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Abstract

Landslide susceptibility modeling is widely used to support spatial planning and risk mitigation, but
its reliability is strongly dependent on the completeness and quality of landslide inventories. In recent
years, Interferometric Synthetic Aperture Radar (INSAR) has been proposed as a tool to augment these
inventories by detecting surface deformation associated with slope instability. However, the conditions
under which InSAR-derived deformation can be effectively integrated into susceptibility modeling re-
main unclear.

This study investigates the feasibility and limitations of incorporating INSAR-derived surface deforma-
tion time series into landslide susceptibility modeling for the island of Ischia (Italy), a geomorphologically
complex and landslide-prone environment. A traditional susceptibility model was first developed using
established static controlling factors, including slope, lithology, soil thickness, terrain wetness index,
land use, curvature, aspect, and rainfall. The model achieved satisfactory performance and identified
slope as the dominant controlling factor, consistent with the expected behaviour of rainfall-induced
landslides.

To assess the contribution of INSAR, deformation time series derived from Sentinel-1 data (2019-
2025) were used to generate additional landslide samples based on a statistically defined detectability
power threshold. These samples were then incorporated into the landslide inventory to produce an
augmented susceptibility model. The analysis focused on comparing three scenarios: a traditional
model, an INSAR-augmented model using slope-filtered deformation points, and an augmented model
including all INSAR-derived points without additional geomorphological filtering.

The results show that the integration of InNSAR-derived landslides does not automatically improve model
performance. When slope-based filtering is applied, the augmented model preserves the geomorpho-
logical consistency of the traditional model, with slope remaining the dominant controlling factor. How-
ever, when InSAR-derived points from low-slope areas are included, model performance decreases
and land cover becomes the dominant predictor, indicating that the model is capturing non-landslide-
related deformation processes associated with urban areas and observation bias.

These findings demonstrate that standard INSAR quality filtering is not sufficient to ensure that de-
tected deformation corresponds to slope instability. The successful integration of INSAR into landslide
susceptibility modeling requires the application of explicit geomorphological constraints, particularly
slope-based filtering, to exclude deformation signals unrelated to landslide processes. InSAR should
therefore be considered a complementary data source whose value depends on careful filtering and
interpretation, rather than a direct replacement for traditional landslide inventories.






Contents

Abstract iii
1 Introduction 1
1.1 Background. . . . . . . . e 1
1.2 Problemdefinition . . . . . . . ... 1
1.3 Objective andresearchquestions. . . . . . . .. ... ... ... .. .. 3

2 Background 5
21 Landslide background . . . . . . .. L 5
2.1.1 Slope movementmechanics. . . . . . . . .. .. ... ... . 5

21.2 Landslidetypes. . . . . . . . . . 5

2.2 Landslide susceptibility modeling . . . . . . . . ... o 6
2.2.1 Landslide susceptibility modeling in spatial planning. . . . . ... ... ... ... 6

2.2.2 Landslide susceptibility modeling background . . . . . . . .. .. ... 7

2.3 InSAR for slope movementdetection . . . . . .. ... ... ... .. .. 9
24 Study Area . . . . . . e e 9
241 Topography & Climaticfeatures . . . . . . ... .. ... ... ... ........ 9

2.4.2 Lithological and geological background . . . . . . . ... ... ... ... ... .. 10

243 Landslideinventory. . . . . . . . . .. L 10

2.4.4 Presence of displacementpatterns . . . . . . ... ... L. 10

3 Methodology 15
3.1 InSAR-derived landslides . . . . . . . . . . ... 15
3.1.1 InSAR quality parameter selection. . . . . . . ... ... L. 15

3.2 Landslide susceptibility modeling . . . . . . ... ... oL 17
3.2.1 Controllingfactors . . . . . . . .. . ... 17

3.22 LSmodelset-up . . .. . . . . .. 19

3.3 Model performance assessment. . . . . . . . ... e 20

4 Results 23
4.1 InSAR-derived landslides . . . . . . . . .. ... 23
4.2 Landslide Susceptibility modeling . . . . . . .. . ... ... .. ... . 25
4.2.1 Susceptibility modelingmetrics . . . . .. .. ... ... ... .. .. . ... 25

4.2.2 Resulting Landslide SusceptibiltyMap . . . . . . ... ... ..., 26

5 Discussion 29
5.1 Selectionofstudyarea. . . . . . . . .. 29
5.2 Methodology Discussion. . . . . . . . . . . . e 29
5.2.1 InSAR processing methodology . . . . . . . . . ... ... ... . 29

5.2.2 InSAR analysis assumptions. . . . . . . . ... o 29

5.2.3 Use ofdisplacementthresholds . . . . . . ... ... ... ... .......... 30

5.3 ResultsDiscussion . . . . . . . . . L 30
5.3.1 Controlling factorimportance . . . . . ... .. ... ... .. ... .. .. ... . 30

5.3.2 Importance of filtering INSAR pointsonslopes . . . . . .. .. ... ........ 31

6 Conclusion 35
6.1 Recommendations . . . . . . . . . L 36

A Static maps of Ischia 43






2.1
2.2
2.3
24
2.5

2.6

3.1

3.2
3.3
3.4

4.1
4.2
4.4
4.6

5.1
5.2

5.3

54
5.5

AA
A2
A3
A4

List of Figures

Hillshade map of the island with rainfall stations highlighted inblue . . . . . .. ... .. 10
Averaged IDF curves across the four stations . . . . . .. .. .. ... ... L. 11
Inventory of the recorded landslides (Bacino Distrettuale, 2025) . . . . . .. ... .. .. 11
Landslide types and occurrences . . . . . . . . . ... e 12
2023 - 2025 timeseries of the 2 GNSS stations at Serrara Fontana and Mount Epomeo

(Sansivero, n.d.) . . . .. 12
Overview of GPS/GNSS locations on the island. Locations with available time series

were "SERR” and "MEPOQO” (Sansivero,n.d.) . . . . . . . . ... .. ... ... 13
Areas with a S| > 0.2. In blue the areas with SI > 0.2 for the DSC track, while in purple

the areas with SI >0.2forthe ASCtrack . . . . . . .. . . ... ... . ... .. ..... 16
PDF with a detectability power of atleast95% . . ... ... ... ... ... ...... 18
Spearman correlation matrix . . . ... ... L 19
Graphical visualization of the LSM . . . . . . . . .. ... . 21
Distribution of velocities of the INSAR scatterers used for the INSAR-derived landslides . 24
Overview of all the landslides, including inventory and InSAR-derived . . . . .. .. .. 24
ROC curve for best traditional and InNSAR-augmented LS model . . . . ... ... ... 26

Comparison of the LS map achieved with the traditional LS model (top), INSAR-augmented
LS model (center), and map used by the local authority (bottom; Bacino Distrettuale, 2025) 27

SHAP values for the controlling factors of the traditional LSM. . . . . . . ... ... ... 31
SHAP values for the controlling factors of the InNSAR-augmented LSM without scatterers
onflatareas. . . . . . . . . . 31
Example of possible INSAR scatterers overlapping pixels classified as urbanised land
cover (red), although they may actually belong to other local land cover classes. . . .. 33

Susceptibility map resulting from the InNSAR-augmented LSM with scatterers on flat areas. 33
SHAP values for the controlling factors of the INSAR-augmented LSM with scatterers on

flatareas. . . . . . . .. e 34
Elevationmap . . . . . . . ... 44
Landcovermap . . . . . . . . . . . 44
Lithology map . . . . . . . . . . e 45
Slopemap . . . . . .. e 45

Vi






3.1
3.2

4.1
4.2
4.3
4.4

5.1

5.2

5.3
54

List of Tables

VIF values (With TRI) . . . . . . . o 19
VIF values (without TRI)

Percentage of remaining INSAR scatterers used to generate the INSAR-derived landslides 23

Metrics of the best traditional LS model based on F1-Score . . . . . . . ... ... ... 25
Metrics of the best INSAR-augmented LS model based on F1-Score . . . . . . ... .. 25
Comparison of susceptibility classes between Traditional LSM and InSAR-augmented

LSM . e 26

Bootstrap-based comparison of SHAP global importance between selected conditioning
factors for the traditional LS model. . . . . . .. ... .. ... ... . . . 30
Bootstrap-based comparison of SHAP global importance between selected conditioning
factors for the INSAR-augmented LS model without flat-area scatterers. . . . . . . . .. 32
Performance metrics of the INSAR-augmented LS model with all InNSAR-derived landslides. 32
Bootstrap-based comparison of SHAP global importance between selected conditioning
factors for the INSAR-augmented LS model with scatterers on flatareas. . . . . . . . .. 32






Introduction

1.1. Background

The term "landslide” comprehends the movement, failure or fall of a certain parcel of slope, regardless
of whether it acts on loose or rocky material. Such movements can be caused by seismic, hydro-
meteorological and human activities, and can variate in size from small rock falls to hundreds of km-
square of parcels. Depending on their size, speed and frequency, landslides can have a significant
impact on human society and the surrounding environment.

Researchers over the years have shown how the impact of landslides can broadly span between low
economic costs to fatalities. While the recording of landslides traces back to decades, first in a paper-
based and subsequently in a digital way (Emberson et al., 2022), the collection and archive of the
consequences of such landslides is still rare. Several studies have been conducted on both regional
(Sepulveda and Petley, 2015; Haque et al., 2016; Haque et al., 2019) and global scales to estimate
the impact that landslides have on fatalities (Fidan et al., 2024; Emberson et al., 2022; Petley, 2012). It
has been estimated that about 56000 people have been killed by 4862 landslide events between 2004
and 2016, with a heterogeneous distribution across the globe (Froude and Petley, 2018). Several "hot
spots” can still be identified, such as the Andean region in South America, China and South-East Asia,
Eastern Africa and the Alps in Europe (Froude and Petley, 2018; Kirschbaum et al., 2015). When
zooming in on a national or regional scale, it appears how even more developed countries are not ex-
empt from casualties due to landslides. For instance, between 1920 and 1999 in Italy only two years
(1944 and 1995) have been recorded as free from landslide-induced deaths, with an average of 26
yearly life losses in the last decade of the past century (Guzzetti, 2000).

Besides the well-acknowledged impacts on society, landslides have relevant impacts on different spheres
of the surrounding environment as well. The most common impacts are seen as forest destruction
(Geertsema et al., 2008) and river flow path disruption or relocation (Schuster and Highland, 2007;
Schuster and Highland, n.d.; Korup, 2005). However, it has been seen how the impact goes beyond
the direct physical effects that a landslide can have over the landscape: a fact that was understated
until the early 2000s is the impact that landslides have on the local ecology and biodiversity. The burial
of existing forests or grassland can cause reduction or partial extinction of local micro biota, as well as
uninhabitability for the local fauna (Li et al., 2022; Geertsema and Pojar, 2006).

1.2. Problem definition

To date, the two main ways to reduce to the minimum the impact of landslides on societal activities are
physical remediation of an unstable slope and land use planning decisions. The former can include the
increase of vegetation with non-shallow roots or the use of civil engineering solutions including bolts
and meshes (Lazarte et al., 2015; Maddalwar et al., 2024; Stokes et al., 2008), while the latter boils
down to assessing which areas are at risk of being affected by landslide (both actively and passively),
and making efforts to keep relevant infrastructures elsewhere. Considering the technical challenges
associated with it, physical remediation of landslides is rare due to the fact that it is quite impractical
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2 1. Introduction

and might lead to high costs.

On the other hand, land use planning can assist in mitigating this potential risk from the root, by leaving
areas which have a high chance to be affected by landslides uninhabited where possible, especially
when looking at assigning a new anthropogenic use to a parcel of land due to population growth. The
assessment of whether an area is prone or not to being affected by a landslide is called a Landslide
Susceptibility Assessment (LSA), and it is achieved by making a Landslide Susceptibility Model (LSM),
which generates a Landslide Susceptibility Map. It should be noted that this type of assessment is
purely based on spatial factors, not including the temporal ones in its assessment (Chacon et al.,
2006). A LSA is based on the use of landslide inventories, which generally comprehend date, location
and type of mass of a landslide (Guzzetti, 2000; Guzzetti et al., 2012; J., 1984), and maps containing
the possible geomorphological and hydrological factors that can be drivers of slope instability. The
fundamental principle of landslide susceptibility modeling (LSM) is to quantify the potentially non-linear
relationships between observed landslide occurrences and the geomorphological attributes of the cor-
responding terrain units (Devkota et al., 2012; Lombardo and Mai, 2018; Reichenbach et al., 2018).

Since the 1990s, the development and improvement of Geographical Information Systems (GIS) led to
the possibility of modelling or computing the LSA of a certain area on a larger scale, which was seldom
done through surveying or physical modelling (Chacén et al., 2006). To date, GIS-based methodologies
are coupled with statistical- and Machine Learning (ML)-based models to shed light on the importance
of the factors that might control the event of a landslide (Reichenbach et al., 2018). By overlaying all the
chosen and available controlling factors for a certain area (slope, aspect, curvature, lithology, land use,
rainfall, soil moisture, Terrain Wetness Index; among others) with the landslide inventory, spatial rela-
tions are modelled to derive which factors have a relative high or low influence on the landslide location.

This makes the landslide inventory a crucial piece of the modelling puzzle. However, due to the fact
that it is in essence a record made by local experts or surveyors and rather than a complete represen-
tation of all landslides, several issues may arise (Cascini, 2008; Harp et al., 2011; Steger et al., 2016;
Steger et al., 2017). The incompleteness of the inventory itself, which translates to not having all past
landslides recorded, was proven to mislead susceptibility relationships between the location of a land-
slide and its controlling factors (Steger et al., 2017). This incompleteness arises from several factors:
the methods used to map the past landslides (Guzzetti et al., 2012); the bias related to the surveyor
and the purpose of the survey (Santangelo et al., 2015), the choice on the shape (point, polygon) which
then can be converted in a GIS format (Huang et al., 2021).

Given that the goal of a LSM is to find patterns between controlling factors and presence of land-
slides, the model indirectly searches as well patterns of the factors where landslides did not happen.
Typically, the locations not marked as landslides are randomly sampled and used for the model to learn
which controlling factors did not lead to a landslide (Guzzetti et al., 2012; Hong et al., 2019; Hussin et
al., 2015). This leads to another issue related to the use of landslides inventories: these non-landslide
samples (so-called "0” samples) can reflect any portion of the study area, including moving slopes. This
absence of sub-classification within the non-landslide samples can lead the model to learn patterns that
do not reflect the real physical processes, and does not account for the movements that are present
before failure events. Such a displacement activity prior to failure has been seen to provide valuable
insights on the nature of landslides (Intrieri et al., 2017), leaving potential for its inclusion in performing
a LSA.

One way to include this displacement is to use it as a tool to determine whether a slope is moving
fast enough to be considered unstable, and add the unstable slopes to the landslide inventory. This
methodology was firstly explored by Chen et al. (2023), where INSAR was used as a tool to detect
slope instability, and areas moving faster than a pre-defined velocity were added as extra landslides to
the original inventory. Still more aspects should be tackled, such as the derivation of a displacement
threshold for each different study area in a quantitative way. This has been explored further by Feng
et al. (2025), where a mixed dataset of INSAR and GNSS displacement was created and the probability
density function (PDF) of such displacement velocities was used to determine multiple velocity thresh-
olds. Thereafter, the optimal threshold was chosen in an empirical way as the one with the highest
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model performance. This new methodology has proved to show improvements in modelling perfor-
mance, however it only tackled the uncertainty that is associated with INSAR by using a coherence
threshold, which can be misleading in the way how InSAR time series are interpreted.

1.3. Objective and research questions

Based on the above standing narrative, the main research objective of this research is to improve the
feasibility of using the combination of INSAR displacement data and landslide inventories to
improve landslide susceptibility modeling by using appropriate INSAR quality parameters.
This objective is summarized in the research questions presented in the following main research ques-
tion:

What are the critical success factors for applying INSAR displacement time series in the land-
slide susceptibility assessment?

To answer this question, the following sub questions are formulated:

1. Which parameters affect the accuracy and quality of INSAR time series used for LSM?

2. How can temporal displacement patterns be used to derive appropriate dynamic controlling fac-
tors, such as hydro-meteorological data?

3. How can displacement thresholds be implemented as decision boundaries between landslide and
non-landslide samples?






Background

This chapter provides the background required for this research. It mostly includes the literature review
performed to find existing knowledge, related findings and research gaps regarding the three main
topics of this project. Section 2.1 describes landslides types and their physical processes. Section 2.2
provides relevant statistical and ML-based models developed in LSM and their practical use in spatial
planning. problems. Section 2.3 focuses on the basics of the INSAR technology and its use for slope
movement detection.

2.1. Landslide background

2.1.1. Slope movement mechanics

A widely accepted common definition of landslides is that they are "the movement of a mass of rock,
debris or earth down a slope” (Cruden, 1991). When a slope is unstable, the equilibrium between the
shear stress and its shear strength is not present anymore, and the force expressed by gravity over-
comes the friction between the soil particles (Bogaard and Greco, 2015).

On a soil pores scale, gravity is the driver of shear stress, while on the shear strength side there are
multiple factors playing a role: soil friction, which resembles the physical friction between soil particles
that are adjacent to each other; soil suction, which is the phenomenon at which air that is constrained
between soil particles keeps these particles "sucked” together, therefore making soil behave as a whole
(Fredlund and Rahardjo, 1993); soil cohesion, which describes the electrochemical bonds between the
mineral compounds within the soil (Bogaard and Greco, 2015).

However, the above-mentioned processes do not take yet into account the active role that hydrol-
ogy has on slope movement. In unsaturated soils, water from rainfall enters the pores between the soil
replacing the space occupied by the air, or fills part of this volume, exerting a pressure that reduces
soil cohesion, friction and suction (Bogaard and Greco, 2015). This decrease in the shear strength of
the soil leads to an imbalance in the original equilibrium of a stable slope, making rainfall one of the
main drivers for slope instability (Ilverson, 2000). On the other hand, slope instability can be caused
also from water entering the soil matrix from underneath it, and not only from above the surface. In fact,
rise in groundwater level can also increase pore water pressure, leading to a higher risk of instability.

The most important parameter that drives the movement of water through the soil is the hydraulic
conductivity K, which describes the ability of soil of allowing water flow within the soil matrix (Bogaard
and Greco, 2015; lverson, 2000). Generally, soils with a low K tend to have a higher risk of slope insta-
bility when affected by rainfall or groundwater level rise, since water that cannot flow through the soil
pores tends to accumulate and increase pore water pressure at a higher magnitude (lverson, 2000).

2.1.2. Landslide types
Classification of landslides is a field that grew during the mid-1900s and many currently accepted ter-
minologies were developed during the 1970s by Varnes (1957). Landslides and soil processes are

5



6 2. Background

classified based on several factors: the type of material that displaces (Varnes, 1957); the depth with
respect to the ground level of the displaced material (Hungr et al., 2013); the driving mechanism (Hungr
etal., 2013); the type of mechanism that the displaced material follows during the failure (Varnes, 1957).
Since this section only serves as background knowledge related to landslides, only certain major clas-
sifications and aspects will be covered.

Several types of materials can be classified within a landslide event, however the main 2 categories
are materials under the soil type family and the rock type family (Hungr et al., 2013). These two mate-
rials generally exhibit different behaviours: while soils show slow and more constant movement when
triggered by rainfall or other events, rocky materials tend to have a more sharp type of displacement,
which may also be caused by internal stresses within the rocks.

When looking at the movements that slopes can exhibit, these are generally classified by the mor-
phological process behind the instability, and the consequent "scar” that landslides leave on their path;
this kind of classification is generally the mostly used within existing literature (Hungr et al., 2013).
Among common landslide types we find falls, which appear when definite portions of rock detach from
the main rock body on steep slopes and bounces or falls through the air. Such events are typically pre-
ceded by small and sharp accelerations, and free fall is almost certain for slope > 76°(Varnes, 1957).
This is a common event in the Yosemite National park in the USA, where >850 rockfalls have been
recorded since 1857 (Stock et al., 2011).

Another relevant type of instability is toppling, which happens when a certain portion of a slope piv-
ots over a point lower in the slope, and the barycenter of a certain mass of the slope ends beyond
the slope itself. This can be caused by internal stresses or geological features in a slope, or by the
pressure exerted by the fluids within the rock, both at the liquid of gaseous state (Varnes, 1957). A
typical example of this type of movement is the failure close to the Tonco valley in Argentina in dating
back to 15000 years ago studied by Evans et al. (2006).

On the other hand, slides comprehend the rotational or translational movement of a certain parcel
of land which can be progressive over time, and can extend its footprint from the initial affected area
(Varnes, 1957). A clear and recent example of this is the Niscemi landslide in Sicily (Italy) from January
2026, where a combination of translational and rotational failures have led to a 15m of displacement
(Protection, 2026). Moreover, another relevant landslide type are flows, which appear when high dis-
placement velocities make the rocky or loose material behave like a liquid, in most cases happening
where water is present Varnes, 1957). A clear example of such type of landslide is the debris flow
happened on the island of Ischia (Italy) on November 26th, 2022, leading to two casualties (Danesi
et al., 2025).

2.2. Landslide susceptibility modeling

2.2.1. Landslide susceptibility modeling in spatial planning

In general terms, a LS assessment is used in many aspect and at many scales during spatial planning.
These can vary from its use for the development of a neighborhood, to a regional scale to assess safety
in national parks or to build nation-wide infrastructure such as highways or railways (Fell et al., 2008).
To highlight the relevance of the efforts that have been given to this field since the 1970s, it is important
to highlight more examples of when landslide susceptibility assessments are important:

» Residential land development, such as the creation of new neighborhoods or the allocation of
rural land plots

» Decision making in allocation of society-relevant infrastructure, such as hospitals, airports, edu-
cational or jurisdictional institution

» Major supply lines, such as (waste)water and gas pipes, or electricity lines

« Communication lines such as roads, highways, railways, including both above- and underground
infrastructure such as tunnels
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* River valleys where dams are planned to be constructed, to avoid catastrophes such as the Vajont
dam in 1963 where 2000 people lost their life (Kilburn and Petley, 2003)

+ Allocation of recreational activities, such as mountain trails, management of rocky coasts and
state forests

However, the active use of LS map is not always present in land-use planning. This is because there
can be a mismatch between the scientific scope of creating a LS map and the practical use of it from
the local authorities, due to the usability that these maps offer (Bell et al., 2013). For instance, it has
been seen how susceptibility models require several local data, which sometimes it is not possible to
be provided from the local authorities (Bell et al., 2013; Van Westen et al., 2008); this is often the case
especially in developing countries (Nugraha et al., 2026). Another important fact is that distinctive maps
made from the same contextual data but with different models appear to have a different susceptibility
class in certain areas, which makes authorities reluctant to trust the susceptibility results (Huang et
al., 2024). Furthermore, the limitation of the available data and especially of the landslide inventory
can lead to high uncertainty of the model results, especially in the areas not covered by the landslide
inventory (Huang et al., 2024; Woodard and Mirus, 2025).

2.2.2. Landslide susceptibility modeling background

As stated in section 1.2, the goal of a LS model is to learn the non-linear patterns between the controlling
factors and the landslide inventory, and translate that into a susceptibility probability for each portion of
the AOI. Initially, this was done in a "qualitative” way, where the degree of susceptibility was expressed
in descriptive terms rather than quantitative probabilities (Reichenbach et al., 2018; Van Westen et al.,
2008). Such qualitative assessments heavily relied on the expert's knowledge of the area, and their
skills in understanding or assuming the relevant controlling factors.

It appears clearly how such approaches could lead to a wrong estimation of the landslide’s control-
ling factor, therefore quantitative methods were developed as well. Initially, physics-based methods
were used, where hydrological data was coupled with soil properties parameters and soil thickness to
derive the movement of shallow landslides (Montgomery and Dietrich, 1994). In general terms, the
most widely-used physical models for landslide susceptibility rely on the fundamental principle of slope
hydrology (Montgomery and Dietrich, 1994; Rigon et al., 2006).

Besides physical models, the most used LS models are statistical models (Reichenbach et al., 2018).
As mentioned in Section 1.2, these models rely on the assumption that landslides appear in areas
with similar controlling factors, therefore it is possible to exploit the inventory of past landslides to ex-
trapolate where highly susceptible areas might be on slopes with no recorded landslides. The main
classification methods found in the existing literature are: linear and logistic regressions, discriminant
analysis, index-based weight-of-evidence (WoE), machine learning, neural networks, and multi-criteria
decision analysis (Reichenbach et al., 2018).

A pioneering work by Carrara (1983) showed how the use of multivariate models could be exploited to
derive one of the firsts data-driven LS map. In his work for each terrain unit several controlling factors
and the landslide inventory are listed, and a linear equation is used to derive the (in)stability of such a
terrain unit:

D =aix; + ayxy + azxz + .. + ayx, (2.1)

where x are all the controlling factors, a the statistically-derived weights for each factor, and D the
(in)stability discriminant, where D > 0 reflects unstable areas, and D > 0 represents stable areas.

By dividing the discriminant factor D in two classes (stable and unstable), the computation of the weights
is conducted in such a way to maximize the separation between the two classes across all the units,
and to contemporarily minimize the within class variance. However, the limitations of such model
should be mentioned as well: the assumptions of linear relationships between the controlling factors
and the landslide appearance and the independence of the controlling factors were still not treated at
the time. Furthermore, model validation and testing were still not applied.

Other commonly-used models are probabilistic prediction models, which use the spatial distribution
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of past landslides to compute the probability of whether a landslide will happen at a certain location
(Chung and Fabbri, 1999). This type of model calculates the probability of landslide occurrence for
each class of every controlling factor by using joint conditional probability:

P(L|Fy, F,, F3, .., ) (2.2)

where L stands for landslide occurrence, and F is each controlling factor. An important advancement
of this model was the introduction of a training and validation set within the data. On the other hand,
an important downfall on the use of such models appeared to be the class delineation within each con-
trolling factor, as continuous factors such as slope, elevation and any elevation-derived factor require
a subjective delineation of the between-class boundaries.

Among statistical models, logistic regression is possibly the most common (Lombardo and Mai, 2018;
Reichenbach et al., 2018). The outcome of such a model is still a probability of whether a location would
have a landslide or not, therefore following the approach of Chung and Fabbri (1999). However, the
way it is achieved is very different: while Chung and Fabbri (1999) use classes for controlling factors
and apply joint conditional probability, Lombardo and Mai (2018) uses the following equation to derive
the landslide probability:

1
1 + e~ (BotBix1+B2x2++PnXn)

P(L=11X)= (2.3)
where L stands for landslide occurrence, X stands for the combination of the controlling factors, x is
each controlling factor, 8, is the intercept, and B; are the regression coefficients estimated from the
data, which represent the log-odds change of landslide occurrence.

Another important contribution by the work of Lombardo and Mai (2018) is focusing on the importance
of having a balanced training dataset, which was not common practice before. By balancing with a
1 : 1 ratio landslide ("1”) and non-landslide ("0”) samples, there is avoidance of encountering biased
regression. This is because when having hypothetically 100 ”1” samples and 100000 "0” samples over
the whole AOI, the model would only learn to predict everything as a non-landslide given the very low
occurrence of landslides.

Machine Learning for Landslide susceptibility modeling

All the above-mentioned statistical models have common limitations: assuming linear relationships be-
tween controlling factors and their weights and not capturing non-linear terrain interactions have been a
common challenge. Therefore, the recent rise of ML models has seen the adoption of such approaches
also in LS. Different types of ML models have been applied to LS modeling, with the most common
being: random forest, support-vector machine, neural networks, gradient boosting, naive Bayes. Given
the choice of using random forest (RF) and extreme gradient boosting (XGB) for this research and that
investigating each model’s performance is not the main goal of this study, only these two models will
be shortly discussed below.

RF is a supervised algorithm laying its foundations on decision trees, where each tree fits an indepen-
dently sampled subset and is added to the decision workflow of the model (Ado et al., 2022; Merghadi
et al., 2020). As trees are added to the forest, variable importance and internal unbiased errors are
stored within the model to lead towards the best decision on each subsequent split. The randomness in
RF aids to reduce overfitting by splitting nodes on the best tree on each random subset and by building
sets of parallel and deep trees. Important hyperparameters to tweak in such models are the maximum
number of trees, and the maximum depth of each tree (Merghadi et al., 2020). Since their early imple-
mentation in LS in 2010, they have been proven to achieve >90% accuracy in a study conducted by
Dou et al. (2019).

XGB is also structured on decision trees, however each new tree here is not used to randomly subset
data as REF, rather to correct the "mistakes” of the previous trees. XGB includes L1 and L2 regulariza-
tion in the loss function to prevent overfitting and to incentivize the use of simple models over complex
ones (Agboola et al., 2024). This gives a penalty which is used in over-complexity mitigation and aids
in following the goal of minimizing the loss function between the expected and predicted values.
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2.3. InSAR for slope movement detection

After the first successful attempt to measure displacement’s over the earth surface, Interferometric
Synthetic Aperture Radar (INSAR) became a world-spread technology (Massonnet et al., 1993). In a
nutshell, INSAR is satellite-based remote sensing technique based on the core principle of estimating
the phase difference between two SAR acquisitions captured at a different moment in time, allowing
the user to estimate displacement at the mm precision (Hanssen, 2001; Massonnet et al., 1993). To
date, the two most common processing approaches are: Persistent Scatterer Interferometry, where
the phase information of stable scatterers (buildings, rock outcrops) are used to reduce atmospheric
and decorrelation components in the signal and achieve a higher precision (Ferretti et al., 2001); Small
Baseline Subset (SBAS), which exploits whole interferograms with a small temporal and spatial base-
line of the image pairs to reduce atmospheric noise and increase displacement estimation accuracy.

When estimating slope displacements, the INSAR technique offers the advantage of having approx-
imately global coverage and have a holistic view on the AOI. This gives the advantage of saving costs
and time when compares with in-situ monitoring techniques such as leveling, GNSS, prisms or ground-
based radars, since these require site intervention of placing sensors and the maintenance of these.
Furthermore, INSAR allows the user to have potentially full coverage over the AOI, which can provide
insightful information of whether different parts of a slope are moving in a different way relative to each
other.

In the landslide research field, INSAR has been used for several purposes: the main objective is to
conduct historical analyses or real-time monitoring of past or ongoing landslides (Vinueza et al., 2022;
Kang et al., 2021); attempts have been made in using INSAR to predict slope movement (Li et al.,
2022); and applications have been tested in LS modeling as well (Feng et al., 2025; Wei et al., 2024;
Zhu et al., 2022).

2.4. Study Area

The selection of a suitable location for this research is defined by several specific criteria: possibility of
monitoring displacement with INSAR, presence of displacement patterns, and availability of a landslide
inventory. Based on these criteria, a suitable location was found as the island of Ischia, circa 15 km
offshore the Gulf of Naples, Italy. The island has a surface of 46.3 km2, and has roughly 62000
inhabitants. The main carried activities are tourism, fishery and agriculture. Almost 50% of the total
area is urbanized, while approximately a quarter of it is dedicated to forest use, with the remaining parts
dedicated to agricultural and non-economical uses (Appendix A). The high presence of urbanized areas
makes it a suitable location for INSAR monitoring on the island.

2.4.1. Topography & Climatic features

The island has a typical volcanic cone shape, with the highest point having an elevation of 784 m
and located in the central-western part of the island. Four weather stations are located on the island,
respectively in the towns of Ischia, Forio and Serrara Fontana, while the fourth is placed near the
summit of the Mount Epomeo (Figure 2.1).

In the past 20 years the island has received on average 840mm +/- 70mm of annual rainfall, with the
summer being the warmest and driest period, and rainfall events mainly happening from October until
April. Landslides, however, are typically triggered by intense and extreme events, therefore Intensity-
Duration-Frequency (IDF) curves were generated from rainfall data across the four stations, and the
average was computed for the whole site. Since rainfall data was available only for the past 18 years,
only IDF curves up until a 25-year return period were generated to avoid extreme extrapolation. Figure
2.2 shows the computed IDF curves, which highlight the short rainfall duration regime of the island,
which is typical of Mediterranean areas. Furthermore, the uncertainty bands show a higher spatial
variability among the stations for short rainfall durations, and lower variability for longer events. This
highlights the fact that high intensity, short events are very localized, as longer and lower intensity
events are more spread over the entire island.
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Figure 2.1: Hillshade map of the island with rainfall stations highlighted in blue

2.4.2. Lithological and geological background

A map of the main lithological compositions of the island is shown in Appendix A. The island is part of
the Phlegrean Volcanic District (PVD) and is the result of volcanic activities which can be dated up to
150000 years ago (Sansivero, n.d.). The bedrock of the eastern part of the island is mainly composed
by pyroclastic deposits and lava deposits, while the central-western side is primarily composed by
landslide deposits. The bedrock of Mount Epomeo is a green tuff, while its northern slope is made by
seabed deposits.

In the last 3000 years, 46 explosive and effusive eruptions have been recorded, of which some were
followed by correlated earthquakes (Sansivero, n.d.). Several independent earthquakes have been
recorded due to the activity of the PVD, with the last important one recorded in 2017 as 4.0 on the
Richter scale (Sansivero, n.d.).

2.4.3. Landslide inventory

As explained in Section 2.4.2, about half of the island sits on a bedrock derived from deposits of land-
slides and mud flows, indicating that such events have been present since thousands of years. To
date, 162 landslides have been recorded in the island, with 18 of these happened since 2003 (Figure
2.3; Bacino Distrettuale, 2025). Most of these landslides are debris flows, earth and rock fall, or slow
moving landslides, which indicates that different types of movements are present in the island. Figure
2.4 shows the different types of landslides recorded and their occurrences. Landslides under the field
”"Other” did not have a label in the original dataset.

2.4.4. Presence of displacement patterns

To assess whether displacement patterns were present in the island before even conducting any INSAR
processing, a research was done on discovering whether any other type of monitoring was carried out.
It appears how the Vesuvian Observatory (OV) reports monthly seismic, volcanic and geodetic dis-
placement monitoring to the local Civil Protection (Sansivero, n.d.). 7 GNSS stations are present on
the island, roughly evenly scattered in the different domains, with one station close to the summit of
Mount Epomeo (Figure 2.6). The timeseries of 2 of these stations are displayed in their monthly reports,
and they are displayed in Figure 2.5. As it was not possible to retrieve the raw data for these and the
remaining 4 stations, the assessment was made on only these 2 stations.
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Figure 2.2: Averaged IDF curves across the four stations

Figure 2.3: Inventory of the recorded landslides (Bacino Distrettuale, 2025)

The timeseries of the Serrara Fontana station (left, centre south of the island) shows a mild displace-
ment of circa —4mm/yr +/- 2mm/yr, with a seasonal pattern peaking roughly in August, and a sea-
sonal amplitude of 5/10mm. On the other hand, the Mount Epomeo station (right, mount summit)
shows more than double in terms of subsidence (—10mm/yr +/- 3mm/yr), and a seasonal amplitude
of about 15mm peaking in winter, possible due to rainfall infiltration and evaporation. The combination
of the seasonal patterns and the associated subsidence were used to assess this island as a feasible
study area.
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Methodology

This chapter sheds light on the workflow of this project, the data used and the modeling approaches
undertaken. Section 3.1 describes the methodology used to create InNSAR-derived landslides, including
the INSAR processing and analysis methodologies. Section 3.2 describes the static landslides control-
ling factors used and their retrieval. Section 3.3 describes the LS model architecture for both the model
used with only inventory landslides and the model which embraces the InNSAR-derived landslides as
well. Section 3.4 introduces the study area for this project.

3.1. InSAR-derived landslides

In this research INSAR was used as a tool to derive slopes displacing with a velocity to be considered as
"unstable”, and convert these slopes into an added landslide to the inventory. To achieve this, 6 years
of SAR data was processed from 2019 until 2025, to a total of 280 ascending and 279 descending
Sentinel-1 images with a 12 days recurrence and a 5*20 m spatial resolution. The data was processed
with the processing infrastructure provided by SkyGeo, using the PSI methodology. To derive signal
component belonging to the displacement only, corrections for the atmospheric, orbital and topographic
component of the signals where undertaken.

3.1.1. InSAR quality parameter selection

Many sources can increase the degree of uncertainty in INSAR and decrease the so-called signal-to-
noise ratio (SNR, Hanssen, 2001). Among these we can find temporal decorrelation, which happens
when objects on earth give a non consistent backscatter to the radar signal over time (Zebker and
Villasenor, 1992). Although the atmospheric signal component is modeled and removed from the dis-
placement signal, extreme atmospheric conditions can still alter the obtained resulting time series,
decreasing the SNR (Hanssen, 2001). Other types of errors can be related to the topography estima-
tion, which is inversely proportional to the perpendicular baseline between two acquisitions (Hanssen,
2001). Such errors can lead to a worse estimation of the topographic and phase components, with the
resulting issue being topographic phase component being "leaked” in the displacement phase compo-
nent.

While the purpose of this work is not to investigate how to remove in all details these uncertainties
from the processing side, several post-processing approaches can still be taken to make use only of
the InSAR points with a high enough quality. To enhance clarity, from hereon InSAR points can be
referred as "observations”, which should not be confused with the satellite acquisitions over time.

Sensitivity Index

The first step was to filter the observations based on the orientation of the slopes with respect to the
line of sight (LOS) of the SAR satellite. Sentinel-1 satellites operate in near polar and sun-synchronous
orbit, and emit their signal to the right with respect to the heading direction, at a certain incidence an-
gle with respect to the z-plane. This makes SAR satellites highly sensitive to estimate displacement
happening along their LOS vector, therefore they have a higher sensitivity of measuring displacements

15



16 3. Methodology

on slopes as aligned as possible to the LOS vector. To quantify the sensitivity to monitor the earth’s
slopes, a so-called Sensitivity Index (Sl) was developed, which reflects the projection of the slope-
parallel displacement onto the LOS vector (Chang et al., 2018). The Sl has values 0 < SI < 1, with
higher sensitivity when slope and LOS vector are more aligned in the three dimensional cartesian space.

Building upon this work, Van Natijne et al. (2022) developed a freely available Sl tool in Google Earth
Engine (GEE), which allows to download the S| of Sentinel-1 orbits for the selected areas. This Sl is
based on the radar’s viewing geometry in LOS, and the topography of the terrain over which acquisi-
tions are taken. The topography is included by using the 30m resolution Copernicus Digital Elevation
Model (DEM), from which the slope and the aspect are derived. This Sl tool already takes into account
two more factors related to LOS geometry and topography: shadow, which is the phenomenon typical
of a slope in near-vertical direction, where areas at the toe of a slope are obscured by areas at the top,
similarly as what happens with optical shadow with respect to the sun; and layover, which corresponds
to the phenomenon of two different areas in a slope (crest and toe) being superimposed at the same
distance to the radar in the LOS (Van Natijne et al., 2022).

To filter the INSAR observations on only the ones where the estimated velocity can be descriptive of
the actual down-slope displacement, the INSAR points were filtered on only the ones overlaying areas
with a SI > 0.2 according to the tool developed by Van Natijne et al. (2022). This value was evaluated
as a minimum requirement value according to existing literature, where a studies conducted in different
areas of the world empirically showed how 0.2 is the minimum value of Sl for slope displacement detec-
tion using INSAR (Notti et al., 2014; Van Natijne et al., 2022). Furthermore, to have a higher certainty
that the remaining points were belonging to non flat areas, only points on a slope of at least 4° were
kept for the analysis (U.S. Department of Agriculture, Natural Resources Conservation Service, 2022).

Figure 3.1: Areas with a SI > 0.2. In blue the areas with SI > 0.2 for the DSC track, while in purple the areas with SI > 0.2 for
the ASC track

Detectability Power test

INSAR displacements are stochastic, and therefore their estimated displacement should be seen as a
PDF (Hanssen, 2001). This leads to the fact that the accuracy of these estimates are related to the
standard deviation of the PDFs, and therefore to their SNR. To account for this and only include the
INSAR points with a low SNR, a detectability power test was performed. This test is also called the
Delft method in existing literature, and is based on the statistical work developed by Teunissen (2024),
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and further applied to INSAR analysis by Hanssen (2001) and Kampes (2006). The goal of the test is
to eliminate INSAR scatterers whose time series can be explained by just noise in the data, and subse-
quently to subset the remaining scatterers on the ones that whose true velocity can be estimated with
a defined certainty. For clarity, this test will be explained in further depth as divided in two parts: the
significance test, and the power test.

Significance test

The significance test has as primary goal to filter the INSAR observations on only the ones whose
time series cannot be explained just by pure noise (Kampes, 2006). This is leveraged by conducting
a hypothesis test where the null hypothesis Hy is "no significant displacement is happening”, and the
alternative hypothesis H, is "there is significant displacement”. Depending on the ¢ of the displacement
(o4), a significance level a is chosen as the critical value for which Hy, is rejected. The choice os « is
dependent on the amount of Type | errors the user wants to allow for, as a lower a leads to a less strict
filter, and some of the remaining time series might still be a result of noise and not actual displacement.
For this project, due to time limitations a g, was assumed to be 5.5mm/yr, and a was chosen as 2 *¢.
For a deeper explanation on the limitations associated with the g; assumption, please consult Section
5.2.2. With the current g; and a choices, Hy would be rejected only for INSAR observations with at
least 11mm/yr of displacement.

Power test

Based on the significance test, allowing for a high ¢ seems to be the best solution to isolate significant
displacement. However, when considering again an INSAR observation as a PDF and recalling to the
chosen values for this project, an observation estimated as 12mm/yr has almost a 50% chance of
being missed, as almost half of the PDF lies on the left side of the 11mm/yr significance value. There-
fore, a second value 8 must be considered, which reflects the maximum allowable portion of a PDF
to be in the H acceptance zone, which corresponds to a Type |l error: a missed detection. Typically,
we want to keep this portion as small as possible, given that the consequences of a Type Il error are
much higher than a Type | error. For this reason, a 8 value of 5% was chosen, which translates to a
velocity of which the PDF’s portion in the Hy acceptance zone is 5%. This velocity is 20.05mm/yr,
which therefore corresponds to the minimum acceptable velocity.

The value of y, equaling 1 — 3, is the detectability power value, and therefore represents the certainty
with which it can be said that a certain displacement is estimated. Therefore, the INSAR observations
are then filtered further on the ones having a detectability power equal or higher than y. The INSAR
observations which have a detectability power of at least 95% are the ones then used as added land-
slides to the inventory map, as they show significant displacement and there is a defined certainty for
which this displacement is indeed estimated and not missed.

3.2. Landslide susceptibility modeling

To assess the influence of adding the InNSAR-derived landslides to the original inventory, a LS model
was performed both with only the original recorded landslides and with the inventory augmented with
the InSAR-derived landslides. The workflow created is as follows: firstly the static controlling factors
were selected, secondly for each grid-cell the controlling factors were stacked, and finally the LS model
was trained, tested and used for prediction. Each of these steps are explained in more depth below.

3.2.1. Controlling factors

The static controlling factors chosen for this research were: lithology, soil thickness, terrain wetness
index (TWI), slope, aspect, curvature and land use. When possible they were retrieved from local
authorities and research centers, such as lithology and land use (Bacino Distrettuale, 2025), rainfall
(“Centro Funzionale Multirischi di Protezione Civile Regione Campania”, n.d.) while the others were
calculated from a 10m-resolution DEM (Tarquini et al., 2022). For the factors that had a different spa-
tial resolution, a nearest-neighbor up-sampling was conducted to not lose the information contained in
the finer raster layers.
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Figure 3.2: PDF with a detectability power of at least 95%

Soil thickness was one of the controlling factors that was not readily available, and had to be derived.
A research by De Vita and Nappi (2013) derived an empirical relationship between soil thickness and
slope angle, for angles > 28°. The research was conducted on the island of Vivara, located 5 km away
east of Ischia. From a measured soil thickness 5 < m < 20 across areas where the slope is 0°, the
following formula was applied to derive the thickness z in steeper areas:

z =zycos(a), a>28° (3.1)

where z, is the thickness at on flat areas, and « is the slope angle. In the absence of local data, it was
assumed a value of 5m soil thickness in flat areas, and Eq. 3.1 was used to calculate the soil thick-
ness of Ischia. This assumption was made on the basis that the islands have similar geologic origins,
although this may lead to over/underestimating soil thickness in areas of the island where this slope -
thickness relationship may not hold.

Rainfall data was collected in 10-minutes intervals and resampled to compute yearly averages from
the 4 recording stations. The yearly averages were computed from the years of deformation investi-
gated. Thiessen polygons were used as spatial interpolation method, where the rainfall value of the
closest station was assigned.

A correlation test between the controlling factors was performed, to make sure that each controlling
factor could provide distinct information to the landslide susceptibility model. The decision of the cor-
relation coefficient choice was based on 2 factors: the distribution type of each controlling factor, and
the expected correlation type of the controlling factors. The PDF of each controlling factor showed
how none of them is normally distributed, with only slope, TWI and Terrain Roughness Index (TRI)
being positively skewed, while the other controlling factors could not be classified. Furthermore, some
controlling factors are independent from each other, such as landuse and lithology, while others were
calculated from the slope or DEM with non-linear equations. This can indicate the presence of corre-
lations between the controlling factors, which together with the non-gaussian distributions lead to the
choice of using the Spearman correlation coefficient (De Winter et al., 2016). The correlation table
present in Appendix 1 shows how the TRI had high correlation coefficients with slope and soil thick-
ness, therefore this was further investigated by using a Variance Inflation Factor (VIF) test. The VIF
computes for each factor the multicollinearity with other factors by regressing it against all other factors
in such a way:

1
VIF;

=— (3.2)
7 1-R}

Where Rj2 is the regression factor between one controlling factor and all the other ones. Controlling
factors with a VIF value > 5 would be omitted from susceptibility modeling. The initial test brought
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a value of 22 for slope and 30 for TRI, and by omitting TRI it was seen how the slope’s VIF value
would drop to 5.1 (Table 3.2; Table 3.1). This led to the decision of omitting TRI from the susceptibility
modeling and keeping the slope, as a value closely around the threshold was considered acceptable.

Table 3.1: VIF values (with TRI
values (with TRI) Table 3.2: VIF values (without TRI)

Factor VIF

Factor VIF
Slope 22.21

Slope 5.07
TWI 1.71

TWI 1.71
TRI 29.82

Curvature 1.07
Curvature 1.07

Aspect 1.02
Aspect 1.02 Lo
i Soil thickness 3.83
Soil thickness 5.76

Landuse 1.13
Landuse 1.13 .
. Lithology 1.03
Lithology 1.03 Rain 102
Rain 1.03

Therefore, the Spearman correlation test was conducted among the above-mentioned controlling fac-
tors excluding the slope, as shown in Figure 3.3. The correlation matrix shows no correlation across
all variables, except some moderate to strong correlation between slope, soil thickness and TWI. How-
ever, the VIF test conducted showed values <= 5, which led to the choice of keeping all these controlling
factors (Table 3.1).

Spearman Correlation Matrix of Controlling Factors
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Figure 3.3: Spearman correlation matrix

3.2.2. LS model set-up

All spatial datasets (vector and raster) representing the controlling factors and landslide inventory were
projected to a common coordinate reference system. Each factor was then resampled to match the
10 m resolution of the DEM, which represents the finest spatial resolution among all variables. Datasets
with coarser resolution were upsampled using nearest-neighbor resampling. As a result, each grid cell
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within the area of interest (AOI) contains a value for every controlling factor, as well as a binary indicator
denoting whether a landslide occurred (1) or did not occur (0).

Following dataset preparation, the modeling phase was conducted. The dataset was divided into train-
ing and testing subsets using an 80%—20% split. Cross-validation was applied to iteratively train and
evaluate the model across multiple train—test partitions, ensuring that the full dataset was utilized with-
out being processed all at once. This approach allows the model to be trained on different subsets of
the data repeatedly and reduces the risk of overfitting (Berrar, 2019).

However, the dataset is highly imbalanced, with more than 400000 grid cells but only 162 representing
landslide occurrences. Under such conditions, a model would tend to predict the majority class "0”-no
landslide for all cases. To address this issue, the dataset was balanced by sampling the "0” and "1”
classes in a 1:2 ratio during both training and testing. This enables the model to better learn the re-
lationships associated with landslide occurrence. Class balancing is a common practice in landslide
susceptibility modeling, given the typical imbalance in spatial datasets (Lombardo and Mai, 2018; Re-
ichenbach et al., 2018). Commonly used ratios include 1:1, 1:2, and 1:3; in this study, a 1:2 ratio was
selected as a compromise between model performance and computational efficiency, since a 1:1 ratio
resulted in excessive processing time.

In the machine learning framework, the controlling factors serve as input variables, while the binary
landslide indicator (0/1) represents the target variable. During training, the model learns the relation-
ships between the controlling factors and landslide occurrence. These learned relationships are sub-
sequently used to predict, for each grid cell in the testing dataset, the probability (ranging from 0 to 1)
of landslide occurrence.

This continuous probability is then converted into a binary classification (0O or 1) using a predefined
threshold, which in this study was set to 0.5. This value is commonly adopted in LS modeling, par-
ticularly in both statistical approaches and machine learning frameworks, as it represents the default
decision boundary in many binary classification algorithms (Catani et al., 2013; Zhou et al., 2021).
However, it should be noted that the selection of a fixed threshold is inherently arbitrary and may not
be optimal for all study areas, as it depends on the specific data distribution and the relative importance
of false positives and false negatives. Alternative approaches, such as threshold optimization based
on ROC or precision—recall analysis, have been proposed in the literature, but a universally accepted
standard for threshold selection in LS modeling has not yet been established.

Once having trained and tested the model having computed the relevant testing metrics, the model
with the highest metrics was chosen to predict LS over the entire AOI. This is still predictedasa 0 ~ 1
probability, which was then sub-divided in three classes: low (p < 0.33), medium (0.33 < p < 0.66)
and high (p > 0.66). In the existing literature, three, four, or five susceptibility classes are generally
proposed, and the decision of three classes was made to easily compare the resulting susceptibility
map to the one used by the local authorities, which also uses three susceptibility classes (Bacino Dis-
trettuale, 2025; Reichenbach et al., 2018).

This modeling procedure was executed two times: the first model was performed with only the recorded
landslides and no rainfall among the controlling factors, which from hereon will be addressed as the
"Traditional” model; the second model with the INSAR-augmented inventory (recorded + INSAR-derived
landslides) and the addition of rainfall among the controlling factors. This was done for two specific rea-
sons: to create a benchmark comparison for the INSAR-augmented LS model, and to test whether a
hydrological factor such as rainfall could be suitable to explain slope instability over the island.

3.3. Model performance assessment

The model performance will be evaluated with a Receiver Operating Characteristic (ROC) curve, fre-
quently used in LSM (Guzzetti et al., 2012; Reichenbach et al., 2018). By calculating the Area Under
the Curve (AUC) of the ROC curve, the overall performance is evaluated, with values closer to 1 rep-
resenting better performance. In general terms, the AUC can be interpreted as the probability that a
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Figure 3.4: Graphical visualization of the LSM

classifier gives a randomly chosen landslide sample an unstable classification. Therefore, a higher
value represents a higher probability of correct classification. Other metrics used for model perfor-
mance assessment are:

Recall = re 3.3
T TP Y FN (3:3)
Precision = e 3.4
T'eClSlon—TP_I_FP (3.4)

Fl_s _ 2 = Precision * Recall (3.5)
core = Precision + Recall ’

Relative importance will be given to the recall metric, as it is important in the case of highly costly
Type |l errors (false positives), which is the case for landslides as lives and critical infrastructure can
be affected. On the other hand, precision comes to importance when the concern for Type | errors
(false positives) is higher than Type Il errors, which does not represent the environmental problem in
question. However, it can still provide insights on model performance, and it is needed to compute the
F1-Score, a harmonized metric where models with different precision and recall values.







Results

This chapter shows the results related to the creation of the INSAR derived landslides (4.1), and the LS
modeling results, where both metrics are shown and resulting LS maps are displayed.

4.1. InSAR-derived landslides

As explained in Section 3.1.1, the processed INSAR points was first filtered based on their location,
whether they were in a location with a SI > 0.2 and on a slope of at least 7°; then based on their
displacement velocity, with only the scatterers showing at least a 20.05mm/yr velocity being included
in the INSAR-derived landslides.

From Table 4.1 it can be seen how roughly 0.3% of the scatterers have a velocity higher than the
11mm/yr threshold, and only around 1/3 of those have a displacement velocity higher than 20.05mm/yr.
This leaves a total of 321 InSAR scatterers, which overlayed on the 0.2 Sl and the at least 4° slope
leads to 129 InSAR-derived landslides.

Table 4.1: Percentage of remaining INSAR scatterers used to generate the INSAR-derived landslides

ASC DSC
Original scatterers 99449 77023
Reject HO 515 (0.5%) 439 (0.56%)

Scatterers [detect. Power] > 95% 157 (0.16%) 164 (0.21%)
Scatterers overlaying Sl > 0.2 75(0.07%) 79 (0.1%)
Scatterers over a slope > 4° 62 (0.06%) 55 (0.08%)

It should be noted that the 20.05mm/yr velocities are still in LOS, the satellite’s viewing geometry. As
not all slopes are parallel to the LOS, this is only a portion of the down-slope displacement velocity. To
have an overview of the actual magnitudes of down-slope displacement velocities, the LOS velocities
were re-projected to align with the down-slope vector. This was done by using two environmental pa-
rameters, slope angle and aspect, and two satellite parameters, the incidence angle and heading angle.

A three-dimensional trigonometrical re-projection was applied, and the resulting velocities are as ex-
pected higher than the LOS velocities. Figure 4.1 shows how the majority of the estimated down-slope
velocities lie below 125mm/yr, with extreme values stretching up to 190mm/yr. The landslides de-
rived from the descending INSAR track appear to be less scattered than the ones derived from the
ascending track.

Figure 4.2 shows the distribution of the inventory and InNSAR-derived landslides. It can be seen how
the north and eastern areas are populated by INSAR landslides from the ASC track, which is intuitive
as slopes in that area look in the LOS direction. Due to local slopes, there is no clear pattern of
distribution for the landslides derived from the DSC track. The count of total landslides is now 162
inventory landslides + 117 InSAR-derived landslides = 279 total landslides.
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Downslope displacement velocity (mm/yr)

Figure 4.1: Distribution of velocities of the INSAR scatterers used for the INSAR-derived landslides
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Figure 4.2: Overview of all the landslides, including inventory and InSAR-derived
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4.2. Landslide Susceptibility modeling

4.2.1. Susceptibility modeling metrics

An in-depth evaluation of the traditional LS model and the InSAR-augmented model was conducted
for both XGB and RF algorithms. Overall, the traditional models exhibit moderate performance, with
F1-scores not exceeding 0.63, AUC values up to 0.81, and Recall values reaching a maximum of 0.56.

Considering the best-performing models from cross-validation and using the F1-score as the primary
evaluation metric, the InNSAR-augmented XGB model slightly outperforms the best traditional model,
achieving an improvement of 0.06. A similar trend is observed in the AUC scores, although the increase
of 0.02 is relatively minor in relation to the overall metric values (Tables 4.2; 4.3). Notably, the INSAR-
augmented model yields a Recall approximately 10% higher than the traditional model. However, with
a Recall of 0.57, it still fails to identify 43% of landslide events, indicating a substantial proportion of
false negatives.

From the ROC curve comparison in Figure 4.4 it can be seen how the INnSAR-augmented LS model has
a higher performance at all false positive rates, especially between 0.2 < FPR < 0.4. This is a signal
of a more robust model in terms of false alarming, which in this case translates to a low probability of
predicting "0” areas as landslides ("1”).

When inspecting the traditional LS model results over the testing iterations, it appears how the XGB
model shows higher variance in every score with respect to the RF model, while this is not the case
for the INSAR-augmented LS model. In fact, the RF in the InNSAR-augmented model shows higher
variance in Precision, Recall and F1-Score, but not in AUC score. When inspecting median scores,
it appears how the two LS models are almost equivalent, with differences up to 5% in median scores
(Figures 4.3a, 4.3b).

Table 4.2: Metrics of the best traditional LS model based Table 4.3: Metrics of the best INSAR-augmented LS

on F1-Score model based on F1-Score
Metric XGB RF Metric XGB RF
AUC 0.75 0.73 AUC 0.77 0.81
Precision 0.68 0.66 Precision 0.69 0.71
Recall 0.48 0.48 Recall 0.57 0.46
F1-Score 0.57 0.56 F1-Score 0.63 0.56
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ROC curve for best traditional and InNSAR-augmented LS model
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Figure 4.4: ROC curve for best traditional and INnSAR-augmented LS model

Furthermore, Figure 4.5a highlights the number of TP, TN, FP and FN. It can be seen how the roughly
10% of the landslides samples have been missed in the traditional LS model, as 17 FN are present out
of 162 landslide samples. With this assessment the TN percentage is around 9%. With the INSAR-
augmented model, the FN percentage remains in line with the previous model: 10% of the landslide
samples appear as missed landslides (28 out of 279; Figure 4.5b).
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(a) Prediction confusion matrix of the traditional LS model
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4.2.2. Resulting Landslide Susceptibility Map

LS maps were generated from the traditional and INSAR-augmented models with the highest F1-Score.
Table 4.4 shows that the two maps differ across all susceptibility classes, with deviations of 6% in the
Low class, 18% in the Medium class, and 20% in the High class. These differences are consistent with
the visual patterns observed in Figure 4.6. In particular, the InNSAR-augmented LSM predicts a larger
extent of Medium susceptibility, whereas the traditional LSM assigns greater areas to both Low and

High susceptibility classes.

Table 4.4: Comparison of susceptibility classes between Traditional LSM and InSAR-augmented LSM

Susceptibility class

Traditional LSM

INSAR-augmented LSM

Low 320609 301269
Medium 114539 139226
High 28263 22519
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Figure 4.6: Comparison of the LS map achieved with the traditional LS model (top), INnSAR-augmented LS model (center), and
map used by the local authority (bottom; Bacino Distrettuale, 2025)






Discussion

Given the amount of points of discussion present, they will be divided in two main sections: the first one
including the discussion points regarding the methodology used, while the second one which includes
the discussion on the results obtained.

5.1. Selection of study area

The first discussion point starts with the selection of the study area, where several features can play
an important role in the study area decision. For this study, initially other areas were identified, such
as the area surrounding the Partenio Regional Park in Campania, Italy, roughly 30km east of the city
of Naples. Here the challenges encountered through the INSAR processing due to the high vegetation
and the resulting displacement patterns observed made the park a non suitable location for such a
study, and such challenges can be extrapolated to general challenges when wanting to use InSAR-
augmented LSM.

Notwithstanding it being an area with several landslides happened in the past, the park and its sur-
rounding slopes showed no movement except for a +/- 10mm seasonal displacement. Furthermore,
the size of the landslides present in the area, such as the one happened in San Martino Valle Caudina
in 2019 with an area of roughly 3 hectares of failed soil, creates more challenges for INSAR to even
capture such substantial changes in the surface.

5.2. Methodology Discussion

5.2.1. InSAR processing methodology

For this study initially the INSAR data was processed both by using the PSI and SBAS methodologies.
These two delivered similar results in terms of magnitude of displacement, however there were differ-
ent results in the trends that were captured. The resulting PSI time series appeared to be smoother
in time, while the SBAS time series showed more prominent irregular patterns. Although this initially
made the SBAS output more suitable for this research, as these irregularities could be attributed to
possible hydrological factors, the lower coverage in the SBAS output directed the choice to the PSI
output.

However, it shall be noted that the non-linear trends found in the SBAS timeseries and the local GNSS
stations led to the indication of possible soil-water interaction, and therefore led to the choice of rainfall
as a non-static controlling factor.

5.2.2. InSAR analysis assumptions

The Detectability Power test performed in Section 3.1.1 lies on the assumption of having a constant
standard deviation of the velocity of 5.5mm/yr. However, this decision was made due to time limitations
and because it was attributed that the derivation of this value was outside the scope of this research, and
in reality each scatterer presents its own standard deviation. This is is not computed by fitting a model
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through the resulting timeseries, but it shall be computed by starting from the phase variance. Thisis a
first estimation of the correlation through time of a scatterer, and its coherence is inversely correlated to
the phase variance. The use of this parameter can provide further insights on the quality of the produced
timeseries, however a workflow on its spatial distribution shall be made. While the resulting velocity
standard deviation can be taken from each scatterer, the choice of the alpha and beta values should
be taken on sub-AOls. This is because each sub-region might have different tolerances of missed
detections, for instance regions with socially critical infrastructure downslope such as hospitals.

5.2.3. Use of displacement thresholds

By using the methodology as explained in Section 3.1.1, all the INSAR scatterers with displacement
rate greater than 20.05mm/yr were considered as "unstable” scatterers, therefore they were added
to the landslide dataset. However, a distinction must be made between all the scatterers that have a
>95% detectability power threshold, and areas that are actually unstable.

The detectability power test filters INSAR data on scatterers whose timeseries cannot only be explained
by the noise, and therefore there is indeed displacement happening, and there is a specified minimum
certainty that this displacement is indeed captured. On the other hand, the goal of this research was to
leverage INSAR technology to assess whether scatterers would lay on unstable slope, and use those
to expand on the local landslide inventory dataset. In this regard, the detectability power threshold
derived in Section 3.1.1 may technically not represent the threshold of the difference between a stable
and an unstable area. Chen et al. (2023) Feng et al. (2025) proposed a methodology which is based
on the delineation of displacement thresholds, which could possibly be used as an addition of the de-
tectability power test. Thus, a possible future use of this methodology could see the expansion of the
detectability power test including the use of the phase variance to derive the displacement standard
deviation, and thereafter still using displacement thresholds to actually select the displacement that
supposedly belongs to unstable slopes.

5.3. Results Discussion

5.3.1. Controlling factor importance

Inspection of the susceptibility maps produced by the two modelling approaches already suggests a
shift in the relative importance of the controlling factors. To investigate this more systematically, a SHAP
analysis was conducted over the entire AOI for each modelling scenario. Because SHAP provides a
heuristic ranking of feature importance without an associated significance test, an additional bootstrap-
based comparison was performed. Specifically, 300 sub-samples of the AOI were generated and, for
each sample, the relative SHAP importance of selected factors was compared. This allowed to evaluate
how consistently one factor ranked above another across the study area.

Traditional LS model

For the traditional LS model, the SHAP analysis indicates that slope is the most important control-
ling factor, followed by soil thickness and TWI (Figure 5.1). The dominant role of slope is consistent
with previous landslide susceptibility studies, which commonly identify topographic and hydrological
variables—including slope, elevation, and wetness-related indices—as among the most influential pre-
dictors (Chang et al., 2018; Guzzetti, 2000; Reichenbach et al., 2018).

The bootstrap analysis supports this interpretation. Across all 300 sampled sub-portions of the AQOI,
slope showed higher global SHAP importance than thickness (Table 5.1). This suggests that the dom-
inance of slope over thickness is spatially robust within the study area.

Table 5.1: Bootstrap-based comparison of SHAP global importance between selected conditioning factors for the traditional LS
model.

Feature comparison P(S1> Th) Mean difference 95% CI
Slope > Thickness 1.000 0.0437 [0.0432, 0.0444]
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Figure 5.1: SHAP values for the controlling factors of the traditional LSM.

InSAR-augmented LS model

For the INSAR-augmented LS model in which scatterers on flat areas were excluded, the SHAP analysis
shows slope and land cover as the two most important controlling factors (Figure 5.2). Although both
variables appear highly influential, the bootstrap comparison indicates that slope consistently ranks
above land cover across all 300 AOI samples (Table 5.2). Therefore, slope can still be considered the
most dominant controlling factor in this model configuration. This result suggests that, after filtering
INSAR-derived landslides to slope areas, the model retains a geomorphologically plausible structure,
with slope remaining the primary predictor while land cover becomes more relevant than in the tradi-
tional LS model.
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Figure 5.2: SHAP values for the controlling factors of the INSAR-augmented LSM without scatterers on flat areas.

5.3.2. Importance of filtering INSAR points on slopes

To assess the influence of including scatterers located on relatively flat areas, an additional INSAR-
augmented LS model was trained using the full INSAR-derived inventory, while keeping all other mod-
elling settings unchanged. The resulting performance deteriorated compared with the slope-filtered
INSAR model, particularly for Recall and F1-score, whereas other metrics changed only marginally
(Table 5.3). This indicates that including flat-area scatterers introduces noise or reduces the geomor-
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Table 5.2: Bootstrap-based comparison of SHAP global importance between selected conditioning factors for the
InSAR-augmented LS model without flat-area scatterers.

Feature comparison P(S1>LC) Mean difference 95% ClI
Slope > Land cover 1.000 0.016 [0.015, 0.017]

phological consistency of the inventory, thereby weakening model performance.

Table 5.3: Performance metrics of the INSAR-augmented LS model with all INSAR-derived landslides.

Metric XGB RF

AUC 0.70 0.70
Precision 0.66 0.70
Recall 0.38 0.34

F1-Score 0.48 0.46

The SHAP analysis of this unfiltered INSAR-augmented model shows a substantial change in the rank-
ing of controlling factors. In contrast to the traditional LS model, where land cover ranked among the
least important variables, land cover becomes the most important factor here, followed by curvature
(Figure 5.5). This pattern is not fully consistent with the literature, which more commonly identifies
slope, hydrology, and elevation-related variables as dominant predictors (Kassa et al., 2024; Pradhan
et al., 2023; Meena et al., 2022; Reichenbach et al., 2014). Two factors may explain this result.

1. INSAR scatterers are preferentially located on artificial structures. Because C-band SAR
coherence is typically poor over vegetated terrain (Zebker and Villasenor, 1992), persistent scat-
terers are more likely to be associated with buildings, roads, and other man-made structures, with
only a limited number of scatterers occurring over exposed rock in the central part of the island.
If a substantial proportion of the INSAR-derived landslide inventory is therefore associated with
urbanised areas, it is reasonable that land cover emerges as a highly influential predictor.

2. Land cover resolution and positional uncertainty may affect class attribution. The posi-
tional uncertainty of the satellite observations (approximately +5 m) combined with a land cover
raster resolution of 10 m increases the likelihood that some scatterers are assigned to an in-
correct land cover class. Visual comparison between the land cover raster and optical imagery
shows that small-scale heterogeneities are not always captured. For example, small terraces,
gardens, and vegetated patches adjacent to houses and roads may still be classified as urban
fabric (Figure 5.3).

The bootstrap analysis confirms the strong influence of land cover in this model configuration. Across
all 300 sampled AOI sub-portions, land cover consistently ranked above curvature (Table 5.4). This
indicates that the dominance of land cover is not a local artefact, but a spatially persistent feature of
the unfiltered INSAR-based inventory.

Overall, these results highlight the importance of filtering INSAR-derived points according to slope con-
ditions before using them to construct landslide inventories. Without this filtering step, the model ap-
pears to incorporate signal related to sensor sampling characteristics and land cover representation
rather than landslide-controlling geomorphological processes alone.

Table 5.4: Bootstrap-based comparison of SHAP global importance between selected conditioning factors for the
InNSAR-augmented LS model with scatterers on flat areas.

Feature comparison P(LC > Cu) Mean difference 95% ClI
Land cover > Curvature 1.000 0.010 [0.009, 0.010]
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Figure 5.3: Example of possible INSAR scatterers overlapping pixels classified as urbanised land cover (red), although they
may actually belong to other local land cover classes.
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Figure 5.4: Susceptibility map resulting from the INSAR-augmented LSM with scatterers on flat areas.
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Figure 5.5: SHAP values for the controlling factors of the INSAR-augmented LSM with scatterers on flat areas.



Conclusion

This research evaluated the integration of INSAR-derived surface deformation into landslide suscep-
tibility modelling by comparing three modelling approaches: a traditional susceptibility model based
on established controlling factors, an InNSAR-augmented model using slope-filtered deformation points,
and an augmented model including all INSAR-derived points without additional geomorphological filter-

ing.

The comparison between the traditional model and the slope-filtered INSAR-augmented model demon-
strates that INSAR-derived information can be incorporated into landslide susceptibility modelling with-
out compromising its physical basis, provided that deformation signals are constrained to slope areas.
In both models, slope remains the dominant controlling factor, followed by soil thickness and hydrolog-
ical proxies, indicating that the susceptibility patterns are still governed by terrain conditions consistent
with rainfall-induced landslide processes in the study area.

At the same time, the inclusion of slope-filtered INnSAR-derived landslides leads to a measurable shift
in the relative importance of certain predictors, particularly land cover. This suggests that INSAR data
introduce additional spatial information related to surface characteristics and observation conditions.
However, as long as slope remains the primary controlling factor, this shift does not compromise the
geomorphological interpretability of the model, but rather reflects the combined influence of terrain and
observation-driven sampling.

A contrasting behaviour is observed when INSAR-derived points are included without applying slope-
based filtering. In this case, model performance decreases, particularly in recall and overall predictive
capability, and the ranking of controlling factors changes substantially. Land cover becomes the dom-
inant predictor, while slope loses its primary role. This indicates that the model is no longer capturing
landslide-related processes, but is instead learning patterns associated with the spatial distribution of
INSAR scatterers, especially in urbanized and low-slope areas.

These results highlight a critical distinction: even when InSAR data are processed using standard
quality criteria and include an initial slope constraint, this is not sufficient to ensure that the detected
deformation corresponds to slope instability. The additional test without slope filtering clearly shows
that the inclusion of deformation signals from flat or weakly sloping terrain introduces non-landslide-
related processes, which degrade both model performance and physical interpretability.

The key finding of this study is therefore that the value of INSAR-derived deformation in landslide sus-
ceptibility modelling lies not in its direct incorporation, but in its selective integration under strict geomor-
phological constraints. When InNSAR-derived points are restricted to slope areas, they can complement
traditional landslide inventories while preserving the fundamental role of slope as the main controlling
factor. When this constraint is not applied, the integration fails to improve the model and can even lead
to misleading susceptibility patterns.
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Overall, this research demonstrates that INSAR data should not be treated as a straightforward ex-
tension of landslide inventories, but as a conditional data source whose usefulness depends on how
deformation signals are filtered and interpreted. The comparison between filtered and unfiltered ap-
proaches provides clear evidence that geomorphological consistency—particularly the enforcement of
slope conditions—is a necessary requirement for the successful integration of INSAR into landslide
susceptibility modeling.

6.1. Recommendations

Based on the findings of this study, several recommendations can be made to improve the integration
of INSAR-derived deformation into landslide susceptibility modelling.

The results clearly show that including InSAR-derived points from low-slope areas leads to a degrada-
tion of model performance and a loss of physical interpretability. Therefore, slope-based filtering should
not be considered an optional refinement, but a necessary preprocessing step when using INSAR data
for inventory augmentation. Only deformation signals occurring on sufficiently steep terrain should be
considered as potential indicators of slope instability.

Although a minimum slope threshold was applied in this study, the results suggest that a single, fixed
threshold may not be optimal for all environments. Future research should investigate adaptive or
region-specific slope thresholds that account for local geomorphology, landslide types, and triggering
mechanisms. This could improve the balance between retaining relevant deformation signals and ex-
cluding non-landslide-related motion.

Standard InSAR filtering approaches—such as sensitivity index, detectability power, and geometric
constraints—are effective in ensuring signal quality, but they are not sufficient to guarantee that the de-
tected deformation is related to landslide processes. These filters should therefore be complemented
with geomorphological constraints, as high-quality signals can still represent non-landslide deforma-
tion, particularly in urban or low-gradient areas.

The findings of this study indicate that INSAR-derived deformation should be used to complement
existing landslide inventories rather than replace them. Its value lies in identifying potentially active
areas and enriching spatial information, but only when integrated within a framework that preserves
the geomorphological controls of landslides.
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A. Static maps of Ischia

Figure A.1: Elevation map

Figure A.2: Land cover map
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Lithology
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Figure A.3: Lithology map

Slope (degrees)

71.483215
0.00502

Figure A.4: Slope map
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