree to both detachment and runout were enclosed in a single area). To ensure higher safety
conditions, a conservative approach was adopted during the areas enveloping procedure. Hence,
priority was always given to the highest susceptibility classes (Fig. 5.15). In this way, the areas
located downstream of a portion with a higher susceptibility are included in these ones, even if they
are characterized by a lower susceptibility.
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Figure 5.15 Schematic representation of the procedure used for assigning the LDTRS class to a stretch of the
topographical profile during the areas enveloping procedure. Coloured slope sections are the LDS class; coloured lines
are the different calculated straight lines; squares identify the potential detachment points and their related susceptibility
class; circles represent MI points and their related susceptibility class. The lower part of the figure shows a simplified
representation of the conservative approach applied, which gives priority to higher susceptibility classes.

Figure 5.16 summarizes the different operations executed during the area enveloping procedure.
LDTRS sectors were drawn in order of decreasing susceptibility class (Fig. 5.16b-f). Furthermore,
an attempt was made to obtain an indication of the goodness and effectiveness of the LDTRS
model. The test area of the Vernazza catchment, where data from the catastrophic event of 25th
October 2011, were available (Cevasco et al. 2013), was selected. The adopted testing methodology
consists of a quantitative comparison of the deposition areas of shallow landslides (mostly debris
slides and debris avalanches), detected through field surveys and aerial imagery analysis, with the
respective degree of susceptibility resulting from the output LDS and LDTRS maps. As debris
flows propagated into the drainage network, they were not included in this analysis. In fact, in this
case, the deposits were swept away along the channels and uncertainties occurred in identifying the
boundary between debris flows and debris flood deposits (Bordoni et al. 2020).
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Figure 5.16 Representative steps followed to obtain the LDTRS map. The selected area is located close to Monterosso
(western sector of the Cinque Terre National Park). a) Details of the LDS map with topographic profiles (blue lines)
and MI points (circles); b) envelope procedure for areas with “very high” LDS degree including information derived
from the LRS assessment; c-f) harmonization of areas with “high”, “medium”, “low” and “very low” LDS degree,
respectively; g) and h) examples of real topographic profiles that outline the conservative approach applied during the
areas enveloping procedure; the susceptibility values along each profile refer to sub-figure (a); the final susceptibility
value is shown in the bar at the bottom of each picture and refers to sub-figure (f).

5.2.5. Landslide “detachment, transit and runout” susceptibility outcomes
In landslide susceptibility modelling, the predictive capability of the predisposing factors should
be considered and factors with non-predictive value should not be included in the models,
improving the performance of the prediction. In this study, VIF was examined to estimate the
possible correlations between each variable. In this study, VIF values of each predisposing factor
are smaller than 4, values greater than 5 or 10 denotes multicollinearity issues (Hair et al., 2010).
The highest VIF is 1.94, corresponding to slope angle, while the smallest one is 1.02, which is
associated with slope aspect. No multicollinearity problems were found among the predisposing
variables considered in the analyses and the outcomes have been summarized in Table 5.4.

79

Table 5.4 Multicollinearity diagnosis indices for the selected variables and their importance for the Weighted mean
(Wmean) ensemble model.
Variance

Variable

Inflation

importance

Factor

(Wmean)

Slope angle

1.94

0.22

Slope aspect

1.02

0.24

Profile curvature

1.35

0.04

Planform curvature

1.54

0.12

Degree of abandonment terraces

1.39

0.38

Distance to road

1.18

0.02

Distance to river

1.28

0.01

Geology

1.36

0.04

Land use

1.14

0.06

Predisposing
Factors

Another meaningful outcome, which allowed to understand the contribution of PFs to the model
outputs, is related to the significance of the selected variables. The results of the analysis show that
slope angle, slope aspect and the degree of abandonment of agricultural terraces are the most
important factors affecting landslide models (Table 5.4). The most important PFs for LDS
assessment are related to agricultural terraced slopes that were abandoned and covered by
Mediterranean scrub, unlike the areas where agricultural terraces are still cultivated or have been
recovered in recent years (Table 5.4). The LDS map that resulted from the calculation of the
weighted mean probability of the different models was reclassified into six classes describing the
different susceptibility to landslide detachment (Figure 5.17a).
As can be seen from Figure 5.18, the distribution of landslides is characterized by an increasing
trend, with the highest number of landslides placed in the high and very high susceptibility classes
(ca. 63%). On the contrary, the areal distribution shows a decreasing trend, with the majority of
areas characterized by low and very low susceptibility values (ca. 58%) and a small area
characterized by higher values (ca. 14%). The opposite direction of the two trends reveals that most
of the landslides fall within the highest susceptibility classes, although the range recognized as
susceptible has a limited extension.
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Figure 5.17 a) LDS map of the Cinque Terre National Park obtained by using Machine Learning techniques; b) LRS map showing both the topographic sections and
the related MI points; c) LDTRS map of the whole study area; (d–f) detail of the LDS, LRS and LDTRS maps of the Vernazza catchment (western sector of the Cinque
Terre National Park, black bold line).

Figure 5.18 Results of the statistical analysis carried out through the Ensemble Wmean method. Orange bars represent
the number of landslides falling in each LDS class, while the blue bars indicate the areal extension of the different LDS
classes.

The first step of LRS assessment was to determine the reach angle of the inventoried landslides.
As reported in Figure 5.19, reach angle values calculated for channelled landslides were generally
lower than those related to landslides that occurred on open/planar slopes. In particular, the most
frequent reach angle values for channelled and open/planar slopes landslides are in the range 26° 30° and 36° - 40°, respectively. The choice of the reference values was made through the definition
of the modal value, namely the higher frequency identified in the two respective classes, adopting a
conservative approach. Therefore, values equal to 28° and 36° for landslides potentially occurring
on channelled and open/planar slopes were chosen, respectively.

Figure 5.19 Frequency distribution of reach angle values for landslides that occurred on channelled and open/planar
slopes.
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Topographical sections were drawn as explained previously. In this way, 453 topographic
sections were drawn (Figure 5.18b). This procedure allowed to identify 1853 MI points;
subsequently, an LRS class has been assigned to each of them. The number of identified MI points
is higher than the topographic sections drawn since along each section it was possible to identify up
to five MI points.
The final product is a detailed LDTRS map resulting from the integration of the procedures used
for LDS and LRS assessment (Figure 5.17a,b). In this way, besides susceptibility to shallow
landslides detachment, both transit and runout susceptibility were taken into account (Figure
5.17c,f). The LDTRS map analysis (Figure 5.17c) highlights differences in the spatial distribution
of susceptibility. Generally, terraced coastal slopes show high and very high susceptibility.
Regarding the inland portions of the territory, high susceptibility values can be observed within the
Vernazza catchment and in the areas behind the Monterosso al Mare hamlet. Interestingly, in the
Vernazza catchment, there is a marked difference in susceptibility values between the western and
the eastern side of the basin. In this case, the greatest landslide occurrence and susceptibility values
were found on the right side of the catchment. On the other hand, the lowest landslide susceptibility
classes are located at a higher altitude. Furthermore, most of the stream channels show high
susceptibility values, highlighting their crucial role during debris flows runout.
Eventually, indication on the goodness of the LDTRS model was obtained for the test area of
Vernazza through the comparison between deposition areas of shallow landslides that occurred on
25th October 2011, and respective degrees of susceptibility in the LDS and LDTRS maps. The
obtained results are summarized in Figure 5.20. It can be noticed that the percentage of deposits
falling in areas with high and very high susceptibility increases from about 48% for LDS to about
82% for LDTRS. At the same time, the percentage of deposits falling in areas with very low to
medium susceptibility decreases from about 52% for LDS to about 18% for LDTRS.

Figure 5.20 Percentage and size of shallow landslide deposition areas (25 th October 2011, rainstorm event) falling into
different LDS (oblique line fill) and LDTRS (continuous fill) classes.
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5.2.6. Discussion
In this application, a combined approach was used to obtain a thematic map considering both
aspects. Outcomes of the first part of this work have been focused on the LDS assessment. Such
results revealed that the main causes of slope instability are: i) abandonment of agricultural terraces
(Wmean parameters importance = 0.38), ii) slope aspect (0.24) and iii) slope angle (0.22). The high
LDS of terraced areas can be chiefly interpreted as the outcomes of two conditions. Firstly, the flat
portion of agricultural terraces hampers runoff avoiding soil losses, and, secondly, it increases water
infiltration (Arnaez et al. 2011). During rainfall, the combination of these two hydrological
functions leads to the formation of a groundwater table at the interface between layers (i.e., slope
deposit and underlying bedrock) characterized by different permeability. The aforementioned
conditions strongly influence slope stability (Tarolli et al. 2014). The lack of maintenance of
agricultural terraces and artificial drainage networks caused by the progressive abandonment of
agricultural practices becomes one of the main factors in increasing LDS (Cevasco et al. 2014;
Brandolini et al. 2018a). Generally, the highest amount of rainfall-induced slope instabilities
occurred on abandoned agricultural lands, while a small portion of them affected cultivated terraced
slopes. Moreover, slope failures affecting cultivated zones were characterized by a lower magnitude
than those occurring on abandoned ones (Brandolini et al. 2018a). Furthermore, Cevasco et al.
(2014) reported that terraces abandoned for a short time showed the highest landslide susceptibility.
Slope angle is notoriously one of the most important predisposing factors, as gravity is the
engine of landslide movements. Namely, the steeper the ground surface, the greater the magnitude
of driving forces and the expected velocity of landslide movements. Indeed, more than 70% of the
CTNP presents slope angles greater than 21°. Slope aspect plays a fundamental role in controlling
soil moisture through solar radiation and rainfalls; in fact, the highest number of landslides are
located on slopes facing SE-SW quadrants (72.3%). This could be explained by the presence of
highly humid winds coming from the sea. Such winds increase humidity in south-faced slopes and,
when heavy/intense rainfall occurs, the difference in water content of south-facing soil covers can
play an important role in influencing triggering landslides (Dehnavi et al. 2015; Turan et al. 2020).
Furthermore, north-facing slopes suffer from more severe weathering, since in the Northern
Hemisphere these slopes preserve higher moisture than south-facing slopes. Therefore, it is
expected that north-facing slopes have higher landslides occurrence compared to south-facing
slopes. However, it should be noted that south-facing slopes may be subjected to greater landslide
activity due to more frequent wetting–drying cycles compared to north-facing slopes (Sidle and
Ochiai 2006).

84

Despite the complex geological and geomorphological setting of the study area, ML methods
implemented in this work provided LDS maps of good quality, especially after the implementation
of the EM that boosted the performance of LDS assessment (AUROC = 0.9). This statistical
approach allowed to consider a great amount of available input data. In particular, the easy
implementation of a great number of predisposing factors over a large area made ML techniques a
more reliable solution for LDS mapping. During the subsequent phase of this study, reach angle
identification was performed. The obtained results showed different modal values of the reach angle
for channelled and open/planar slopes (28° and 36°, respectively). This difference, which is in
agreement with several works reported in the literature (Corominas 1996; Calcaterra et al. 2003a),
confirms that, on average, channelled landslides travel longer distances than landslides occurring on
open/planar slopes. Moreover, it is worth noting that the obtained modal reach angle values are
higher than those obtained in other areas (Corominas et al. 2003). This could be related to the fact
that the reach angle depends on different factors (e.g., landslide volume, type of movement, land
use, soil properties, water content, topographic constraints) that may differ from one setting to
another. Given the high number of landslides selected in this study, it was not possible to identify
with accuracy, among these factors, those responsible.
Using the LDS map as a basis, the application of the geometric method of the “reach angle”
allowed mapping of MI points and their susceptibility. Through the combination of the procedures
used for LDS and LRS assessment, the LDTRS map was obtained. The comparison between LDS
and LDTRS maps highlights how certain portions of the study area show an opposite degree of
susceptibility. This especially occurs in flat areas located at the base of slopes that, despite a low
LDS, could be affected by the flow-like landslides runout (Fig. 5.16). Information in this sense were
obtained comparing the propagation areas of shallow landslides occurred on 25th October 2011, at
Vernazza with the degree of susceptibility resulting from the LDS and LDTRS maps (Fig. 5.21).
The outcomes of this comparison were very encouraging, indicating a higher performance of
LDTRS map concerning LDS map (percentages of landslide deposits falling in areas with high and
very high susceptibility of 82% and 48%, respectively). The availability of future events data could
provide further information about the reliability and effectiveness of the LDTRS map obtained in
this study.

85

Figure 5.21 a) Slope map of the Vernazza catchment; the black frame represents the area shown in detail; b) and c)
detail of the LDS and LDTRS maps, respectively, with superimposition of deposits of a shallow landslide triggered on
25th October 2011.

5.2.7. Conclusions
In mountainous and hilly areas, rainfall-induced shallow landslides have always been important
worldwide threats for settlements located at the base of steep slopes. During detachment phases,
such landslides are often shallow, but subsequently, they can evolve in higher-magnitude,
dangerous mass flows with strong impacts on the social fabric. In this study, a methodology aimed
at producing a shallow landslide susceptibility map taking into account both detachment and runout
was presented. The proposed methodology was applied to the CTNP, which is an area characterized
by increasing shallow landslide risk. The novelty of this work consists of a processing chain that
considers both the detachment and runout susceptibility assessment. Moreover, the use of input data
simply derived from DEMs allows for achieving a good level of accuracy at such a scale of analysis
and predictive efficiency also in case of a lack of exhaustive information. The results obtained in
this work indicate that the susceptibility map taking into account both detachment and runout
performs better than a simple detachment susceptibility map. Therefore, the proposed methodology
may be particularly useful for areas where rainfall-induced shallow landslides constitute a threat to
human lives, buildings and infrastructures. In particular, the obtained map will be helpful for urban
and land planning, as well as for decision-makers and stakeholders, to predict areas where rainfallinduced shallow landslides are likely to occur and travel in the future and to identify areas where
hazard mitigation measures are required. Hence, this tool represents a step forward for more proper
territorial planning.
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5.3. Introduction to landslide intensity – a case study from Monterosso and Vernazza
In the previous two applications, models were implemented by using ML algorithms. In this last
step of the study, the modelling approach deviates from the previously implemented fitted models
that are based on binary presence/absence data. Specifically, a Bayesian hierarchical Cox point
process model that describes landslide counts has been exploited (Lombardo et al. 2020). Precisely,
Log-Gaussian Cox Process (LGCP), have rarely and only recently been employed in landslide
applications (Lombardo et al. 2018), by assessing the landslide intensity rather than susceptibility.
Landslide intensity represents an alternative measure, which includes landslide susceptibility. In
fact, the latter only estimates where landslides may occur whereas the intensity probabilistically
assesses where and how many landslides are likely to occur in any given terrain mapping unit.
Below, this concept will be further detailed.
5.3.1. Research objectives
Maps that attempt to predict landslide occurrences have essentially stayed the same since (Brabb
et al. 1972), even if models and algorithms have undoubtedly changed in fifty years. However, the
current literature almost unanimously presents spatial models that evaluate whether a given
mapping unit is expected to be stable or unstable (Reichenbach et al. 2018). This principle
corresponds to landslide susceptibility, a paradigm that completely ignores how many landslides
may trigger within a given slope, how large these landslides may be and what portion of the given
slope they may interfere with. This way to evaluate landslide susceptibility presents a binary
presence-absence set-up, which when probabilistically addressed essentially boils down to the
implementation of a model that explains landslide occurrences according to a Bernoulli probability
distribution. Conversely, Lombardo et al. (2018) have recently proposed an alternative procedure to
estimate how many landslides may occur per mapping unit via the landslide intensity concept.
Predicting landslide intensity, an alternative measure complementary to landslide susceptibility,
provides more detailed and complete information as compared to the classical susceptibility
mapping approach based on relative probabilities. The intensity can be estimated by assuming that
the distribution of landslide counts per mapping unit behaves according to a Poisson probability
distribution. Therefore, the choice of Poisson distribution rather than a Bernoulli case, brings a
paradigm shift in the probabilistic models implemented so far extending the common binary
situation, modelling counts instead of presence-absence data. A major benefit is an access to richer
spatial information on landslide characteristics, which can be used to better plan mitigation
measures for landslide hazard and ultimately risk. In fact, the number of landslides per mapping
unit has been shown to closely follow the expected size of landslides for the same units, thus
bringing the model one step closer to the standard definition of hazard.
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In addition to the expectation of landslide occurrences across a given geographic space and/or
time, the size of the landslides are considered to be equally important (Bellugi et al. 2021). The
landslide area is in fact the only spatially reliable measure currently available over large geographic
areas. Another alternative measure and probably even more suitable for landslide hazard is the
kinetic energy associated with a moving mass. However, this measure is barely measurable in the
field for single landslides, let alone for hundreds or thousands. This, in turn, makes the area the
most suitable candidate to assess the landslide hazard when the scope of the analyses covers
catchment to regional and even larger spatial contexts. Unfortunately, recent works, besides
neglecting the potential number of landslides within a given mapping unit, have also ignored the
information of the expected planimetric area or volume associated with landslides. At best, the
geomorphological community has dealt with landslide sizes as part of the landslide event magnitude
estimation albeit this parameter in itself can be associated with thousands of landslides, thus
neglecting the spatial nature of the problem at hand (Malamud et al. 2004). Recently, Lombardo et
al. (2021) have proposed an innovative approach to build statistical models capable of predicting
the planimetric area of event-triggered landslides (Malamud et al. 2004; Guzzetti et al. 2012). In
addition, Lombardo et al. (2020) have demonstrated that intensity is also closely correlated to the
cumulated landslide area per mapping unit.
Therefore, in this study inspiration was taken from both of the above-mentioned contributions.
Specifically, the spatial realization of landslide areas as information of crucial importance was
considered. But, because (Lombardo et al. 2021) model this quantity on a logarithmic scale, an
alternative way to keep the target in a metric scale was explored, which is much more intuitive to
model, interpret and make decisions upon. What was attempted to do to achieve this task is to look
back at the relation landslide intensity vs landslide area, demonstrated in (Lombardo et al. 2020a).
There, the authors showed that these two quantities are closely related, almost in a linear relation to
one another.
Therefore, instead of modelling directly landslide areas in a Log-Gaussian framework, it was
opted to initially model the landslide intensity, estimate the dependence that exists concerning the
landslide area and transform the intensity to area in a post-processing step. This operation ensures
that the estimated landslide areas per mapping unit are expressed in squared meters. This further
allows one to divide this quantity by the size of the mapping unit itself and generate landslide areal
density models, a suitable candidate to express the hazard at any given location.
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5.3.2. Materials and methods
This section briefly introduces to the study area characteristics and the landslide inventory
employed for the simulations. Subsequently, the spatial partition and the environmental factors are
described, together with the model selected.
5.3.3. Study area and landslide inventory
The study area where landslide intensity estimation was conducted is a portion of the CTNP (18
km2 wide), including Monterosso al Mare and Vernazza catchments. This area was selected because
of the severe rainfalls they experienced in October 2011, which, in turn, produced a rich landslide
inventory (Cevasco et al., 2013; Schilirò et al., 2018). The peculiarities of the landslide inventory
used were already discussed in section 5.1.2.
Figure 5.22 shows an overview of the study area and the landslides triggered by the extreme
rainfall event. For this study, a total number of 695 landslides was considered.

Figure 5.22 a) Overview of the landslide inventory and boundary of the study area; b) Slope Unit partition
superimposed to the slope aspect. The green point corresponds to the location of the Monterosso weather station.

Also in this case study, an area distribution graph is shown (Fig. 5.23a). This inventory is more
detailed than the inventory used in the second case study. For this reason, Figure 5.23a highlights a
further shift to the left in the frequency of landslides with more limited extensions. Moreover, as
discussed hereafter in sections 5.3.5 and 5.3.6, the estimated landslide intensity is used to determine
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the expected landslide area aggregated by SU. For this reason, Figure 5.23b shows that the
relationship between observed landslide (observed count) and the landslides areal extent (observed
landslide area) is following a trend where at increasing count the aggregated landslide area also
increases (Lombardo et al., 2020). The geomorphological validity of this relation could not hold in
cases where a single or very few landslides combined would return an aggregated landslide area
greater than many landslides together within a given mapping unit. The plot below suggests that not
such case is applicable to our study area, and the only exception to the rule consists of the outliers
(black dots) shown for limited counts along the x axis. condition.

Figura 5.23 a) Area distribution of the Cinque Terre landslide inventory redacted by Cevasco et al., 2013; b)
association between landslide counts and areas observation.

5.3.4. Mapping units and covariate set
To model landslide intensity a hierarchical structure was adopted. The hierarchy here is driven
by a dual-use of mapping unit, expressing different spatial characteristics of the intensity model.
Specifically, high-resolution Grid-Cells (GCs; Reichenbach et al. 2018) are used to construct the
skeleton of the model in the form of the target variable and associated covariates. These units are
then combined with a coarser resolution mapping unit such as Slope Units (SUs, Carrara et al.
1995), at which level the Latent Spatial Effect was computed. The combination of these two
elements contributes to the estimation of the landslide intensity, which at the scale of the single GC
is hardly distinguishable from the traditional susceptibility but as one aggregate to coarser spatial
partitions, it begins to provide much richer information on how many landslides one can expect at
certain locations (for more details, see Lombardo et al. 2019). More specifically, a 20 m resolution
GC partition was selected whereas the SUs were computed by using the r.slopeunits, an open
software for GRASS GIS (GRASS GIS Development Team 2020) developed by Alvioli et al.
(2016), for the automatic partitioning of a landscape into SUs. r.slopeunits was parameterized by
using a circular variance of 0.4, a minimum SU area of 12500 m2 and a flow accumulation
threshold of 100000 m2, returning 171 SUs (Fig. 5.22 b). SUs are geomorphological and
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hydrological terrain subdivisions bounded by drainage and divide lines (Carrara 1988; Alvioli et al.
2016) and they represent a good geometric description of natural slopes, where most landslides
occur. Their strength, in the specific context of landslide modelling (irrespective of the
susceptibility or intensity framework), resides in their ability to express the morphodynamic
response of a slope to a given failure, independently from the neighbouring units.
The morphometric covariates selected to build the intensity model have been derived from a 5 m
DEM accessed from the geoportal of the Ligurian region (https://geoportal.regione.liguria.it). This
DEM has been later resampled at 20 m resolution to match the squared lattice which was defined.
This 20 m reticular structure was chosen to generate counts beyond the mere 0/1 binary situation
and to keep the covariate hyperspace to a size that could be more easily handled (to keep the
computing costs in a reasonable size). The Euclidean distance was also computed from each GC to
the nearest road or trail. As result, the following covariates set were selected: i) Elevation; ii) Slope
Steepness; iii) Eastness; iv) Northness; v) Planar and vi) Profile Curvatures; vii) Relative Slope
Position; viii) Topographic Wetness Index; ix) Distance to road or trail; x) Distance to stream; xi)
Land Use; xii) Terrace status; xiii) Geology (further detail in section 3.1). Table 5.5 resumes the
codes used for the categorical environmental variables.
5.3.5. Landslide “intensity” modelling
The inventory database is composed of 695 rainfall-induced shallow landslides. By counting
their distribution per mapping unit, the resulting data as a Point Process can be modelled. More
specifically, a Poisson Point Process can be defined as equation 5.3:
𝑁 (𝐴) ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 ∫𝐴 𝜆 (𝑠) 𝑑𝑠

5.3

where N(A) is the number of the expected landslides within the study area, λ is the intensity
assumed to be ≥ 0, and s is each of the GC within the park. This framework can be extended
towards a doubly stochastic structure where the original stochasticity brought by a Poisson model is
combined with the stochasticity of a Gaussian model. The latter being particularly useful to
implement any sort of covariate effects. Such a task can be achieved by conveniently expressing the
intensity on a logarithmic scale and modelling the latter via a Gaussian probability distribution. This
procedure gives rise to Log-Gaussian Cox Process, and in this study can be expressed as follow
(equation 5.4):
log{𝜆 (𝑠)} ~ 𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛 𝑃𝑟𝑜𝑐𝑒𝑠𝑠
𝐽

= 𝛽0 + ∑ 𝛽𝑗 𝑥𝑗 (𝑠) + 𝑓𝐺𝑒𝑜𝑙𝑜𝑔𝑦 + 𝑓𝐿𝑎𝑛𝑑 𝑈𝑠𝑒 + 𝑓𝑇𝑒𝑟𝑟𝑎𝑐𝑒𝑠 + 𝑓𝐿𝑆𝐸
𝐽=1
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5.4

where β0 is the global intercept, βj are the fixed effects used to model continuous covariates and
fgeology, fLand

Use

and fTerraces are the random effects for categorical properties, whereas fLSE is the

random effect for the LSE.

Table 5.5 Codes classification of the categorical environmental covariates.

Land use

Geology

Terrace
Status

Covariate

Code

Description

T1

Abandoned terraces with dense vegetation cover

T2

Cultivated terraced areas

T3

Abandoned terraces with poor vegetation cover

T4

Non-terraced areas

G1

Macigno Sandstones

G2

Groppo del Vescovo Limestones

G3

T. Pignone Marls

G4

Gabbros

G5

M.te Veri Argillites and Limestones

G6

Serpentinites

G7

Gottero Sandstones

G8

Val Lavagna Schists

G9

Basalts

G10

Cherts

LU1

Complex Cultivation Patterns

LU2

Mixed Forest

LU3

Urban and Industrial Area

LU4

Olive Groves

LU5

Moors and Scrubs

LU6

Abandoned Olive Groves

LU7

Vineyards

LU8

Abandoned Vineyards

LU9

Sclerophyllous Vegetation

LU10

Beaches, Dunes, Sands and Bare rocks

LSE is used to capture the signal of unobserved covariates, such as the trigger, defined over SUs
(see section 3.4.1). These problems are commonly solved via Generalized Additive Mixed Models
(GAMM; Steger et al. 2021), which, in this application, it is implemented in the Bayesian
formulation via INLA (Rue et al. 2009).
Two important properties of the landslide intensity should be recalled. The intensity can always
be converted into the most common susceptibility being the latter binary case a simpler realization
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of the count framework (Lombardo et al. 2019b). This can be achieved via the following
formulation (equation 5.5):
𝑆𝑢𝑠𝑐𝑒𝑝𝑡𝑖𝑏𝑖𝑙𝑖𝑡𝑦 = 1 − 𝑒 −𝜆𝐴

5.5

Also, handling the intensity information over space is much easier than doing the same in the
susceptibility case. In fact, the susceptibility is mapping-unit dependent whereas the intensity
benefits from the aggregation property across any spatial units. In this work, this moving from the
GC partition to the SU one, by summing all the λ values estimated within a given SU. Furthermore,
landslides areas falling within each different SUs were quantified by measuring the size of each
landslide as the planimetric area of the polygon encompassing it, namely landslide size. This
information was then aggregated per SU by summing up the contribution of the distinct landslides
area, obtaining the total planimetric area of mass movements per SU.
Being the model hierarchical in nature, the performance at the level of the two mapping units
were evaluated. At GC scale, where the data is almost binary, AUC evaluation has been used
(Arabameri et al. 2020). At the SU level, the agreement between the observed landslide counts and
aggregated intensities were checked. In addition, the predictive performance of a fitted model has
been evaluated using the Leave-One-Out-Cross-Validation (L1O) method (Tanyas et al. 2019;
Lombardo et al. 2020a). The idea of the cross-validation is to perform several splitting of the data
into the training sample used for fitting the model, and into the validation sample (remaining data)
used for evaluating the predictive accuracy (see section 3.2.1). In the L1O procedure, each data
object (in this case SU) is left out from the sample and used for validation. This means that different
models are fitted (namely, 171), each one calibrates on 170 SU and alternatively predicted on the
remaining one. It is important to note that this CV scheme was chosen to perturb the spatial
dependence contained in the distribution of landslides. In fact, if single GC were removed at
random, the spatial scale at which these units act, would have not weakened the spatial structure
captured via the LSE. Conversely, removing all the GC contained in each of the 171 SU partitioning
the study area would have caused any residual spatial dependence to be weakened enough to test the
model as a predictive tool rather than a simpler exploratory tool.
Moreover, to go back to the initial research question, it was tested whether the estimated
intensity (both the fitted and the CV one) per SU correlated with respect to the aggregated landslide
area. This hypothesis was tested through visual interpretation (plotting one measure against the
second) and also by computing the Pearson correlation coefficient between the two. For the visual
part, a model with a reasonable performance should produce values aligned with the main diagonal
(i.e., the 45° line), whereas Pearson correlation coefficients close to 1, imply a close association
between counts and areas per SU. Lastly, analyses on linear and random effects were conducted to
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verify the contribution of each covariate to the fitted model. This procedure values the exploratory
component of our modelling protocol whereas the spatial cross-validation scheme provides a
measure of how accurate the implemented model is in predicting unknown data.
5.3.6. Additional details: from landslide intensity to hazard and density
The landslide intensity has been shown to correlate with the total planimetric extent of landslides
for each main unit (Lombardo et al. 2020). In the above-mentioned work, Lombardo and co-authors
recognized this characteristic and stated that because of it, their model was the first unified hazard
model, as per the current definition. However, Lombardo and co-authors stopped at this observation
and missed an important implication. If intensity and landslide sizes can be expressed one as the
function of the other, this also means that one can convert landslide intensity maps into expected
landslide size-related maps.
In this work, this possibility by estimating the intensity per SU and then fitting a simple linear
regression to predict the landslide extent for each SU was explored. The simple linear regression
where the dependent variable is the sum of all landslide planimetric areas (for the positive part) per
SU and the independent variable is the corresponding landslide intensity were employed to estimate
the landslide area by means of the following equation (5.6):
𝑌 = 𝑎 + 𝑏𝑋

5.6

where Y is the dependent variable (i.e., landslides areas aggregated per SU), a is the intercept, b is
the angular coefficient and x is the explanatory variable, namely estimated landslide intensity.
Furthermore, additionally, the analysis consists in dividing the estimated landslide areas for the
corresponding SU size, thus estimating the landslide density.
5.3.7. Landslide “intensity” outcomes and discussion
At the scale of a fine GC, the data is usually near-binary in nature. In other words, no large
landslide counts are contained. For this reason, two levels of performance assessments were
implemented. At the GC level, Receiver Operating Characteristic curves (ROC) and their Area
Under (AUC) the Curve were computed. At the scale of the SU, the agreement between observed
and estimated landslides counts were checked. The corresponding results are shown in Figure 5.24
where the whole procedure appears to be very stable, irrespective of the considered mapping unit.
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Figure 5.24 The bottom-right inset highlights the AUC value obtained for fitted models at GC level, whereas, the main
graph shows the relationship between observed vs. estimated landslides aggregated for SU.

The performance of implemented model appears to be satisfactory. Indeed, visually and
intuitively the graph highlights how the observed and predicted landslides pattern, aggregated per
SU, match. Furthermore, to provide a numerical overview of the model’s performance, the AUC
was computed. Considering the classification proposed by Swets (1988) where values lower than
0.5 are considered random, values between 0.5 and 0.7 are accepted as poor, fair in the range 0.7 0.9 and, lastly, excellent for values greater than 0.9; the obtained AUC is diagnostic of outstanding
performance (i.e., 0.916).
Inspected the model reliability and the positive relationship that exists between the observed and
predicted landslides, cross-validation (i.e., L1O) was carried out in order to test the model as a
predictive tool. With L1O, it is possible to verify whether the model can correctly estimate
unknown landslide counts. Figure 5.25 shows the performance obtained for both the fit and the
L1O. An LGCP model with the landslides surveyed after the October 2011 event was implemented.
To adjust and verify if any covariates were missing in the model, or better, if any residual spatial
coherence still existed aside from the one captured by the explicit covariates, a Latent Spatial Effect
was also estimated by using a Besag model. A Besag model essentially computes the residual
between a reference intensity model and the observed counts per SU. Then, it averages out these
residuals per SU with respect to the neighbouring SUs, plus a random component. This operation
captures residual spatial structures in the data and informs the model about them. A grid-search was
implemented to find the optimal hyperparameter for the Latent Spatial Effect, after which, the Fit
95

and L1O produced an agreement between observed and estimated landslide counts as shown in
Figure 5.25.

Figure 5.25 Performance obtained for both the fit and the L1O, c-d) q-qplot.

Let’s recall here that the use of the fit ensured a benchmark against which we could compare the
potential drop in performance when our model would have had to estimate unknown data. And, it
also provided the base to interpret the covariate effects via a model that has all the available
information within the study area. As for the L1O, the choice of this predictive framework ensured
the assessment of the implemented model as a predictive tool. Once the model performance in its
two forms was demonstrated to be suitable, it was checked the agreement of the intensity with
respect to the landslide sizes. Figure 5.26 shows that this relationship exists almost equally for the
fit and the L1O. Thereby, it was possible to model the landslide area, aggregated per SU,
considering the obtained estimated intensity.
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Figure 5.26 Correlation analysis between estimated intensity vs. observed landslide area.

This has been achieved via a simple linear regression, where two parameters were obtained,
namely intercept and angular coefficient. Furthermore, planimetric area information of the different
SUs were also available. Thus, it was possible to estimate the landslide area density per each SUs
expressed in percentage. This was simply achieved by dividing the obtained landslide area by the
area of each SU.
In summary, Figure 5.27 groups all the results obtained with the proposed mapping procedure,
i.e. the landslide intensity map at pixel scale and aggregated per SU, the predicted landslide area for
each SU and lastly, the landslide density per SU. The figure highlights what has been derived for
both fit and L1O. Firstly, it is worth emphasizing that the pattern of the fitted landslides count is
extremely close to the pattern shown for the corresponding L1O cases, this is valid both on the
continuous scale and in the aggregates for SUs ones. The results clearly show that the central parts
of the Vernazza and Monterosso hamlets are the most prone to instability, reaching higher intensity
values (colour in yellow). In addition, the intensity at pixel scale is displayed using continuous
values, as frequently appointed in Italy in the framework of landslide risk management. Moreover,
the wide areas with the greatest intensity fall within the Vernazza catchment, which is also
confirmed by the highest number of landslides surveyed in the same territory. When the intensities
are aggregated per SU, the instability of the central sectors is more emphasized. In particular, the
estimated landslides areas reach values of about 7000-8000 m2. Considering also the soil and debris
covers thickness that could be mobilised, the involved volumes are considerable and the phenomena
occurrence probability, such as October 2011 event, is very likely. The higher instability of the
central portions, especially for the Vernazza basin, is also confirmed by the landslide density where
the percentages are greater than 8% for the SU.
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Figure 5.27 From top to bottom: landslide intensity map based on grid-scale resolution; landslide intensity map
aggregated per SU; predicted landslide area map for each SU; landslide density area also aggregated per SU.

In addition, it must be stressed that the southern portions of the study area, characterised by
coastal cliffs, do not fall within areas classified as high intensity because falls and topples were not
taken into account, and the analysis focused only on rainfall-induced phenomena.
Finally, the linear and random effects contributions were analysed. Figure 5.28 plots the
estimated coefficient of linear (or fixed) effects (except for the intercept) for the posterior mean and
the 95% credible interval around it. The designated covariates, that have been rescaled to have
mean 0 and variance 1, show relatively strong negative and positive influences on landslides. More
specifically, out of 9 predisposing factors used linearly only 4 appeared to be significant for the
model. Non-significance does not necessarily imply that the model is not influenced by these
covariates. Significance indicates that the model is 95% certain of the role (either positive or
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negative) of the given covariate concerning the landslide count distribution. As the covariates have
been rescaled to be expressed in the same unitless range, the regression coefficient also follows this
criterion, thus it is possible to rank the covariates from the most relevant to the least according to
the absolute values of the posterior distributions.

Figure 5.28 Posterior means (blue dots) of fixed linear effects (except the intercept) with 95% credible intervals (black
arrows) for the model. The horizontal black dashed lines indicate no contribution to the landslide sizes. From left to
right are plotted the following covariates: Elevation, Eastness, Northness, Planform Curvature, Profile Curvature,
Topographic Wetness Index, Relative slope Position, Distance to Stream, Distance to Train and Road.

Figure 5.29 displays all the non-linear (or random) covariates’ effects featured in the model, by
plotting the estimated coefficients in terms of posterior mean and the 95% credible intervals. The
panel reports environmental factors that have been used in a purely categorical form, i.e., with class
effects being mutually independent a priori (except for the LSE). The slope covariate has been
employed as an ordinal variable with an adjacent inter-class dependency driven by a random walk
(see section 3.4.1).
A reassuring covariate contribution can be seen for the slope. The variation of the steepness
inside a given SU can be intuitively interpreted as a proxy for topographic roughness. Slope values
assume a twofold behaviour, in which negative values are noted up to about 20° - 25°, then assume
increasing positive values up to about 35° - 40° up to settle at constant values for greater acclivity
classes. This behaviour is in line with the type of landslide considered, i.e. superficial and rapid
landslides, since these phenomena are mobilized around 25° up to a maximum of about 40°
(Cevasco 2007; Cevasco et al. 2013a, 2014). In addition, slope appears as a positively contributing
variable in studies assessing the susceptibility of rainfall- and earthquake-induced landslides
(Guzzetti et al. 2005; Tanyas et al. 2019).
Concerning land use, LU7 and LU8, namely vineyards and abandoned vineyards respectively,
contribute highly to increasing the instability area degree. This is in agreement with what has
already been widely reported in the previous chapters of the thesis and literature (Cevasco et al.
2013a; Brandolini et al. 2018a, b; Pepe et al. 2019; Di Napoli et al. 2021), in which terraced and,
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especially, abandoned terraces areas are more prone to instability and landslide phenomena
detachment. Furthermore, Pepe ad co-authors conducted a detailed investigation on land-use
transformations from the early 1950s to 2011, analysing the influence that the abandonment of
cultivated terraced slopes have assumed on the distribution and magnitude of rainfall-induced
shallow landslides. The outcomes highlighted that the documented transformation has played a
crucial role in influencing hydro-geomorphological processes and the terraces abandoned for a short
time exhibited the highest proneness to slope instability. The assurance of what has just been
described was given by the state of activity of the terraces covariate. The terraced abandoned slope
areas with limited greenery (labelled as T3) and, therefore recently abandoned, have assumed
noticeable importance in the implemented model. The state of activity of the terraces represents a
fundamental parameter in the study area. In fact, it is widely documented in the literature that if the
terraces are adequately preserved they guarantee soil conservation, while, otherwise, if they are
abandoned promote the instability phenomena occurrence (Cevasco et al. 2014; Pepe et al. 2019; Di
Napoli et al. 2021).
The geological aspect is not to be considered secondary in these analyses. D’Amato Avanzi et al.
(2004) admitted the importance of geological influence on the landslide distribution and the
importance as a predisposing factor in susceptibility investigation. The soil and debris slope cover
thickness, which could be concerned by mass movements, depends on land use and geological
setting. Furthermore, the high geological heterogeneity determines the high bedrock inhomogeneity,
affecting the permeability conditions. Different permeability conditions may have played a role in
predisposing the slopes to instability (Cevasco et al. 2014). Therefore, although the slope failures
took place in colluvial and anthropically reworked deposits, the distribution of the landslides follow
the bedrock lithology. Most of the slope failures took place in the fine-grained sandstones (Macigno
Formation, G1), while, a slightly lower percentage of landslides occurred in the limestones
(Canetolo Shales and Limestones and Mt. Veri Limestone, G2 and G5, respectively). However, the
highest landslide occurrence was observed for the impermeable claystone and limestone, differently
for fine-grained sandstones. There are several reasons for this: i) a greater degree of permeability of
fine-grained sandstones compared to clay lithotypes, or ii) sandstones principally outcropping in
wooded areas that were not affected as much by slope failures.
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Figure 5.29 Random effects for the performed model, from top to bottom: slope ranging from 0 to 90 degrees, land use
classes, terrace status, geology and latent Spatial Effect. For code classification refers to Table 5.5.

5.3.8. Conclusions
The standard definition of landslide hazard requires the expectation of "where", "when" or "how"
frequently a landslides group may take place, as well as "how" large the landslide population may
be. The common way is to evaluate the event landslide "magnitude", an index of how many and
how large the total number of landslides may be for a whole study area. As a result, the community
only provides a single number to represent the landslide-event magnitude, neglecting the
geographic characteristic of the landslide size information. To put it differently, maps able to
evaluate statistically the predicted extent of an unstable slope are not achievable today. The first
attempt to fill this gap was realized by Lombardo et al. 2021 and this study represents an extension
or alternative to their work.
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The extremely interesting novelty of this application is that if the extent of the average landslides
is known, in a given investigated area, it is possible to predict the landslide area by analysing the
relationship that exists with the estimated intensity. Indeed, a further step was taken as the
relationship between landslide intensity and the planimetric area was used to generate maps that
predict the aggregated size of landslides per mapping unit, and the proportion they may affect.
The estimated landslide intensity has been processed through a novel Bayesian modelling
framework for spatial landslides prediction. The procedure exploits a Log-Gaussian Cox Process
(LGCP), which assumes that individual landslides in an area are the result of a stochastic point
process driven by an unknown intensity function. The modelling framework was tested in the
Cinque Terre National Park area, Liguria, Northern Italy, for which a detailed landslide inventory,
redacted immediately after the October 2011 event, and other crucial predisposing factors are
available.
Nowadays, governmental agencies manage the territory for landslide risk prevention by using
susceptibility maps, which communicate the information about where landslides are expected to
trigger. Therefore, the implemented procedure could be considered a complementary resource to
improve operational decisions in territorial management protocols.
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CHAPTER 6: OVERALL DISCUSSION AND CONCLUSIONS
The objective of this Ph.D. dissertation is to deal with methodological aspects of landslide
predictive modelling within the Cinque Terre National Park. Several algorithms, procedures and
datasets were implemented and exploited to investigate the spatial and temporal distribution of
landslides from the local to the entire park scale. The Cinque Terre area was selected because of its
uniqueness in terms of geology, geomorphology, landscape, land use, just as unique are the
problems that this area is experiencing as a result of i) the social and economic changes that have
taken place since the middle of the last century, which have led to the abandonment of agricultural
activities on the terraced slopes; ii) the changes due to urbanisation, which have led to the
culverting/deviation of the final stretch of the main watercourses; iii) the enormous increase in
tourism, which, since 2000, has led to a sharp increase in risk (particularly of human beings).
The first step of this study was carried out in a test area (5.4 km2 wide), including some small
coastal basins near Monterosso al Mare, in order to test Machine Learning techniques. The main
objective of this case study was to estimate, for the first time, advanced statistical techniques in a
peculiar geological, geomorphological and environmental setting. Precisely, three different Machine
Learning algorithms were tested to determine the landslide susceptibility scenario within the study
area. After that, the elevated stand-alones' prediction variability was reduced by performing
ensemble models. The obtained ensemble outcomes seem to be encouraging and improve the standalone methods, showing elevated performance values. The frameworks highlighted how landslide
distribution in the small catchments near Monterosso al Mare is mainly located in areas
characterized by high susceptibility. By taking into account this novel approach, the impact of
landslides and associated losses can be reduced. This last aspect should not be underestimated,
especially considering the high-risk condition affecting this area.
Consequently, because of the high model performance and accuracy, the methodology described
above was applied to the entire Cinque Terre National Park. In particular, a combined procedure,
considering simultaneously the susceptibility of shallow landslide failure, by using Machine
Learning techniques, and runout, by using GIS-based tools, was developed. This step of the study
was conducted because frequently, after severe rainfalls, the shallow landslides may evolve into
potentially catastrophic flow-like movements. The consequences of shallow landslides and flowlike phenomena are typically more dangerous in inhabited centres located at the foot of slopes,
where the hydrographic network is well developed. This was the case of the tragic event affecting
Cinque Terre in October 2011. Unfortunately, despite its importance, runout evaluation is not as
widespread in the data-driven literature compared to the analysis of the potential landslide
detachment. Indeed, most of the available landslide zoning maps only examine susceptibility to
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landslide detachment, having a great impact on final hazard models and urban planning. As known,
the consequences of incorrect urban and land-use planning can be disastrous. Not coincidentally,
the comparison between landslide detachment and landslide detachment, transit and runout
susceptibility maps highlights how specific portions of the study area show an opposite degree of
susceptibility. This especially occurs in flat areas located at the base of the slopes, that despite a low
landslide detachment degree, could be affected by the flow-like slope failures runout. Information
in this sense were obtained comparing the propagation areas of shallow landslides occurred on 25th
October 2011, at Vernazza with the degree of susceptibility resulting from the landslide detachment
and landslide detachment, transit and runout susceptibility maps. The outcomes of this comparison
were very encouraging, indicating a higher performance of landslide detachment, transit and runout
susceptibility map concerning landslide detachment map (percentages of landslide deposits falling
in areas with high and very high susceptibility of 82% and 48%, respectively). So, the novelty of
this work consists of a processing chain that considers both the detachment and runout
susceptibility assessment. The availability of future events data could provide further information
about the reliability and effectiveness of the landslide detachment, transit and runout susceptibility
map obtained in this study.
To conclude, the last approach used in this study deviates from the previously implemented
models, which are based on binary presence/absence data. In particular, a Bayesian hierarchical Cox
point process model that describes landslide counts has been utilized. Precisely, a Log-Gaussian
Cox Process, only recently employed in landslide applications, was built by considering landslide
intensity and not susceptibility. Landslide intensity represents an alternative measure, depicting the
expected number of landslides in any given terrain mapping unit. In addition, to cope with the
landslide issue, the landslide size is believed to be in the same way significant. Regrettably,
contemporary studies, besides ignoring the probable landslides number inside a given mapping unit,
they also neglect the spatial estimation of the expected planimetric area or volume associated with
landslides triggered within the same unit. The natural result, information about the landslide size is
independently estimated and it refers to the landslide event magnitude. Recently, Lombardo et al.
(2021) have proposed an innovative approach to build statistical models capable of predicting the
planimetric area (expressed in logarithmic scale) of event-triggered landslides. In addition.
Lombardo et al. (2020) have proved that intensity is closely correlated to the cumulated landslide
area per mapping unit. In this application, the standard procedures used to evaluate landslide
susceptibility were extended, and the more recent approach proposed to estimate landslide intensity
and to model the size (area) of the landslides were employed. Moreover, a further step was taken as
the relationship between landslide intensity and the planimetric area was used to generate maps that
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predict the aggregated size of landslides per mapping unit, and the portion they may affect. This
chain of landslide intensity, hazard and density may lead to substantially improve decision-making
processes related to landslide risk. Maps able to evaluate statistically the predicted extent of an
unstable slope are not achievable today. This study attempts to extend the framework described
above while keeping the estimated landslide are in their linear form rather than producing a model
that estimates it on the logarithmic scale. The extremely interesting novelty of this application is
that if the extent of the average landslides is known in a given investigated area, it is possible to
asses the landslide area by analysing the relationship that exists with the estimated intensity.
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