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3. Abstract 

 
This document describes the main results of the interaction between the spokes VS2 (Ground 

Instabilities) and the DS (Science underpinning climate services for risk mitigation and adaptation) 

of the RETURN Project. This interaction was first focused on the identification of best practice 

experiences and forefront analyses on ground instabilities, considering the most common weather-

climatic parameters affecting them (precipitation, temperature, snow and glacial data, wind, and 

marine data) as impact-oriented hazard indicators. The identification of climatic stressors responsible 

for ground instabilities has been carried out also benefiting from recent advances in geomorphological 

approaches on climate services. 

A special effort has been dedicated to investigating the spatio-temporal variability of landslide 

occurrence as a climate change impact indicator, with a specific focus on the preparatory and 

triggering factors to better understand the role of rainfall in landslide dynamics. The analysis was 

primarily focused on shallow landslides, where the rainfall-induced dynamics of preparation and 

triggering are more direct and clearly linked to short-term hydro-meteorological conditions, rather 

than on deep-seated landslides, whose response to rainfall is more complex and delayed. 

As part of the joint task within VS2 and DS Spokes of RETURN, the development and validation of 

operational toolchains have been implemented, as sequences of computational and analytical tools 

designed to produce scenarios of ground instability effects linked to specific types of preparation 

processes and triggering actions. Finally, some ground instability scenarios of effects under a 

changing climate have been computed as simulations both in the demonstrator case of Calabria 

coastal railway and in the RETURNLAND Virtual Test Bed. 
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4. Introduction 

4.1 Overview of Task 2.5.4 and Deliverable 2.5.4. 

In Italy, the effects of ongoing climate change have become increasingly evident in recent years. 

The years 2022 and 2023 were the warmest years since 1961, considering the mean and the maximum 

temperatures with an average anomaly of +1.14°C (SNPA Report 2023). These anomalies have 

strongly influenced the national water balance, especially in northern and central Italy, causing 

several extreme floods and prolonged droughts. For example, extreme rainfall events occurred in 

Emilia Romagna (326 mm/day; Schilirò et al., 2025) and Tuscany regions (200 mm in 3 hours; Biondi 

et al., 2024) in May and October 2023, and November 2023, respectively, although the cumulative 

rainfall in Italy during 2023 was overall lower than climatological average of about 4% (SNPA Report 

2023). During May 2023 Emilia-Romagna event more than 80000 rainfall-induced landslides (mostly 

first-failure) occurred over an area of more 6000 km2, with density reaching as high as 200 landslides 

per square kilometer (Berti et al., 2025). Moreover, prolonged dry periods occurred in Piedmont, 

Liguria, Emilia Romagna, Apulia, Sicily and Sardinia regions with more than 330 dry days. Even so, 

in the autumn of 2024 some exceptional events occurred: on 19th and 20th October the municipal 

area of Bologna registered the absolute record of daily rainfall since 1900 (ARPAE, 2024). 

Also in the Mediterranean area waterspouts, cyclones, floods and storm surges increase their 

frequency and intensity (Flaounas et al., 2022; Makris et al., 2023; Bloomfield et al., 2023), like 

Ciarán and Domingos Storms in November 2023. During these events, along the Ligurian coast the 

wind speed reached 100 km/h (classified as a violent storm in the Beaufort Wind Force Scale), locally 

exceeding 200 km/h (hurricane), and causing severe storm surges comparable to Vaia Storm occurred 

in North-East of Italy in October 2018 (ARPAL, 2023). Exceptional high tides were recorded in the 

Northern Adriatic Sea, reaching the third highest value since 1869 (110 cm Punta della Salute zero 

tide gauge in Venice) at the end of October - beginning of November 2023 (ARPA FVG, 2024). 

The Task 2.5.4. of the VS2 spoke has been focused on the deep interaction with the DS spoke, in 

order to provide ground instability scenario effects in a changing climate framework and the 

Deliverable 2.5.4 reports about the sharing with the DS spoke.  

Dedicated VS2 work packages (WPs) were defined focusing on the predisposing (time-independent 

- WP2) conditions, preparatory processes (time-dependent - WP3) and triggering actions (impulsive 

and transitory - WP4) in subaerial and submarine environments. Excluding the predisposing 

conditions like the geo-structural and lithological ones (Sharma et al., 2024; Delchiaro et al., 2024a) 

that are poorly or at all influenced by climate change, the preparatory processes and triggering actions 
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related to temperatures and rainfall are strongly controlled by climate regime. In this perspective, the 

identification of climatic stressors for ground instabilities has been carried out by three specific Tasks 

of VS2 (one for learning and training through field laboratories, and another two for generating 

scenarios of effects through machine and deep learning), also benefitting from recent advances in 

geomorphological approaches on climate services (Delchiaro et al., 2024b; Delchiaro et al., 2025; 

Iacobucci et al., 2025). 

To delineate specific climate- and weather-related hazards, the DS spoke has identified and defined 

specific impact-oriented hazard indicators for each natural sector (SNPA Report 2021). 

Furthermore, thanks to the refining of climate modelling performed within the DS spoke, the latest 

historical and future climate projections, both in terms of cumulative rainfalls and sea-level changes, 

have been provided to VS2 to run specific tools for generating ground instability scenarios of effects 

under a changing climate. 

4.2 Available climate datasets and models 

Model studies indicate the Mediterranean region as a climate change hotspot, prone to the impacts of 

local scale and severe weather (Giorgi, 2006; Ducrocq et al., 2014). Because of the complex 

morphology (semi-closed basin with high and complex surroundings), the Mediterranean region and 

the Italian territory need to rely on high-resolution information to deal and manage the impacts of 

weather extremes, both for current and future climate.  

Table 4.1 summarizes a set of databases and research groups currently providing up to date and ready-

to-use climate scenarios and benchmark products (for more details see also the DS Deliverable 8.4.1). 

The table reports both observational products that refer to time series of in situ measurements, as well 

as interpolated products on regular grids. In the latter case, the nominal resolution depends greatly on 

the spatial extent of the database and the number of stations used. A detailed evaluation of the 

characteristics of individual products is beyond the scope of this discussion, and readers are referred 

to the relevant literature for further information. 

In the table, products are differentiated according to their type: observational (OBS), remote sensing 

data (RS), and climate models. Among the latter there are: Reanalyses (RE), hindcast simulation (HI), 

climate simulation (CS). The table also contains the name of the product, the institution that 

developed/maintains it, whether data-assimilation has been used or not, whether CP scheme is active 

or not, the Horizontal Resolution in km or degrees (HR), the time resolution (m-monthly, d-daily, h-

hourly), the domain covered, and the reference paper if any. In case the information was not available 

or not easily identifiable for the whole dataset, we leave a blank entry. 
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All the datasets listed in Table 4.1 refer to atmospheric variables except ERA5-Land which is a 

reanalysis achieved through global high-resolution numerical integrations of the ECMWF land 

surface model driven by the downscaled meteorological forcing from the ERA5 climate reanalysis 

and contains land and soil variables. 

Beside the specific products listed in the table it is worth to mention also the dataset stemming from 

intercomparison experiments, such as CORDEX (https://cordex.org/) which covers the European 

domain both with the EURO-CORDEX and the MED-CORDEX initiative. 

In particular, we report that the CORDEX initiative dedicated a Flagship Pilot Study to convection 

(CORDEX-FPSCONV) whose major protocol and potentiality are described in Coppola et al., 2018, 

while preliminary results over climate scale for precipitation are presented in Ban et al. (2021) and 

Pichelli et al. (2021).  

In the framework of the RETURN project, several activities have generated new convection-

permitting scales climate model runs. The ensemble runs from CORDEX Flagship Pilot Study on 

Convective Phenomena over Europe and the Mediterranean have been remapped to a common 

resolution and benchmarked in some areas using ground-observed extremes (Dallan et al., 2024b). A 

national scale benchmark based on observed extremes is being produced using a regionalized 

formulation of the Metastatistical Extreme Value Distribution (Devò et al., 2025). New convection-

permitting model runs have been completed over Italy (and including most of Europe) at 3 km and 1 

h scale by ICTP-Trieste, forced by EC-Earth3-Veg GCM, according to CMIP6 scenarios (see Table 

2). A regional downscaling of CMIP6 global climate projections to local scales for the Mediterranean 

and Italian regions has been performed, aiming to produce high-resolution climate information for 

the assessment of climate change signals, with a focus on precipitation extreme events (also reported 

in Table 2). The experiments cover hindcast (i.e. ERA5-driven) and historical simulations (driven by 

the MPI-ESM1-2-HR model) to simulate the present (1980-2014) and future (2015-2100) climate 

under three different emission scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5). Based on a double-nesting 

approach the experiments were conducted at two different resolutions, 15 km and 5 km. Although the 

highest resolution falls in the so called “gray zone” where the convection parameterization cannot be 

switched off leading to convection permitting simulations, it has been proved that the use of “scale-

aware” parameterization leads to results analogous to those of a CPM (Struglia et al, 2025). 

 

Table 4.1 
Acronym Institution Produ

ct 
start 
Date  

end 
date 

data 
assim 

CP H R T 
R 

Domai
n 

Paper 

E-Obs COPERNICUS OBS 1950 2024     0.1° d Europe Cornes et 
al. 2018 

CRU  East Anglia U OBS 1901 2018     0.5° m global Harris et 
al., 2020 
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GRIPHO ICTP OBS 2001 2016     3 km h Italy Fantini, 
2019, tesi 

ARCIS ARPAs OBS 1961 2015     5 km d C-N 
Italy 

Pavan et 
al. 2019 

SCIA ISPRA OBS             Italy Desiato et 
al.,2011 

EURO4M   OBS 1971 2019     5 km d Alps Isotta et 
al., 2014 

ESA - CCI ESA RS 
data 

        0.25° d, 
m 

global Waliser et 
al.2020 

ERA5 ECMWF RE 1940 2022 yes no 31 km h global Soci et 
al., 2024 

ERA5-Land ECMWF RE 1950 present indirect NA 0.1° h global Muñoz-
Sabater et 
al., 2021 

UERRA COPERNICUS RE 1961 2019 yes no 11,1 6h Europe UERRA 
home 
page 

SPHERA ARPAE RE 1995 2020 yes yes 2.2 
km 

h Italy Giordani 
et al., 
2023: 

MERIDA RSE RE     yes no 7 km h Italy Bonanno 
et al., 
2019) 

MERIDA-
HRES 

RSE RE     yes yes 4 km h Italy Viterbo et 
al., 2024 

VHR-
REA_IT  

CMCC HI 1989 2020 no yes 2.2km h Italy Raffa et al 
2021: 

COSMO-
REA6 

DWD RE 2008 2018 no no 6 km    
Europe 

Wahl   et 
al. 2017 

COSMO-
REA2 

DWD RE 2008 2018 yes yes 2 km   Central 
Europe 

Wahl   et 
al. 2017 

CERRA COPERNICUS RE 1984 2021 yes no 5 km   Europe Ridal et 
al. 2024 

MERRA2 NASA RE 1980 2024 yes no 0.5° 3h global Gelaro et 
al. 2017 

CHAPTER CIMA HI 1981 2020 no yes 3 km 
 

Europe Bernini et 
al., 
submitted 

VHR-
PRO_IT 

CMCC CS 2006 2070 no yes 2.2 
km 

h Italy Raffa et 
al., 2023 

ENEA-5km ENEA HI 
CS 

1980 
2015 

2023 
2100 

no no 5 km h Italy 
and 
West 
Med 

Struglia et 
al., 2025 

ICTP-
Reg_CM5 

ICTP CS 1995 
2021 
2048 
2067 

2021 
2042 
2067 
2086 

no yes 3 km h Europe  - 

FPS 
Convection 

CORDEX 
Team 

CS 1996 
2041 
2090 

2005 
2050 
2099 

no yes 3 km h ALP-3 Fosser et 
al., 2024 
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5. Climate change impact indicators related to ground instabilities 

5.1 Impact of climate change on ground instabilities in different 

natural sectors 

Climate change can be defined as a long-term change in the statistical distribution of weather 

variables. These variations may result from both natural processes (Hays et al., 1976), including 

volcanic activity, solar radiation fluctuations, and internal climate variability, and from anthropogenic 

influences (Lynas et al., 2021), primarily the increase in greenhouse gas concentrations linked to 

human activities such as fossil fuel combustion, deforestation, and land-use changes (IPCC, 2023). 

These alterations in the Earth’s energy balance are leading to direct consequences on the frequency, 

duration, and magnitude of extreme meteorological events (Held and Soden, 2006). Observational 

and modeling evidence indicates that episodes of intense precipitation, heatwaves, droughts, and 

windstorms have become more frequent and severe over recent decades, globally influencing 

ecosystems, people, settlements and infrastructures (Figure 5.1).  

 

Figure 5.1: Global economic damage by natural disaster from 1960 to 2024. The amount of damage to 

property, crops, and livestock is given in US$ (EM-DAT, CRED/UCLouvain, 2024). Data includes 

disasters recorded up to April 2024. 
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According to the IPCC (2023), climate change parameters refer to the fundamental variables that 

describe the state and evolution of the climate system, such as temperature, precipitation, wind speed, 

or snow cover. They quantify how the climate itself is changing over time. Conversely, climate 

change impact indicators (SNPA Report 2021) capture the effects of these changes on natural (Figure 

5.2) and socio-economic (Figure 5.3) systems, representing measurable responses to climatic 

variability. Examples of climate change impact indicators include variations in landslide frequency, 

flood occurrence, glacier retreat, or drought severity. In essence, while climate change parameters act 

as drivers of environmental change, impact indicators reflect the consequences of these changes on 

ecosystems, hazards, and socio-economic processes. 

 

 

Figure 5.2: Climate change impact indicators on natural sectors (SNPA Report 2021) 
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Figure 5.3: Climate change impact indicators on socio-economic sectors (SNPA Report 2021) 

 

The DS spoke examined the recent literature on hazard climate-related indicators. Besides the SNPA 

Report 2021, the DS spoke took into account also the UN Global Set of Climate Indicators (UN, 

2022), which was adopted by the UN Statistical Commission in 2022. A hierarchical structure was 

adopted here, inspired by the UN approach, to qualify indicators according to 15 impact sectors (see 

also DS Deliverable 8.2.1). The structure adopted for climate change of the RETURN Project was 

thus devised to be consistent with the above two important frameworks, at an international and 

national level. Once the structure of the indicator set was defined, extensive interactions with all the 

other spoke Ambassadors spoke were carried out. In particular, a list devised by TS8.2.1 Leaders, 

which contained more than 200 indicators, was circulated to stimulate suggestions, integrations, and 

revisions in general. Furthermore, researchers from all Spokes were invited to take ownership of 

indicators of interest to their work and spoke. This process ensured a large participation by the entire 

RETURN partnership. Such an initiative was called "Adopt an Indicator" and the interactions 

between VS2 and DS will be detailed below. 
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According to the VS2 Deliverable 2.2.3, the ground instabilities are distinguished among landslides, 

sinkholes, subsidence, and liquefaction (Table 5.1) and most of them are affected by climate change 

parameters that describe the state and evolution of the climate system, such as temperature, 

precipitation, wind speed, or snow cover. 

Table 5.1. Categories of ground instabilities as conceptualized in the Extended Partnership RETURN. 

In bold the kinematics and typologies considered in the present work. 

 
 
 

Ground 
 

 Instabilities 

Subaerial 
Landslides 

Subaerial Slow 
Landslides 
Typologies 

Slow Flows (Earthflows) 

Slow Slides (Rotational and Planar Slides, Soil 
slips) 

Slow Spread & Slow Slope Deformations 
(Spread (except Liquefaction), Rock/Soil Slope 

Deformations, Creep, Deep-Seated 
Gravitational Slope Deformation) 

Subaerial Rapid 
Landslides 
Typologies 

Rapid Flows (Debris flows, Mudflows) 

Rapid Slides (Rock Slides, Rock Avalanches) 

Falls & Topples (Rock Falls, Rock Topples) 

Submarine 
Landslides 

Submarine 
Landslides 
Typologies 

Slow Submarine Landslides (Creep, Deep-seated 
Gravitational Slope Deformation) 

Rapid Submarine Landslides (Flows, Avalanches, 
Slides) 

Sinkholes Slow Sinkholes 
Typologies 

Slow Sinkholes (Suffosion Sinkholes, Solution 
Sinkholes) 

Rapid Sinkholes 
Typologies 

Rapid Sinkholes (Collapse Sinkholes, Cover-
collapse Sinkholes) 

Subsidence Subsidence 
Typologies 

Subsidence (all types) 

Liquefaction Liquefaction 
Typologies 

Liquefaction (all types) 

 

5.2 Joint initiative VS2-DS: "Adopt an Indicator" 

The interaction between VS2 and DS in the frame of the initiative "Adopt an Indicator" was first 

focused on the study of the state of the art grounded on the identification of a series of case studies 

on ground instabilities (defined as Learning Examples; see also the VS2 Deliverable 2.2.2) which 

represent best practice experiences and forefront analyses. From a hundred Learning Examples 

proposed by VS2, a total of 38 impact-oriented hazard indicators were selected, considering the most 
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common weather-climatic parameters like precipitation, temperature, snow and glacial data, wind, 

and marine data (Figure 5.4).  

 

 

Figure 5.4: Localization of the 38 Learning Examples (LEs) selected within the RETURN project across the 

Italian territory (a) that account for the main meteo-climatic parameters (right) affecting the occurrence 

of ground instability, and classification of the associated climate indicators (b, c). The pie chart in 

panel c) displays the relative frequency of indicators used to assess landslide preparatory and 

triggering conditions, highlighting the predominance of rainfall-related variables, particularly 

cumulative rainfall (~25%) and rainfall intensity (~20%). Panel b summarizes the types of climatic 

and environmental indicators categorized by data domain (e.g., rainfall, temperature, permafrost, 

snow/glaciers, wind). 

 

As a result of this VS2-DS joint initiative the most significant impacts of the climate variations among 

the ground intabilities listed above are landslides and sinkholes, mostly affected by rainfall regime 

variability and sea-level change, respectively. 

Several studies (e.g., Benz and Blum, 2019; Emberson et al., 2021; Brunetti et al., 2025; Gariano and 

Rianna, 2025) have demonstrated how landslides are particularly susceptible to climate variability 

causing damages for over 6 billion euros per year in the industrialized countries of the world and 

several injuries every year. Emberson et al. (2021) demonstrated that the greater the intensity of El 

Niño, the greater implication for rainfall-induced landslides in parts of South-Asia and Latin America; 
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similarly, Rutllant et al. (2023) show how the atmospheric rivers (i.e., the narrow corridors where the 

vapor transport is enhanced and associated with extratropical cyclones, Zhu and Newell, 1998) play 

a key role in all landslide-producing storms observed between 1957 and 2017 in subtropical Andes; 

Zhao et al. (2022) investigate the role of random rainfall patterns in the time evolution of triggered 

landslides and in defining the cumulative landslide area. However, it must be considered that rising 

temperatures and increasing frequency of extreme precipitation events exert a multifaceted influence 

on vegetation dynamics, leading in some cases to degradation while in others to excessive growth 

(Chelli et al., 2017), which may locally counteract slope instability (Löbmann et al., 2020). 

Successively, The VS2-DS interaction deepened the investigation of the spatio-temporal variability 

of landslide occurrence as an indicator of climate change impact, with a specific focus on the 

preparatory and triggering factors to better understand the role of rainfall in landslide dynamics. 

Examining the current state of knowledge research, areas where further research is needed have been 

identified. Moreover, a national-scale procedural framework with standardized toolchains assessing 

and integrating systematically the impacts of climate on landslide dynamics has been defined. 
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6. The role of rainfall regime in landslide dynamics 

The RETURN project and the joint initiative called “Adopt an Indicator” have been essential for 

identifying landslides as key indicators of climate change impacts, with a specific focus on 

understanding their preparation and triggering processes in mountainous, hilly, and coastal areas. 

Landslides, whose spatio-temporal variability has been recognized as an indicator of climate change impact, 

are influenced by a complex interaction of static (predisposing) and dynamic (preparatory and triggering) 

factors. While static factors define the inherent susceptibility of a slope to failure (Sharma et al., 2023; 

Delchiaro et al., 2024a), only dynamic factors allow for the assessment of climate change impacts on slope 

instability.  

On one hand, the study of the predisposing static factors includes the analysis of landslide susceptibility (see 

also VS2 Deliverables 2.2.5 and 2.2.6), which can be carried out using qualitative (heuristic, descriptive) or 

quantitative (numerical, probabilistic) methods (e.g., Reichenbach et al., 2018; Conte et al., 2022; Mondini et 

al., 2023; Guzzetti et al., 2025; Brunetti et al., 2025).  

On the other, the study of dynamic factors, encompassing both preparatory and triggering phases, focuses on 

the time-dependent processes that control slope instability. These factors respond directly to variations of 

meteorological and environmental conditions. Among these, rainfall, taken here as a representative variable, 

plays a dual role, both preparatory and a triggering. In general, intense and prolonged precipitation 

progressively reduces slope stability by altering soil moisture, increasing pore pressure, and consequently 

decreasing shear strength (Crosta & Frattini, 2003; Ran et al., 2018; Liu et al., 2021). The preparatory phase 

is further modulated by antecedent and cumulative rainfall, as well as seasonal trends (Mathew et al., 2014; 

Kim et al., 2021), which promote soil saturation, internal erosion, and progressive weakening (Bittelli et al., 

2012; Bogaard & Greco, 2016; Wicki et al., 2020). However, the impacts of climatic forcing vary spatially 

due to differences in soil properties, vegetation cover, topography, and land use, and are further influenced by 

microclimatic variability and climate change, which is intensifying heavy rainfall events. Consequently, the 

response of landslides to evolving climatic patterns remains highly region-dependent (Crozier, 2010; Gariano 

& Guzzetti, 2016; Wong et al., 2022). 

Despite the intensification of extreme rainfall events observed in recent decades due to climate change (IPCC, 

2023), a comprehensive understanding of how climate influences the preparatory and triggering factors of 

landslides is still lacking. Moreover, although numerous site-specific studies in Italy have explored the 

preparatory and triggering role of rainfall in gravitational processes, these investigations remain fragmented 

and localized. Currently, there is no shared procedural framework or standardized toolchain at the national 

level to systematically assess and integrate the impacts of climate on landslide dynamics, a gap that RETURN 

aims at filling. 
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6.1  State of art of rainfall in Italy 

6.1.1 Precipitation climatology 

Italy’s annual and extreme precipitation climatology is shaped by complex atmospheric and 

topographic influences (Avanzi et al., 2015; Mazzoglio et al., 2022, 2023). In northern Italy, 

precipitation is mainly generated by cyclonic systems originating from the North Atlantic or near the 

Iberian Peninsula (Buzzi et al. 1998; Rudari et al. 2005), which often intensify over the Gulf of Genoa 

which is also known as the “Genoa cyclogenesis” region (Trigo et al. 1999). Coupled with orographic 

uplift, this leads to high annual precipitation (in the range 1500–2500 mm) across northern windward 

regions such as Liguria, northern Tuscany, southern Alpine foothills, reaching 3000 mm in Friuli, the 

north-easternmost area (Brunetti et al. 2009; Crespi et al. 2018). Conversely, the whole Po River 

valley, leeward regions like the Adriatic coast, and the inner part of the Alps like South-Tyrol receives 

significantly less precipitation amounts (<1000 mm; Frei and Schär 1998). In southern Italy, 

precipitation is mainly driven by convective systems and cyclones over the Tyrrhenian and Ionian 

Seas (Trigo et al. 1999), especially in winter. The higher precipitation totals range from 1000–1300 

mm on Sicily’s northern and eastern coasts to 1200–1800 mm in the Calabrian Apennines 

(Cannarozzo et al. 2006), while much drier conditions are present in the rest of the central-southern 

Italy (<600 mm). More detailed information on the annual precipitation distribution over Italy is 

available in Crespi et al. (2018). 

Strong spatial variability is also evident for extreme precipitation in Italy, particularly for short 

durations, as shown in Avanzi et al. (2015). They estimated the highest values of 1-h extreme 

precipitation events (e.g. 50-year return period quantiles, ranging from ~17–220 mm) along much of 

Italy’s coastline, especially the southern coast of Friuli–Venezia Giulia, the western coast of central 

Italy, and the eastern coasts of Sicily, Calabria, and Sardinia, with values exceeding 200 mm. High 

values are also found inland, notably across the Po Valley, Venice lagoon, and mountainous Apennine 

regions, highlighting the widespread nature of convective storms in lowland and coastal areas. As the 

duration increases to 24 hours (50-yr quantiles in the range ~40–1010 mm), the highest values are 

concentrated in narrower regions like the northwestern Alps, the Italian western coast, eastern 

Sardinia, southern Calabria, and eastern Sicily. As discussed in Avanzi et al. (2015), this variability 

reflects the transition from convective systems (dominant at short durations) to stratiform 

precipitation (more common over longer durations) in combination to the Italian topography. Indeed, 

although convective storms (e.g., 1-hour events) are smaller in extent than stratiform systems, their 

presence is more widespread, especially over large plains like the Po Valley owing to strong vertical 
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instability. In contrast, extreme daily precipitation events are spatially confined where moist airflows 

are uplifted by the presence of relief. 

6.1.2 Observed trends 

In recent years, growing attention has been given to quantifying and understanding trends in 

precipitation amounts, particularly on extreme precipitation to establish empirical baselines for 

climate impact studies. On an annual scale, a review by Caporali et al. (2021) found a general 

consensus on the decreasing trend in the number of wet days across Italy, with only minor regional 

variations, and a less-pronounced decline in total precipitation, particularly during the winter months. 

A recent study by Vicente-Serrano et al. (2025) over the Mediterranean Region, spanning a period 

from 1871 to 2020, highlights the variability of detected trends on the considered period and region, 

while a long-term trend over the whole region is not emerging. They attribute the detected trend 

mostly to the variability of atmospheric circulation patterns, that is internal variability of climate. 

However, over most of Italy a tendency of decreasing annual precipitation is found from long-term 

analysis, while in the last decades they found increasing trends. 

In the past 20 years many studies have been developed on trend in extreme precipitation over Italy at 

regional extent (e.g. Crisci et al., 2002, Bonaccorso et al., 2005, Arnone et al., 2013, Persiano et al., 

2020, Avino et al., 2024, Treppiedi et al., 2021, Roseto et al., 2024). Most of them show a lack of 

statistical significance in the trends over large parts of the investigated areas, while significant trends 

could emerge over smaller regions. This clearly emerges from a couple of studies recently carried 

over the whole Italy by using long-term records of annual maxima at sub-daily durations (Libertino 

et al., 2019, Mazzoglio et al. 2025b). By using a quantile regression approach and analyzing data 

from 1960 to 2022, Mazzoglio et al. (2025b) provide a broader picture of trends in extreme 

precipitation. Their results suggest that rarer extremes (high quantiles) exhibit greater spatial and 

temporal variability than ordinary ones, and higher magnitude of the trend. Notably, 1-hour extremes 

show mostly increasing trends, especially in parts of northern Italy and Sardinia, and part of central 

Italy, while 24-hour extremes reveal both positive and negative trends depending on the region. For 

sub-hourly durations, the study of observed trend is much more limited due to the reduced availability 

of long records or good-quality weather radar data, even if it would be of great interest for impact 

study of precipitation-driven hazards such as debris flows and flash floods. Indeed, a few recent 

studies highlight a tendency for a much faster increasing trend at those short durations compared to 

hourly or higher durations (e.g. Ayat et al. 2022 nearby Sydney, Australia; Kendon at al. 2018 from 

climate projection in UK). Over Italy, just a few studies analyzed trends in sub-hourly rare extremes 

in the last 20-30 years, in the Eastern Alps (Dallan et al. 2022) and in Sicily Island (Treppiedi et al. 
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2021), both confirming a more significant increasing trend at sub-hourly durations with respect to 

hourly duration. 

All these findings highlight Italy’s high climatic variability and the need for spatially resolved, 

duration-specific analyses when evaluating the impacts of (climate) change on precipitation extremes. 

6.1.3 Climate Change 

Recent advances in climate modeling have significantly enhanced projections of future precipitation, 

particularly in climate-sensitive regions like the Mediterranean, which has been recognized as a 

primary hotspot of climate change (Giorgi, 2006). Global climate models (GCMs) have proven 

insufficient for the representation of intense precipitation at the regional and local scales, and 

downscaling methods have been developed to better resolve sub-grid processes (Giorgi et al., 2009; 

Maraun and Widmann, 2018). Among these, dynamic downscaling with regional climate models 

(RCMs) has played a key role, and the possibility of accounting for interactions between the 

atmosphere and the ocean first led to the development of coupled regional systems for the 

Mediterranean basin (Ruti et al., 2016) that are rapidly evolving into the development of Earth System 

Models. However, in the last decade the increasing availability of computational power has allowed 

the development of atmospheric convection-permitting models (CPMs), which operate at grid 

spacings below 4 km. These models explicitly resolve convective processes, eliminating the need for 

parameterization schemes, and offer improved simulation of hourly precipitation characteristics, 

including diurnal cycles, spatial patterns, intensity distributions, and extremes (Prein et al., 2015; 

Lucas-Picher et al., 2021; Dallan et al.,2023). CPMs also allow for more accurate representation of 

land-surface heterogeneities, such as mountains, coastlines, and urban zones, and of land-atmosphere 

feedback that influence other climatic extremes like droughts and heatwaves. In the European context, 

within the CORDEX-FPS Convection project, Ban et al. (2021) and Pichelli et al. (2021) introduced 

the first 10-year CPM ensemble simulations at ~3 km resolution over the greater Alpine region. Ban 

et al. (2021) showed that CPMs driven by ERA-Interim reanalysis better reproduce observed daily 

and hourly precipitation extremes than coarser RCMs. Pichelli et al. (2021) extended this by 

evaluating CPMs driven by CMIP5 GCMs under the RCP8.5 scenario, finding that these high-

resolution models not only refine the spatial detail of projected changes but can even alter the sign of 

projected intensity and extreme trends compared to RCMs. Over Italy, in summer, Pichelli et al. 

(2021) report a future intensification of heavy precipitation (here evaluated as high percentiles) across 

both hourly and daily timescales. Autumn projections reveal a north-south increase-decrease pattern 

in precipitation changes, although substantial inter-model variability limits certainty. Further analysis 

by Dallan et al. (2024a, b) assessed changes in extreme precipitation from sub-daily to daily durations 
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(Figure 6.1), with return periods up to 100 years. Their results show a general intensification of 

precipitation extremes across all durations, with the strongest increases found at the shorter durations 

and for rarer events (that is, higher future intensification at 100 year than at 20 year return period) 

and in the mountainous regions, particularly the Eastern Alps and Northern Apennines. These results 

point to a shift in the statistical distribution of precipitation toward heavier tails. The relation of the 

changes with elevation is summarized in Figure 3, showing the projected changes for the 20yr return 

level at sub-daily durations. At 1, 3, 6 h, it clearly emerges how the future increase is generally higher 

in both the more elevated areas and in lowlands, and how, in orographically complex terrains, it 

enhances with elevation. 

This study suggests that the most intense events are becoming more dominant, especially in elevated 

areas potentially prone to ground instabilities, which may be critical information for hydro- and 

geomorphological risk management and climate adaptation.   

 

 

Figure 6.1: Future relative changes for 20yr return level based on results by Dallan et al. (2024b) on Great 

Alpine Area and North Italy, using an ensemble of CPMs (scenario RCP8.5, end of century changes). Grid-

points in the area are grouped in equally populated elevation ranges. 
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A national-scale perspective over Italy is provided by the VHR-PRO_IT model (Raffa et al., 2023), 

which is, since recently, the only convection-permitting projection that covers the entire country and 

spans a 90-year simulation window (1981–2070) under both RCP4.5 and RCP8.5 scenarios. Results 

indicate a consistent increase in average precipitation intensity under both scenarios, with stronger 

increases under RCP8.5. In contrast, the frequency of precipitation events decreases, especially in 

complex terrain such as the Alpine region. These changes, higher average intensities but less frequent 

events, align with the multi-model findings of Pichelli et al. (2021). Notably, increases in heavy 

precipitation intensity (characterized here as high percentile of hourly values) are expected in the 

Alps, Po Valley, and Eastern Mediterranean, while decreases are projected for southern and insular 

regions like Sicily and Sardinia. The spatial distribution of these changes remains similar between 

scenarios, but with lower magnitudes under RCP4.5. Lompi et al. (2025) applied a non-stationary 

statistical frequency analysis to exploit the multi-decadal simulation and assessed the changes in 

extreme sub-daily precipitation characterized by high return periods. Their study confirms a general 

increase in extremes in a warmer climate, with larger areas of statistically significant change for 

shorter durations and higher return periods, but the heaviest increases for longer-duration extremes. 

By the best of our knowledge, the aforementioned studies are the only studies based on CPM 

projections covering completely the Italian territory and refer to global scenarios produced in the 

CMIP5 context. Most recently, in the framework of the RETURN project, a regional downscaling of 

CMIP6 global climate projections has been performed, aiming to produce high-resolution (5 km) 

climate information for the assessment of climate change signals over the Italian regions. The 

experiments cover hindcast (i.e. ERA5-driven) and historical simulations (driven by the MPI-ESM1-

2-HR model) to simulate the present (1980-2014) and future (2015-2100) climate under three 

different emission scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5) (Struglia et al, 2025). Although the 

resolution adopted does not allow us to switch off the convective parameterization, the authors show 

that, with the model configuration adopted, most of the precipitation, either large scale or convective, 

is explicitly resolved. This suggests that the model mimics a convection permitting model. 

Doing so, Struglia et al. 2025 were able to cover a domain that includes all the italian territory and to 

perform scenario simulations long enough to speculate on the impacts of extreme events under 

climate change conditions. The authors analyzed the seasonal projections of precipitation change at 

the end of the century across the three scenario experiments finding only in the scenario SSP1-2.6  a 

significant increase of the mean precipitation over most of the Italian peninsula in winter and spring. 

The other two scenarios project a decrease in mean precipitation for all seasons that intensifies with 

the scenario severity. The only exception to this signal in SSP2-4.5 and SSP5-8.5 is the projected 

increase of precipitation  in the alpine regions during winter and fall. On the other hand, the analysis 
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of change in extreme events highlights that at the end of the century, the SSP2-4.5 and SSP5-8.5 

scenarios project higher probabilities for extreme events as well as events of unprecedented intensity 

with respect to the present climate simulations. Seasonal analysis of the difference between the values 

of the 99th percentile (P99) of daily rainfall during the period 2071–2100 and the corresponding 

values computed for the period 1985–2014 clearly shows that this intensification of extreme events 

is mostly concentrated in fall (SON) almost over all italian regions. It is worth noting that in Struglia 

et al. 2025 is also presented an intercomparison through different datasets (observations, reanalysis 

and the newly produced hindcast simulations) of the current spatial distribution of extreme 

precipitation events in Italy (P95, P97 and P99 values) which show that the most affected regions are 

Liguria and north of Tuscany, as well alpine regions and the Appennines in central and southern Italy 

and northern part of Sicily. For all these regions, an increase in the intensity and frequency of extreme 

events is expected, especially in the autumn season. With a view to analysing the spatial and temporal 

variability of landslide phenomena as indicators of climate change impact, considering that 

precipitation is one of the main drivers of these phenomena, we can therefore conclude that, under 

the most severe scenario, the spatial variability of these phenomena is expected to be altered in a non-

obvious way by the combination of a trend towards a reduction in average precipitation with a 

consequent increase in drought periods and an increase in extreme events. 

Based on this review about extreme precipitation projections over Italy, it emerges that only a limited 

number of studies have used CPM ensembles to investigate rare-event statistics such as annual 

exceedance probabilities or long return periods (Ban et al., 2020; Dallan et al., 2024 a,b), which are 

critical for engineering and hydrological planning and impact studies. Further developments are thus 

needed in the context of climate models, for increasing availability of multi-model long simulations 

at CPM resolution. Equally important is the validation of such high-resolution simulations against 

dense observational datasets, which remains a key challenge for ensuring their reliability in 

reproducing extremes at different sub-daily durations and supporting their operational use (Mazzoglio 

et al., 2025a). Many of these studies focus on fixed-time-window rainfall durations, and caution 

should be taken in transferring their findings in the context of landslide triggering. Recent studies 

emphasize that intensity–duration (ID) thresholds for landslide initiation and intensity–duration–

frequency (IDF) curves for rainfall probability represent fundamentally different concepts and 

conflating them can lead to significant misinterpretations of landslide-triggering probabilities (Marra 

et al., 2025). ID thresholds are empirical relations between average rainfall intensity and event 

duration that separate landslide‑triggering events from non‑triggering ones, while IDF curves relate 

rainfall intensity to duration and frequency (often expressed as return period or annual exceedance 

probability) for a gauge, assuming a long record and a specific statistical model of extremes. 
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Consequently, in ID thresholds, "duration" is the length of a user‑defined triggering rainfall event, 

i.e., the contiguous wet period that led to landslides (often variable and event‑based), while in IDF 

curves, "duration" is the length of an arbitrary, fixed window used in the frequency analysis (1 h, 3 

h, 24 h, etc.), independent of event structure and landslide timing. 

A common but incorrect practice is to take the intensity value on an ID threshold for a given duration 

and read its return period directly from an IDF curve, implicitly treating the threshold intensity as if 

it were one of the IDF design intensities. This assumes (wrongly) that the probability of exceeding 

the ID threshold is the same as the probability that a random fixed‑window block exceeds that 

intensity, ignoring that landslides occur during specific, event‑based sequences and under particular 

antecedent conditions. 

6.2 Rainfall as preparatory factor in rapid landslides 

Numerous studies analyzed how climate change in terms of variations in precipitation and 

temperature affect hydrological regimes and, consequently, the intensity of shallow landslide 

phenomena (Collison et al., 2000; Dehn et al., 2000; Dixon & Brook, 2007; Gariano & Guzzetti, 

2016; Jakob & Lambert, 2009; Jakob & Owen, 2021; Jomelli et al., 2009; Schmidt & Glade, 2003; 

Stoffel et al., 2014; Zêzere et al., 2005). 

In this regard, rainfall is widely recognized as a primary triggering factor for shallow and rapid 

landslides. However, the rainfall preparatory role has historically received less attention, and the 

effects of climate change remain controversial and are not easily generalizable.  

6.2.1 Empirical Thresholds and Antecedent Rainfall Indicators 

Traditionally, shallow and rapid landslides have been considered influenced mainly by intense rainfall 

which is considered to play a crucial role as a triggering factor (Caine, 1980; Guzzetti et al., 2008). 

The preparatory role of rainfall was considered of secondary importance or even negligible, 

depending on the hydrological characteristics of the material involved (the coarser and permeable the 

material, the less relevant the role of antecedent rainfall in preparing the ground instability). This was 

clearly reflected in empirical approaches, in which the triggering process is modeled through 

statistical correlations between a few key parameters, completely neglecting any preparatory role 

(Guzzetti et al., 2007; Segoni et al., 2018). 

However, a relevant number of works have been published where triggering thresholds were defined 

using rainfall indicators based on antecedent rainfall (Guzzetti et al., 2008; Segoni et al., 2018). 

Besides the technical advantage that antecedent rainfall indexes do not require rainfall measurements 

acquired at high temporal resolution (Gariano et al., 2020; Abraham et al., 2020), many studies 
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observed that antecedent rainfall better captures the preparatory role of precipitation, in addition (or 

in alternative, depending on the models) to the triggering role. Indeed, antecedent rainfall has been 

taken into account in a wide variety of ways: Tien Bui et al. (2013) combined daily rainfall 

(considered as triggering process) and 15-day antecedent rainfall (as a preparatory role), Saadatkhah 

et al. (2015) considered 3- and 30-day antecedent rainfall, Lee et al. (2015) used daily and 3-day 

cumulated rainfall. Moreover, some authors do not use directly the rainfall measures, but process 

them to calculate weighted antecedent rainfall indexes, trying to better account for the preparatory 

role of antecedent rainfall in influencing the degree of saturation of the terrain (Jaiswal and van 

Westen 2009; Lee et al. 2014; Ma et al. 2014; Kanjanakul et al. 2016; Liu et al., 2024; Liang et al., 

2025). Martelloni et al. (2012) introduced the use of the standard deviation from the mean rainfall 

amount accumulated during progressively increasing time steps (up to the whole duration of the wet 

season). Greco et al. (2013) used a mobility function defined as the convolution integral of rainfall 

intensity with an empirical transfer function. 

However, in the same research topic (empirical rainfall thresholds) recent advances proposed a more 

complete integration of preparatory and triggering rainfall indicators. Nocentini et al. (2024a) merged 

the classical I-D (intensity-duration) approach with a third rainfall parameter based on the average 

antecedent rainfall. While the first couple of parameters accounts for the triggering effect of the peak 

rainfall intensity, the third parameter accounts for the preparatory role played by antecedent rainfall, 

identifying a third dimension of the threshold (which is thus constituted by a plane in 3D rather than 

a line in 2D). Accounting for the preparatory role of antecedent rainfall by means of the third 

parameter allows identifying uninfluential rainstorms and filters off many false alarms usually 

committed by traditional I-D approaches.  

Moving forward on the same conceptual line, another series of approaches tried to directly include 

soil moisture (Marino et al., 2020; Halter et al., 2024), soil saturation (Mirus et al., 2018) or soil 

volumetric water content (Conrad et al., 2021; Palau et al., 2023) in the models, thus defining hydro-

meteorological thresholds, where the preparatory role of rainfall is directly accounted by indicators 

quantifying its hydrological effects in the soil.  

6.2.2 Data-Driven and Machine Learning Approaches 

Building on the increasing effectiveness of available technology and on the hybridization of different 

approaches, a recent trend in empirical landslide forecasting is the use of machine learning to handle 

a more complete set of input parameters, including a wide range of rainfall indexes to be used 

simultaneously (overcoming the traditional limitation of selecting only two or three of them). This 

approach allows testing and including in the modelling several indicators to account for the 
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preparatory role of rainfall. For instance, Ng et al. (2021) apply several machine learning models only 

for a rainstorm-based landslide inventory with related short and antecedent rainfall. Similarly, Liu et 

al. (2021) uses a landslide inventory related to the same rainstorm triggering event for the application 

of various machine learning models. Stanley et al. (2021) added snow water equivalent and soil 

moisture content data as dynamic input parameters for an eXtreme Gradient Boosting model, 

representing the non-occurrence of landslide cells by selecting them across space and time. Distefano 

et al. (2022) used Artificial Neural Networks to automatically identify the intensity-duration rainfall 

thresholds with higher predictive power. Nocentini et al (2023; 2024b), working in two very different 

test sites (in Italy and in Norway) included rainfall amounts recorded over durations from 1 day to 30 

days, discovering that this approach allows accounting for the preparatory effect of antecedent 

rainfall. In addition, and surprisingly, they discovered that a simple categorical variable consisting in 

the month of the year had a good predictive capability if used together with the others. Although the 

spatio-temporal prediction of landslides combining static and dynamic parameters in machine 

learning algorithms is still in a preliminary phase (Distefano et al., 2022; Tehrani et al., 2022; Jin et 

al., 2024), the cited series of studies clearly shows that even for shallow rapid landslides the 

preparatory role of rainfall can be relevant, and can be better considered with complex data-driven 

models. 

Also in landslide susceptibility studies, which traditionally are based on the study of predisposing 

factors, indicators based on rainfall have been recently included in a growing number of works 

(Cantonati et al., 2025; Vianello et al., 2023). This recent advance aims at implicitly or explicitly 

accounting for the preparatory role of rainfall, which has been considered to characterize the general 

climate or peculiar micro-climates of the studied area. Traditionally, the preparatory role of rainfall 

has never been explicitly accounted for in susceptibility studies. At best, it can be considered 

somehow implicitly included in some hydrological indexes which quantify the propensity of each 

spatial unit to retain water into soil. Among these indexes, the most used are the Topographic Wetness 

Index, the upslope drained area, and planform curvature (indicating convergence or divergence of 

surface and subsurface flow) (Reichenbach et al., 2018; Segoni et al., 2024). It is worth noting that in 

most of the works where the shallow landslide susceptibility assessment is completed by a 

quantitative evaluation of the importance of each input parameter, the aforementioned hydrological 

factors are ranked among the most important ones. This outcome clearly indicates that terrain 

features, combined with rainfall, play a key role in preparing shallow landslides. Some studies, 

instead, use the mean annual precipitation to characterize the climate of the study area (Pourghasemi 

et al., 2018). Spatial variations in this index highlight micro-climatic differences that may be 

correlated with the preparatory effect of new rainfall. However, in the framework of the ongoing 
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global warming and changing precipitation trends, several authors identified a shift in landslide 

activities, thus highlighting the necessity of considering rainfall anomalies rather than rainfall regimes 

characterized with data pertaining to decades ago. 

For this reason, more recently, an increasing number of researchers are using compound rainfall 

indicators to characterize rainfall anomalies rather than rainfall amounts sensu strictu. For instance, 

Catani et al (2013) used the return period of rainfall at varying duration and intensity, using in 

particular combinations of short durations and high intensities to account for the effect on shallow 

rapid movements and combinations of long durations and low intensities for deep seated landslides; 

they also found that these factors held a high predictive power. Marc et al. (2019) used the 10-years 

return time rainfall anomaly to characterize the spatial pattern of storm-induced landslides. More 

recently, Caleca et al. (2024) used a rainfall anomaly index (defined as the ratio between the event 

rainfall and the mean annual precipitation) demonstrating that spatial variations of this index have a 

strong influence on landslide susceptibility. 

6.2.3 Physically based methods: Soil Moisture monitoring 

There is a close relationship between soil moisture and intense rainfall (Caine, 1980; Guzzetti et al., 

2008; Wieczorek & Glade, 2005).  

For instance, while an increase in average temperatures and a decrease in precipitation could lead to 

a reduction in the average volumetric water content (VWC), an increase in rainfall intensity could 

result in a higher frequency of sudden VWC increases. Notably, the effects of extreme temperatures 

and reduced precipitation on the ground can also lead to opposing outcomes. Prolonged drought 

periods may result in the formation of a low-permeability surface crust, which increases runoff and 

reduces effective infiltration, making it harder to reach critical soil moisture levels. Conversely, 

drought events may also cause soil fractures, which can enhance effective infiltration. 

A rapid, shallow landslide typically occurs when a thin, granular, partially saturated layer resting on 

steep bedrock increases its degree of saturation due to changes in moisture content caused by the 

vertical infiltration of water following rainfall events or snowmelt. As soil moisture increases, the 

suction decreases, leading to a reduction in cohesion and shear strength. When the soil becomes 

saturated, a temporary water table within the debris cover is generated, supported by the less 

permeable underlying layer, increasing pore pressures, weakening the soil structure and destabilizing 

the slope. Critical soil moisture can be reached through either intense or prolonged rainfall, depending 

on the antecedent rainfall, infiltration rate and soil’s pre-existing moisture condition (Schmidt & 

Glade, 2003). If the shear forces exceed the shear strenght, (Lann et al., 2024), a failure plane forms 

within the soil layer or on the bedrock-soil interface, causing it to slide downslope. 
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The importance of hillslope hydrology in rainfall-induced landslides has gained attention, leading to 

the replacement of antecedent rainfall with average soil saturation measured over the same period. 

Ponziani et al. (2012) identified an inverse linear relationship between rainfall thresholds and initial 

soil moisture conditions, with correlation coefficients reaching up to 0.60. Their study proposed a 

procedure for landslide warning by integrating rainfall thresholds with soil moisture estimates derived 

from a calibrated and locally tested soil water balance model. Mirus et al. (2018) demonstrated the 

advantages of incorporating soil saturation data into landslide prediction models. For the Seattle area 

in Washington, USA, they found that replacing 15-day antecedent rainfall data with average soil 

saturation significantly improved the accuracy of established rainfall-only thresholds, which also used 

3-day recent rainfall data. Similarly, Marino et al. (2020) emphasized the potential of incorporating 

soil moisture information into hydro-meteorological thresholds, noting that such data is increasingly 

accessible through remote sensing and sensor networks. In fact, soil moisture can be measured locally 

using various on-site techniques or remotely through satellites and airborne systems. Alternatively, 

hydrological models, such as those discussed by Abraham et al. (2020), are being employed to predict 

moisture content over larger areas. These measurements, whether direct or modelled, can complement 

empirical and statistical landslide-triggering thresholds, which are often formulated in terms of 

rainfall intensity and duration (Kirschbaum et al., 2009; 2012). 

Soil moisture data is increasingly available through a variety of monitoring systems, ranging from 

ground-based monitoring to remote sensing technologies (Fares et al., 2013; Gemitzi et al., 2024; 

Peng & Loew, 2017; Petropoulos et al., 2015). In-situ monitoring involves installing sensors directly 

in the ground to measure Volumetric Water Content (VWC) or matric suction at various depths. 

Although such systems are expensive and have limited spatial coverage, they provide continuous, 

real-time data that is invaluable for understanding localized moisture dynamics. Remote sensing 

technologies, such as satellite-based systems (e.g., SMAP, Sentinel-1), offer broader spatial coverage 

and can estimate surface soil moisture over large areas. These systems use microwave radiometry and 

radar to detect soil moisture at shallow depths, typically up to 5 cm. 

Remote sensing provides valuable regional data, but challenges with data resolution and accuracy at 

deeper soil layers persist. Ground-based monitoring offers greater precision and is often used to 

calibrate remote sensing data. Integrated monitoring networks that combine both approaches, along 

with hydrological models, can offer more comprehensive soil moisture spatial data (Dai & Cheng, 

2022; Galvincio et al., 2024) useful to improve landslide early warning systems as well as long-term 

hazard scenarios. 
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6.3 Rainfall as triggering factor in rapid landslides 

Rainfall is widely recognized as the most common cause of landslides. High-intensity short duration 

rainfall mainly triggers shallow soil slips and flow-like landslides. Shallow landslides are often 

initiated during intense rainfall events due to a rapid increase in pore pressure or the loss of apparent 

cohesion caused by partial saturation. Factors influencing the occurrence and distribution of shallow 

landslides can be broadly divided into two categories: almost-static variables and dynamic variables. 

Almost-static variables include soil properties, seepage in the bedrock, and topographic features, 

which define the inherent predisposition of slopes to failure and determine the spatial distribution of 

landslide susceptibility. In contrast, dynamic or transitory variables, such as the degree of soil 

saturation and cohesion influenced by root systems or partial saturation, primarily control the 

initiation of landslides on predisposed slopes. Both predisposing and preparatory factors have already 

been discussed in the previous sections; here, the role of the triggering factor is addressed. 

Approaches to comprehend rainfall-triggered landslides can be categorized as empirical (historical, 

statistical) and physically based (simplified or advanced) (Segoni et al., 2018). 

6.3.1 Empirical methods 

The empirical relationship between rainfall intensity, rainfall duration and slope instability has been 

extensively documented. Empirical rainfall thresholds are defined by studying rainfall events that 

have triggered landslides (Calcaterra et al., 2000). Rainfall intensity refers to the amount or rate of 

precipitation over a specific period, typically measured in millimeters (or inches) per hour. These 

thresholds are often established by plotting the rainfall conditions leading to landslides on Cartesian, 

semilogarithmic, or logarithmic scales and drawing lower-bound lines. Depending on the area 

investigated, empirical thresholds for the initiation of landslides can be loosely defined as global 

(Caine, 1980), national (Mathew et al., 2014, Ma et al., 2014) or regional (Rosi et al., 2012; Hariral 

et al., 2019). A global threshold attempts to establish a general (‘‘universal’’) minimum level below 

which landslides do not occur, independently of local morphological, lithological and land-use 

conditions and of local or regional rainfall pattern and history. For example, based on 73 events across 

diverse geological and climatic settings, Caine (1980) first proposed a global threshold applicable for 

time periods ranging from 10 minutes to 10 days. Subsequently, many Authors developed empirical 

thresholds working at different scales and based on combinations of precipitation measurements 

obtained from individual or multiple rainfall events that resulted (or did not result) in landslides (i) 

intensity-duration (I-D) thresholds, (ii) thresholds based on the total event rainfall, (iii) rainfall event-

duration (E-D) thresholds, and (iv) rainfall event-intensity (E-I) thresholds. Among these, the most 

common type are the intensity-duration thresholds (Figure 6.2). 
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Figure 6.2: Empirical Rainfall intensity-duration (I-D) thresholds for the initiation of landslides at global, 

regional and local scale. threshold. 1, Caine (1980); 2, Moser and Hohensinn (1983); 3, Cancelli and Nova 

(1985); 4, Cannon (1985); 5, Wieczorek (1987); 6, Jibson (1989); 7, Guadagno (1991); 8, Rodolfo and 

Arguden (1991); 9, Ceriani et al. (1992); 10, Larsen and Simon (1993); 11, Arboleda and Martinez (1996); 

12, Clarizia et al. (1996); 13, Tungol and Regalado (1996); 14, Zimmermann et al. (1997); 15, Paronuzzi et 

al. (1998); 16, Calcaterra et al. (2000); 17, Montgomery et al. (2000); 18, Wieczorek et al. (2000); 19, Crosta 

and Frattini (2001); 20, Marchi et al. (2002); 21, Ahmad (2003); 22, Jakob and Weatherly (2003); 23, Aleotti 

(2004); 24, Floris et al. (2004); 25, Baum et al. (2005); 26, Cannon and Gartner (2005); 27, Chien-Yuan et 

al. (2005); 28, Corominas et al. (2005a); 29, Hong et al. (2005); 30, Zezere et al. (2005); 31-33, Guzzetti et 

al. (2008); 34, Dahal and Hasegawa (2008); 35, Kanungo and Sharma (2014); 36, Zhou and Tang (2014). 

Modified after Guzzetti et al. (2008). 

 

Statistical methods have also been used to define empirical rainfall thresholds at national (Hong et 

al., 2018) and regional levels (Martelloni et al., 2012; Piciullo et al., 2017). For example, Brunetti et 

al. (2010) proposed new national thresholds for Italy and regional thresholds for the Abruzzo Region 

by employing two independent statistical approaches: a Bayesian inference method and a Frequentist 

approach. Martelloni et al. (2012) defined statistical rainfall thresholds using a single parameter 

(cumulative rainfall) for the Emilia Romagna region of Italy. Gariano et al. (2015) analyzed a 

catalogue of 200 rainfall events linked to 223 shallow landslides in Sicily, southern Italy, over an 11-
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year period (2002–2011). They determined regional event duration–cumulative rainfall (E-D) 

thresholds for shallow landslide occurrence, calculated thresholds for different exceedance 

probability levels, and assessed uncertainty using a bootstrap nonparametric technique. Their study 

also examined the influence of lithology and seasonal patterns on shallow landslide initiation in 

Sicily. 

 

6.3.2 Physically based methods 

Physically-based methods for analyzing shallow landslides often combine hydrological models with 

infinite slope stability analysis. These approaches typically use two modules: one to predict pore 

water pressure changes due to rainfall (e.g., TOPMODEL - Beven and Kirkby, 1979; TOPOG - 

O'Loughlin, 1986, Vertessy et al., 1994) and another to evaluate slope stability (e.g., Level I Stability 

Analysis LISA – Hammond et al., 1992), either coupled or uncoupled. The first simplified models 

combined the slope stability analysis, generally considering an infinite slope model approach, with a 

steady-state shallow subsurface flow model (SINMAP – Pack et al., 1998; SHALSTAB - 

Montgomery and Dietrich, 1994), a shallow groundwater flow model (dSLAM – Wu and Sidle, 

1995), or a transient infiltration model (Transient Rainfall Infiltration and Grid-Based Regional 

Slope-Stability TRIGRS - Baum et al., 2002; Crosta and Frattini, 2003; HIgh REsolution Slope 

Stability Simulator HIRESS – Rossi et al., 2013). These last models are commonly based on the 

analytical solution of Richards’ equation (1931), first implemented by Iverson (2000). Subsequently, 

models that solve the 3D Richards’ equation in both saturated and unsaturated conditions, combined 

with the slope stability analysis (GEOtop-FS - Rigon et al., 2006; InHM - Mirus et al., 2007) were 

developed in order to model the transient infiltration processes catchments characterized by complex 

topographic conditions (e.g. Formetta et al. 2016), when stratigraphy of soils is known (e.g. Tufano 

et al., 2021) or/and for well-defined bedrock positions (e.g. Simoni et al. 2008; Formetta et al. 2014).  

Also, Capparelli and Versace (2011) introduced a physics-based approach for predicting critical 

rainfall by developing the Saturated Unsaturated Simulation for Hillslope Instability (SUSHI) code. 

Following these foundational studies, global efforts have refined physics-based rainfall thresholds at 

regional (Salciarini et al., 2012; Salvatici et., al 2018; Thomas et al., 2018) and basin scales (Liao et 

al., 2010; Wu et al., 2015; Grelle et al., 2014; Marin, 2020). Most of these applications employ the 

infinite slope model and the Limit Equilibrium Method (LEM) to calculate the safety factor 

(Montrasio and Valentino, 2008). Site-specific analyses have also provided valuable insights. For 

instance, De Vita et al. (2013) evaluated the influence of seasonal variations on hydrological 

thresholds by studying ash-fall pyroclastic deposits covering the slopes surrounding the Somma-
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Vesuvius volcano. This study underscored the critical role of antecedent hydrological conditions in 

defining rainfall thresholds for slope instability. Additional site-specific applications, such as those 

by Napolitano et al. (2016) and Fusco et al. (2019), focused on areas prone to flow-like landslides in 

Southern Italy.  

Recently, a new open-source and physics-based model for Spatial Prediction of Rainfall-Induced 

Shallow Landslides (SPRIn-SL; Raimondi et al., 2022) which implements the infinite slope method 

by incorporating the TOPOG and the Green-Ampt models to consider groundwater flow and transient 

rainfall infiltration, respectively, was developed and tested in a small coastal catchment of Cinque 

Terre (Liguria, Italy). At the slope scale, more complex physics-based models have emerged 

integrating vegetation dynamics into hydrological models by accounting for transpiration (e.g., 

Guglielmi et al., 2023; Rianna et al., 2023). These coupled hydro-thermal models have been validated 

using extensive geotechnical data and comprehensive on-site monitoring.   

As an example of physically-based rainfall thresholds, Figure 6.3 shows the critical Intensity–

Duration (I–D) curves obtained through coupled thermo-hydraulic numerical modeling of an 

unsaturated pyroclastic slope monitored at Mount Faito, within the Lattari Mountains, Italy 

(Guglielmi et al. 2023). Specifically, different threshold curves were derived as a function of the 

initial matric suction within the slope prior to the triggering rainfall event. Most rainfall events 

recorded in this geological context are located above the threshold curve corresponding to an initial 

suction of approximately 5 kPa, suggesting that this value may depict a representative preparatory 

condition for triggering. These physically-based thresholds are also compared with regional rainfall 

thresholds available in literature. 
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Figure 6.3: Red symbols represent points obtained from numerical analyses, where circles and triangles 

correspond to winter-like (w) and spring-like (s) initial hydrological conditions, respectively. Purple 

symbols indicate past flow-like landslide events that occurred in the Lattari Mountains. These results are 

compared with regional rainfall thresholds reported in the literature, developed using both empirical and 

physically-based approaches (Guadagno, 1991; Calcaterra et al., 2000; Napolitano et al., 2016; Piciullo et 

al., 2017) (Adapted from Guglielmi et al., 2023). 

 

A recent offline early warning procedure that combines multi-factor rainfall thresholds with on-site 

suction monitoring before rainfall events was proposed by Pirone et al. (2025). The authors developed 

site-specific multi-factor rainfall thresholds, integrating mean rainfall intensity, rainfall duration, and 

antecedent suction. This approach employs a physics-based model calibrated with hourly on-site 

measurements of suction and water content, subsequently validated against historical landslide 

occurrences.  

However, the practical application of such deterministic models, especially in terms of early-warning 

systems, is still limited to specific studies, due to the time effort and data demand (Boogard and 

Greco, 2018). In fact, the main limitations of physics-based thresholds are related to the most 

important disadvantages of the deterministic methods: (i) requiring a significant amount of 

geotechnical, mechanical, and hydrological parameters for model simulation; and (ii) reconstructing 

the boundary conditions which represent, in the best way, the real soil and slope behaviors (Bordoni 

et al., 2019). 
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6.4 The role of the rainfall in slow landslides: preparatory or 

triggering? 

Slow-moving landslide movements are generally linked to intense and prolonged precipitation 

(Narcisi et al., 2024; Sato and Shuin, 2024; Zêzere et al., 2015). Water content is undoubtedly the 

most influential factor in slope movements (Leroueil and Chandler, 2001). These slow-moving 

failures can accelerate within days to months following the beginning of the rainfall event and 

decelerate during dry periods eventually halting. The imbalance between driving forces and shear 

strength of slope materials, caused by extreme rainfall, triggers movements. This occurs because an 

increase in pore water pressure leads to a reduction in effective stress and, consequently, in the soil 

shear strength'(Terzaghi, 1950; Glade and Crozier, 2005; Terlien, 1998). According to Berntson & 

Saèllfors (1984), Kenney & Lau (1984) and Vaughan (1994), seasonal fluctuations in the water table 

level can cause variations in pore pressure at depths ranging from 5 to 10 m. In the case of slow 

landslides, processes such as infiltration, deep ground-water circulation patterns, and the resulting 

increase in hydrostatic levels and/or pore-water pressures - accumulating over long periods before 

activation - must be considered (Hutchinson, 1970; Iverson and Major, 1987; Guglielmi et al., 2002; 

Cappa et al., 2004; de Montety et al., 2007; Matsuura et al. (2008); Ronchetti et al., 2010; Valiante et 

al., 2016). Failure conditions arise from a unique combination of all these factors, and the state of the 

slope system cannot be predicted based on rainfall alone (Berti et al., 2012). Following Guzzetti et 

al. (2008), Vallet et al. (2016) suggested that it is more appropriate to use “a local threshold that 

implicitly takes into account the landslide characteristics.”  

However, distinguishing between the preparatory and triggering roles of precipitation is often 

challenging. Typically, the minimum response time of a landslide to rainfall is proportional to  the 

square of its depth (often approximating the saturated thickness) and inversely proportional to 

hydraulic diffusivity (Handwerger et al., 2013). Deeper landslides generally show more complex 

behavior and require more time to achieve disequilibrium conditions (Vassallo et al., 2015). Several 

studies have been conducted to understand this response and define the complex relationship between 

rainfall and landslide kinematics. Vallet et al. (2016) stated that, although the destabilization of deep-

seated landslides is mainly controlled by a rainfall trigger (short-term component), site-specific time-

dependent factors (long-term components), such as creep deformation or modifications in slope 

groundwater hydraulic connectivity, can also be significant.  

Consequently, no general threshold has been proposed in the literature. Rather, three main types of 

studies can be recognized: the first group aims to define a local window of days or cumulative rainfall 

to determine a site-specific precipitation threshold, the second group focuses on understanding the 



 

37 

 

 

role of local groundwater recharge and the third one proposes physically-based models to investigate 

the hydrological impact on slope stability. 

6.4.1 Cumulative rainfall threshold analysis 

Van Asch et al. (1999) argued that a single day of rainfall does not significantly influence deep-seated 

landslides, while Bonnard and Noverraz (2001) and Trigo et al. (2005) stated that such movements 

are usually driven by multiple moderate-intensity storms occurring over weeks or months. Doglioni 

et al. (2011) analyzed precipitation trends related to the reactivation of the Maierato landslide 

(Calabria, Italy). By examining cumulative rainfall heights over 5, 10, 15, 20, 30, 45, and 60 days 

preceding the landslide, the authors identified a peculiar rainfall sequence: a prolonged period of 

continuous but not intense rainfall, leading to exceptionally high return periods for cumulative 

rainfall, with a maximum of 105 years. Martelloni et al. (2012) suggested that the hydrodynamic 

response of landslide aquifers is influenced more by antecedent rainfall (multiple rainfall events over 

a long period) than by a single rainfall event. For this reason, a single and simple rainfall trend alone 

does not fully explain the behavior of these phenomena (Ronchetti et al., 2010; Noverraz et al., 1998).  

Azañón et al. (2010) demonstrated that, for the investigated landslides (i.e. Riogordo and Diezma 

landslides, southeast Spain), the trigger was intense rainfall episodes that occurred after two years 

with annual rainfall higher than average values. However, if in the case of the Riogordo landslide the 

relationship between intense rainfall and slope failure is clearly established, in the case of the Diezma 

landslide, it occurred 20 days after an intense rainfall peak, probably as an effect of the hydrogeologic 

behavior of the Diezma area. Fiolleau et al. (2023) linked a landslide reactivation in the San Francisco 

Bay Area with an episode of heavy rainfall (about 220 mm in 30 h) following a 7-month drought 

through the analysis of variations in water table level, soil temperature, soil displacement, seismic 

wave velocity and the associated correlation coefficient measured in the autumn and in the summer 

seasons. Jiang et al. (2021), using displacement time-series obtained by synthetic aperture radar 

interferometry (InSAR) technique, observed that the Wadi Landslide (Mao Country, Sichuan 

Province, China) exhibited a periodic displacement with slight acceleration in 2017 and 2019, because 

both these years had relatively large rainfall with cumulative annual rainfall exceeding 1200 mm. 

6.4.2 Groundwater recharge analysis 

Fluctuations in saturation levels within landslide materials, especially loose soils and weathered 

geological formations, intensify the stress applied to slope materials. These processes contribute to 

the driving force acting on the slope to exceed the shear strength of the material and, consequently, 

trigger landslides (Gebremichael et al., 2024). A clear correlation between piezometric level and 
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acceleration and deceleration of the Papanice landslide (southern Italy) was found by Confuorto et al. 

(2017), which compare the piezometric level and the rainfall data with the displacement time series 

derived with the Coherent Pixel Technique-Temporal Sublook Coherence (CPT-TSC) algorithm in 

the rainy period between November 11, 2013, and December 4, 2013 (Figure 6.4). 

 

 

Figure 6.4: Comparison between piezometric level and rainfall data of Papanice slow landslide with time 

series obtained with the CPT-TSC algorithm. The blue shaded column is for the rainy period between 

November 11, 2013, and December 4, 2013, corresponding to a rapid rise of piezometric level (modified 

from Confuorto et al., 2017). 

 

An attempt to develop a critical piezometric threshold was also carried out by Lissak et al. (2014) 

using long-term continuous single-point time series and shorter, but more spatially distributed, 

piezometric information. The Authors defined two piezometric thresholds for the landslides that 

occurred along the Normandy coast (France): the first one based on field surveys (short-term/high 

resolution) for moderate landslides at 3.50 m depth and a second threshold based on historical data 

(long-term/low resolution) at -10.35 m depth for the major landslides. Other Authors (i.e. Corominas 

et al., 2005b; Urgilez Vinueza et al., 2020; Losacco et al., 2021) also focused on the correlation 
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between groundwater fluctuation connected to rainfall infiltration and recurrent acceleration of 

landslides. 

Pepe et al. (2021) analyzed the efficiency of the automatic deep-drainage system of the Mendatica 

landslide (Liguria, Italy) during an extreme rainfall event lasting five days, with a cumulative rainfall 

of 800.4 mm. The results showed that, despite the Mendatica landslide being affected by the most 

severe multi-day (5–6 days) rainfall event recorded in the past 75 years (Notti et al., 2021), the 

drainage system successfully depressed the local aquifer, preventing the landslide from reactivating. 

With the aim of developing a regional-scale warning system for landslides, Martelloni et al. (2012) 

developed a prototype algorithm based on the comparison between rainfall recordings and statistically 

defined thresholds, determined using a single parameter (cumulative rainfall). Based on the landslide 

inventory of the Emilia-Romagna region, Italy, the authors proposed a variable time-interval 

cumulative rainfall (up to 240 days) as a threshold for the activation of deep-seated landslides in low-

permeability terrains. To identify an alert model based on cumulative rainfall for the Petacciato 

landslide (Molise, Italy), Doglioni et al. (2012) proposed an approach based on the evolutionary 

polynomial regression technique, which enabled the prediction of landslide reactivation using only 

cumulative rainfall. The authors obtained promising results by applying two equations: the first one 

considers long-term cumulative rainfall lagged up to 120 days before the reactivation event, while 

the second one involves cumulative rainfall up to 90 days, lagged by a maximum of 30 days before 

the event. Banfi and De Michele (2024) attempted to define a correlation between the spatial and 

temporal characteristics of precipitation clustering over the Italian territory and landslide occurrence 

(considering different types of phenomena) and, finally, related it to the North Atlantic Oscillation 

(NAO) and the Mediterranean Oscillation Index (MOI). Using specific statistical thresholds (e.g., 

excluding exceedances in the 90th percentile series or considering a threshold equal to the 0.7 quantile 

of daily precipitation, including only wet days), the authors verified the presence of temporal 

clustering within variable time windows of 15, 30, and 90 days preceding each landslide. They 

observed that, for all types of landslides except rockfalls, the majority of events were preceded by a 

temporal clustering of precipitation. This clustering was longer for deep-seated landslides and shorter 

for debris flows. For the reactivation of the Montaldo di Cosola landslide, Lollino et al. (2007) 

identified a time lag of approximately nine days between the occurrence of a rainfall peak (135.4 mm 

on November 26, 2002) and the corresponding peak in recorded movements (1.2 mm/day). This 

specific precipitation value and landslide activation time lag were determined by analyzing two years 

of precipitation data (May 2002–May 2004) and using the AIS (Automatic Inclinometric System) to 

quantitatively assess the local relationship between rainfall peaks and slope movement peaks. As the 

researchers suggested, “the time lag found has to be considered as a ‘warning time’ for this particular 
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landslide. It means that after a significant rainfall event, particularly in autumn, a peak in landslide 

movements can be expected around 8–9 days later”. Lollino et al. (2023) examined the 52-hour 

pluviometric trend preceding the reactivation of the Montescaglioso landslide (Basilicata, Italy) and 

its impact on the safety factor. The authors noted that “the FS continues to decrease even after the 

accumulated rainfall reaches a plateau” attributing this to the rapid increase in pore water pressure 

following the infiltration of an exceptionally large amount of rainfall as the main factor in the 

reactivation. Ronchetti et al. (2010) analysed the behaviour of four large and deep mass movements 

involving flysch rock masses and clayey complexes: the Valoria landslide, the Lezza Nuova landslide, 

the Tolara landslide, and the Ca’ Lita landslide, in the Emilia-Romagna region (Figure 6.5). 

 

 

Figure 6.5: General cross section of the landslides studied by Ronchetti et al. (2010). The section highlights 

the hydrological features and triggering mechanisms of the different sectors of the landslides. Modified 

from Ronchetti et al. (2010). 

 

This research reported Groundwater Depth (GWD) monitoring over approximately two years using 

piezometers equipped with electric transducers. Based on the results of this monitoring, the authors 

proposed a different response of landslide sectors (crown, head, track, and toe) to rainfall events. In 

particular, they observed a variable delay ranging from 4 to 15 days between individual rainfall events 

and GWD variations in the crown area, where flysch rocks remain intact and exhibit limited hydraulic 

conductivity (ranging from 10⁻⁵ to 10⁻⁸ m/s). In the head zone of the landslides, where hydraulic 

conductivity increases due to the presence of disarranged rock masses and fractures, the delay 

between rainfall and GWD variation is reduced to 1–8 days, with an almost instantaneous response 

to single rainfall events during the wet season. For the track and toe zones, which typically contain a 

chaotic mixture of silt, clay, and blocks, the authors observed a decrease in hydraulic conductivity 
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(around 10⁻⁸ m/s) but with a very short delay (i.e., hours) and an extremely limited GWD variation 

(less than 1 m). According to the obtained results, the authors proposed a different triggering 

mechanism for the crown/head zone, where hydrogeological factors prevail, and for the track/toe 

zone, where reactivation is primarily driven by mechanical causes. Vallet et al. (2016) proposed an 

approach for determining a statistical rainfall threshold for deep-seated landslides. In particular, the 

authors combined the Support Vector Machine (SVM) multidimensional rainfall threshold with a 

semiautomatic event detection method to define an objective and optimal threshold. Their study 

focused on the Séchilienne landslide (southeast of Grenoble, France), which is monitored by 

numerous displacement stations using a wide range of techniques, including extensometers, radar, 

infrared geodesy, inclinometers, and GPS. Displacement and weather data are recorded daily. For 

training and testing their methods, the authors analysed both low and high destabilization events, as 

well as rainfall trends and the recharge of the landslide’s perched aquifer. Based on their results, they 

concluded that using recharge rather than precipitation significantly improved the delineation of a 

rainfall threshold distinguishing stable from unstable events. 

6.4.3 Physically based models 

In the realm of physics-based models, recent scientific literature emphasizes the impact of slope-

vegetation-atmosphere interactions on landslide activity, with evidence suggesting these effects may 

extend to significant depths in natural clay slopes. The Southern Apennines (Italy), characterized by 

slopes composed of fissured clays, provide numerous examples of weather-induced deep landslide 

mechanisms. The interplay between landslide activity and hydro-mechanical processes arising from 

soil-vegetation-atmosphere interaction has been explored through both uncoupled and coupled two-

dimensional hydro-mechanical finite element analyses (Pedone et al., 2018; Cotecchia et al., 2019; 

Di Lernia et al., 2022). Pedone et al. (2018) demonstrated that net rainfall accumulated over 2 and 6 

months serves as effective climatic threshold variables for landslide bodies at 5 m and 20 m depths, 

respectively.  

However, despite advances in the monitoring and analysis of active slope movements in clay, the 

pore pressure regime and its relationship with slope movements remain highly complex to understand 

due to the interaction of numerous phenomena (Pellegrino et al., 2004; Picarelli et al., 2005; Comegna 

et al., 2007). The effects of slope movements further complicate the reliable assessment of the pore 

pressure regime. Specifically, the low permeability of soil and the non-uniform state of strain and 

stress induced by movement often lead to the development of excess pore pressures which add to the 

effects induced by the infiltration of rainwater. Comegna et al. (2007), through coupled hydro-

mechanical numerical analyses, demonstrated that any redistribution of internal stress associated with 
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the local mobilization of a mudslide body can induce excess pore pressures and subsequent 

deformation of the landslide. The interplay of movements and associated deformation phenomena 

results in a continuous alteration of soil properties, thereby affecting the hydrological and mechanical 

response of the slope. Comegna et al. (2020) highlighted the critical role of the shear zone in 

influencing the groundwater regime, based on data collected during prolonged investigations of slow-

active earthflows in the Basento Valley, Southern Italy.  

In some cases, even minor slope deformations can significantly alter the pore water pressure regime 

due to the opening of cracks, closure of fissures, or damming of permeable layers (Vieira and 

Fernandes, 2004). This issue is particularly relevant for stiff clays, argillaceous rocks, or clayey flysch 

deposits, which exhibit sharp spatial variations in hydraulic conductivity due to networks of 

discontinuities and changes in material properties over short distances. These characteristics make 

modeling the groundwater regime—and particularly the effects of rainfall—a challenging task 

(Picarelli et al., 2022). Technical literature has increasingly focused on this subject, emphasizing the 

role of fissures, cracks, and discontinuities (Cotecchia et al., 2015; Shao et al., 2015; Di Maio et al., 

2021).   

In light of this evidence, it is still challenging to accurately characterize the hydraulic and mechanical 

properties of the landslide body to understand the relationship between hydraulic regime and slope 

movements. 

6.5 Combination of other factors with rainfall 

The relationship between rainfall intensity, duration, and slope instability has been extensively 

studied in scientific literature since the late 20th century. However, factors influencing slope stability 

often evolve, moving rainfall-landslide relationships dynamic and subject to change. Such changes 

may result from external influences like earthquakes, fires, human activity, climatic oscillations, or 

even landslide activity itself. 

6.5.1 Wildfire occurrence 

Wildfires represent increasingly widespread phenomena that significantly alter the hydro-mechanical 

properties of soils, creating conditions that enhance susceptibility to natural instabilities such as 

shallow landslides and debris flows (Tang et al. 2019; Parsons et al. 2010; Abdollahi et al. 2024; La 

Porta et al. 2025). Climate change, modifications in land management and usage, and the 

accumulation of combustible materials contribute to the increasing frequency and severity of 

wildfires (Parise and Cannon, 2012). The thermal impact of fires causes chemical, physical, and 

biological changes in soils, with root systems among the most affected components. Vegetation, 
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through its root system, provides cohesion to soils, thus stabilizing slopes. However, wildfires 

degrade roots to varying extents, depending on factors such as the depth of heat penetration and the 

temperatures reached (Farid et al., 2024 and references therein). The complex interplay between 

wildfire-induced soil modifications and subsequent hydrological responses significantly amplifies the 

risk of natural instabilities, making post-fire landscapes highly susceptible to meteorological events 

over an extended time window (Gill and Malamud, 2014; Abdollahi et al., 2023). In this context, 

Vahedifard et al. (2024) report various geohazards influenced by wildfires, including rockfall, debris 

flows and land subsidence. 

The environmental impact of fires can vary in magnitude and persist for years, depending on fire 

intensity, severity, and frequency (e.g., Abdollahi et al., 2023; Vahedifard et al., 2024; Farid et al., 

2024). For instance, Rengers et al. (2020) indicate that complete recovery may take 3–5 years, while 

DeGraff (1997) reports 10 years. 

Fire intensity refers to the rate of energy released during combustion, whereas fire severity describes 

the resultant effects on soil physical, chemical, and biological properties. Fire severity correlates with 

the extent of vegetation combustion and damage, which indirectly affects root degradation and the 

post-fire vegetation recovery process. The terms fire severity and burn severity are often used 

interchangeably. Fire severity is predominantly used in classifying and mapping fire events and can 

be assessed via remote sensing techniques, employing multispectral indices to detect spectral changes 

in the soil before and after fire occurrences. In situ surveys are frequently conducted for validation, 

assessing soil alterations such as organic matter loss and vegetation dynamics under post-fire 

conditions (Keeley, 2009; Parsons et al., 2010). 

Following wildfires, soil and land cover are immediately impacted. However, the thermal alteration 

is generally confined to a very thin shallow layer of less than ten centimeters (Chicco et al., 2023). 

Among the effects of wildfires on slopes, notable consequences include changes in soil water 

repellency, reductions in hydraulic conductivity, potential formation of hydrophobic layers, 

degradation of soil structure, and infiltration of ash into soil pores (Vahedifard et al., 2024). These 

phenomena result from the interplay between soil composition, intrinsic soil properties and the 

thermal regime developed during combustion. DeBano (2000) reviewed experimental and field 

evidence regarding fire-induced water repellency, reporting negligible effects below 175°C, intense 

water repellency formation between 175 and 200°C, and destruction of hydrophobicity within the 

280-400°C range. However, other studies have demonstrated that heating duration also influences 

these trends (e.g., Doerr et al., 2004). The reduction in hydraulic conductivity is attributed to void 

collapse following soil and vegetation combustion (Ebel & Moody, 2020). Additionally, while some 

studies suggest that ash layers exhibit hydrophobic behavior, others have linked them to increased 
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infiltration rates and water retention, delaying runoff (Ebel et al., 2012). Consequently, literature 

presents discrepancies regarding wildfire effects on slope stability and soil properties. 

Beyond the thermo-hydraulic consequences of wildfires, soil mechanical strength may be 

significantly compromised. Experimental tests assessing soil-root system strength, despite variations 

in materials, report negligible or poor changes in friction angle but substantial reductions in cohesion 

(e.g. Secci et al., 2014; Peduto et al., 2022). Roots decay and tree mortality progressively reduce soil 

reinforcement, with effects persisting over extended periods. Lei et al. (2022) observed a time-

dependent reduction in shear strength, with tests conducted on soil samples collected two months, 

one year and two years post-wildfire. 

Rainfall exacerbates post-fire susceptibility by infiltrating fire-affected soils. The combination of 

reduced mechanical strength and altered hydrological behavior facilitates rapid saturation of shallow 

soil layers, increasing pore pressure and predisposing slopes to failure. In the initial months following 

a wildfire, debris flows are among the most frequent geohazards, triggered by two primary processes: 

erosion and material entrainment due to surface runoff, and infiltration-induced shallow landslides 

(Cannon & Gartner, 2005). The first process occurs immediately following significant rainfall events, 

whereas the second is linked to delayed root and tree mortality (Figure 6.6). Although the probability 

of geohazard occurrence endures for extended periods after a wildfire, it gradually reduces over time 

(Thomas et al., 2021). 

 

 

Figure 6.6: Evolution of a slope affected first by wildfire and subsequently by rainfall, leading to instability. 

(a) Pre-fire condition: slope covered by soil and vegetation. (b) Wildfire event with varying burn severity, 

causing alterations in soil and vegetation. (c) Post-fire rainfall triggering a shallow landslide, with 

consequent damage to the built environment. 

 

The assessment of rainfall-induced landslide initiation generally involves defining intensity-duration 

thresholds (see above). However, post-fire conditions significantly alter these thresholds, 

necessitating site-specific re-evaluations. Approaches for analyzing post-fire instability triggering 

include empirical, statistical and physically-based theoretical models. Empirical and statistical 
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models rely on historical data, with statistical methodologies encompassing logistic regression and 

machine learning techniques. However, to use such methodologies, a comprehensive inventory of 

post-wildfire landslides is required, which is currently lacking globally. 

More recently, physically-based models have been introduced. Although these approaches are often 

computationally expensive and need site-specific geotechnical data, they are a valid tool to account 

for wildfire effects, considering the variations in root reinforcement and hydraulic conditions of the 

unsaturated soil covers potentially unstable (Abdollahi et al., 2023, 2024). 

Observations indicate that post-fire shallow landslides evolving in floods and debris flows are 

predominantly triggered by short-duration and high-frequency rainfall events (Moody et al., 2013). 

Rainfall thresholds in burned areas are markedly lower than those in unburned areas. Despite 

significant advancements in wildfire and rainfall-induced geohazard research, critical knowledge 

gaps persist. Data on soil recovery trajectories and the evolution of post-fire geohazard susceptibility 

remain limited (Vahedifard et al., 2024). Given the current context of climate change and increasing 

wildfire frequency, advancing research to enhance understanding, prevention, and prediction of post-

fire disasters is both a scientific and socio-economic priority. 

6.5.2 Vegetation alteration (natural and anthropogenic) 

Slope instability processes driven by rainfall can be highly influenced by the presence of vegetation 

cover, especially in hilly and mountainous environments susceptible to rapid and/or slow mass 

movements, such as soil and debris slides and flows. Vegetation can play a significant role in 

mitigating the impacts of mass movements occurring along natural and artificial slopes, with relevant 

implications in terms of risk reduction. It is widely recognized that vegetation promotes slope stability 

through hydro-mechanical mechanisms that concur to increase resisting forces acting along slopes 

(Greenway, 1987; Sidle & Ochiai, 2006; Philips et al., 2021). Among these mechanisms, root 

reinforcement is widely considered the most important (Figure 6.7a). 
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Figure 6.7: (a) Illustration of principal mechanical and hydrological mechanisms provided by vegetation 

on a slope. (b) Temporal variation of root strength in forested hillslopes after tree logging (redrawn and 

modified after Sidle & Ochiai, 2006). (c) Relationships between land abandonment, landslide 

occurrence/magnitude and vegetation growth in terraced slopes. 

 

The reinforcement provided by plant roots can be twofold depending on root diameter and their spatial 

density (Stokes et al., 2009; Schwarz et al., 2010). On the one hand, single large (diameter >2mm) 
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woody roots penetrate soil covers in different directions to reach stiffer and more resistant soil 

horizons or the underlying bedrock, thus working as basal or lateral soil anchoring systems that 

exploit the root tensile strength (Figure 6.7a). On the other hand, the dense network of fine roots 

(diameter <2 mm) growing between granules produces more compact soil aggregates, resulting in 

higher overall cohesion (Figure 6.7a). Instead, the hydrological reinforcement functions of vegetation 

are mainly attributed to processes that concur to reduce soil moisture in the vadose zone, thus 

counteracting the negative role of pore water pressures (Sidle & Bogaard, 2016; Vergani et al., 2017). 

Namely, the action of interception operated by plant canopies, which reduces the amount of effective 

rainfall reaching the ground, combined with transpiration processes by roots, which enable soil 

desaturation and suction development (Figure 6.7a). However, the effectiveness of vegetation-related 

hydro-mechanical protective functions depends on several factors, such as plant species and ages, 

their spatial arrangements, as well as slope morphological features, climatic conditions and land 

management practices, making vegetation reinforcement variable both spatially and temporally (Sidle 

& Bogaard, 2016; Vergani et al., 2017). 

The beneficial contributions of vegetation to slope stability can be altered negatively due to both 

natural (e.g., insect pests, diseases, wildfires) and anthropic (e.g., deforestation, timber harvesting, 

land use changes) causes (Conedera et al., 2003; Maringer et al., 2016; Philips et al., 2021). One of 

the most documented adverse effects of vegetation degradation on slope stability consists of the 

progressive decay of root strength following tree logging (Figure 6.7b). Although root decay is 

usually accompanied by the formation of soil piping (Uchida et al., 2001) that can act as preferential 

flow circuits for rainwater infiltrating from the ground, no straightforward evidence on their negative 

(i.e., increase of pore water pressure) or positive (i.e., decrease of pore water pressure) hydrological 

role on slope stability is still documented (Ghestem et al., 2011; Ni et al., 2019; Shao et al., 2016). 

Conversely, several experimental and modelling studies revealed consistent temporal patterns of root 

reinforcement reduction after plant removal (Ammann et al., 2009; Johnson & Wilcock, 2002; Preti, 

2012; Watson et al., 1999), indicating that roots result almost totally degraded approximately 15-20 

years after cutting, with the highest rates of decay recorded after 10 years (Vergani et al., 2017). 

Simultaneously, a significant increase in landslide magnitude and intensity (from 2 to 10 times higher) 

has been found until the vegetation cover is fully re-established, and a pre-logging condition is 

achieved (O'Loughlin & Pearce, 1976; Sidle & Wu, 1999; Dhakal & Sidle, 2003; Imaizumi & Sidle, 

2012) (Figure 6.7b). Similar temporal evolutions of proneness to rain-induced mass movements were 

found in hilly-mountainous slopes following farmland abandonment. For example, Brandolini et al. 

(2018) speculated that, in terraced landscapes, the period that elapses between the cessation of 

farming activities and the considerable spread of natural vegetation (<25-30 years) could represent 
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the most hazardous scenario. Similarly, other studies in different morphological, land use and land 

cover (LULC) contexts indicated that the slope stabilization promoted by the progressive growth of 

natural vegetation can require up to 30-40 years depending on the vegetation species and the dynamics 

of forest regeneration as well as land management practices and policy (Cammeraat et al., 2005; 

Latocha, 2014; Moos et al., 2023) (Figure 6.7c). The review of literature dealing with the role of 

vegetation as slope stability factor clearly outlines its time dependency, thus enhancing its preparatory 

function on the occurrence of rainfall-induced mass-movements. As recently claimed by some authors 

(Vergani et al., 2017; Di Biagio et al., 2024), in order to capture reliable future landslide hazard and 

risk scenarios, it will be extremely important pursuing the implementation of the dynamic role of 

hydro-mechanical vegetation effects in slope stability modelling. This will be crucial in the light of 

changing climate conditions, since it can be reasonably expected that harsher weather patterns will 

affect both agricultural and forest ecosystems, thus also altering their protective functions (Li et al., 

2023). For example, the occurrence of prolonged periods of droughts punctuated by intense or 

extreme rainstorms may lead to a deterioration of root mechanical reinforcement (Ma et al., 2021), 

which in turn can further exacerbate the severity of slope instability processes. Furthermore, new 

climate scenarios can also have social and economic impacts leading to climate- and economically 

dependent LULC change (Briner et al., 2013) that can modify over time the response of slopes prone 

to landslides driven by rainfall. 

6.5.3 Earthquakes and rainfall 

The simultaneous occurrence of seismic ground motion and other destabilizing factors, such as soil 

saturation from rainfall (Figure 6.8), plays a crucial role in assessing landslide hazards and the 

associated risks to settlements and infrastructure (Bird and Bommer, 2004; Li et al., 2012; Ruggeri et 

al., 2020, Kumar et al., 2021; Khadka et al., 2025;). Martino et al. (2022) conducted a comprehensive 

quantitative analysis to evaluate changes in landslide activity at the basin scale following a 5.1 Mw 

earthquake in Central Italy's Molise region in August 2018. 

The study combined direct field observations with Differential SAR Interferometry (DInSAR) 

analysis over a three-year period, spanning two years before and one year after the earthquake. This 

approach identified both first-time and reactivated landslides within a region of high landslide 

susceptibility, characterized by lithologies such as marly clays and flysch. 

Findings revealed that seasonal rainfall interacting with slopes destabilized by the earthquake 

triggered a significantly higher number of landslides compared to previous years under similar rainfall 

conditions. Notably, the number of reactivation events increased by approximately 118%, during one 

year after the low-magnitude earthquake. This increase in activity was observed in both first-time and 
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reactivated landslides, marked by shorter periods of inactivity and prolonged periods of sustained 

activity. 

Martino et al. (2020) investigated the 2016-2017 earthquake-induced landslide scenarios for seismic 

microzonation in the Accumoli area (central Italy). Since the seismic sequence exacerbated the 

region’s vulnerability to landslides, this study focused on the triggering of slow landslides, such as 

earthflows and planar or rotational slides, in this highly susceptible area following a low-magnitude 

(5.1 Mw) earthquake. Through field surveys conducted immediately after the event, the authors 

documented the distribution of seismically induced effects, particularly landslides in cohesive soils 

and structural collapses. They analyzed how the spatial distribution of these phenomena correlated 

with seismic and rainfall intensities. The intense rainfall, delivering approximately 120 mm over three 

days before and during the earthquake, significantly worsened slope stability: the soil saturation 

during seismic shaking played a critical role, influencing both the extent of induced effects and their 

spatial concentration relative to epicentral distance and earthquake magnitude. This led to a more 

severe landslide scenario than would typically be expected for an earthquake of such low magnitude. 

Specifically, the affected area extended far beyond the traditional Keefer radius (Keefer, 1984) of 

approximately 2 km, reaching distances up to 20 km, indicating that saturated soil conditions 

dramatically amplify the impact of seismic activity on slope stability. This phenomenon does not 

extend to disrupted or rapid landslides, such as collapses or fast flows (Rodriguez et al., 1999). 

Beyond the Italian case studies, the scientific literature offers a range of approaches to study multi-

hazard landslide scenarios. Sassa et al. (2007) emphasized that the combined effect of earthquakes 

and rainfall can trigger landslides even under conditions that would not be critical if considered 

separately. Faris & Wang (2014) used stochastic analysis to evaluate the impact of rainfall on 

earthquake-induced landslides in Indonesia, showing that variability in the hydraulic response of 

slopes significantly modifies risk scenarios. More recently, Nguyen & Kim (2020) applied Monte 

Carlo simulations to predict rainfall–earthquake-induced landslides in Seoul, South Korea, 

demonstrating the effectiveness of probabilistic approaches. 
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Figure 6.8: Role of antecedent rainfall in the earthquake-triggered shallow landslides involving 

unsaturated slope covers. 
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7. Ground instability scenarios of effects under a changing climate 

7.1 Toolchains for modelling the role of rainfall in landslide 

preparation and triggering 

Operational toolchains are defined as sequences of computational and analytical tools designed to 

produce scenarios of ground instability effects linked to specific types of preparation processes and 

triggering actions, characterized by a given intensity.  

Based on the principle of leveraging existing knowledge, the VS2 spoke first focused on the 

identification and rationalization of computational tools useful for constructing these logical-

operational analysis flows, characterizing each operational tool according to various criteria and 

initially designing their interconnection. 

The resulting toolchains (Figure 7.1) specifically address rainfall-induced shallow landslides 

commonly observed in mountainous and hilly environments (Table 5.1). They are designed to model 

and simulate the role of rainfall in both the preparation (time-dependent processes) and triggering 

(transient processes) of slope failures. Accordingly, tools dedicated to susceptibility or predisposing 

factor analysis (e.g., SZplugin, Titti et al., 2022, 2025) and those developed for run-out modelling 

(e.g., QPROTO, Castelli et al., 2021; STONE, Guzzetti et al., 2002; RASH3D, Pirulli et al., 2007) 

are not included in the present framework. The compiled toolchains (Figure 11) can thus address, 

with varying levels of detail, the following types of shallow landslides commonly observed in Italian 

mountainous and hilly environments: 

● Rapid-kinematics phenomena: rockfalls/topples and debris/mud flows. 

● Slow-kinematics phenomena: shallow planar slides and roto-translational landslides. 

 

 

Figure 7.1: Inventory of tools compiled for modeling rainfall-induced preparation and triggering of ground 

instabilities. (*) These tools also support seismic forcing, potentially enabling multi-hazard scenario 

assessment. 
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7.1.1 Tools for the Evaluation of Preparatory Conditions 

 TOPMODEL 

TOPMODEL (TOPography-based hydrological MODEL) is derived from the seminal work of Beven 

et al. (1995) and critically reviewed in Beven (1997). Its core concept is the topographic index, 

defined as the ratio of upslope contributing area to the local slope angle. This index provides a 

measure of hydrological similarity, under the assumption that locations with equal values respond in 

comparable ways to rainfall and groundwater dynamics. Areas with higher index values are expected 

to saturate first and thus contribute more readily to surface and subsurface runoff. 

To capture the complexity of catchment hydrology in a simplified manner, TOPMODEL assumes 

that subsurface runoff is generated uniformly within zones sharing the same index, that the hydraulic 

gradient of the water table parallels the land surface slope, and that soil transmissivity declines 

exponentially with depth. These simplifying assumptions allow the model to be implemented 

effectively with digital terrain data and GIS. 

By simulating water table fluctuations in shallow soil deposits following rainfall events, provided the 

relevant hydro-mechanical parameters are available, TOPMODEL outputs can be used for two key 

purposes: 

i) to assess how rainfall intensifies pre-existing slope instability conditions, and 

ii) to generate input data for quantitative slope stability analyses in soil-mantled terrains, particularly 

with respect to shallow translational and, to a lesser degree, rotational–translational failure 

mechanisms. 

 

7.1.2 Tools for the Evaluation of Triggering Effects 

 e-ITALICA-CTRL-T 

The empirical rainfall threshold approach emerges as the key methodological tool for assessing 

rainfall-triggered slope instabilities, as it provides a unified framework applicable to different 

landslide kinematics. In particular, e-ITALICA (enhanced ITAlian rainfall-induced LandslIdes 

CAtalogue; Brunetti et al., 2025) is a comprehensive Italian landslide catalogue that documents 6,312 

rainfall-induced landslides recorded between 1996 and 2021. These events, originally listed in the 

ITALICA catalogue (Peruccacci et al., 2023), are now enriched with detailed information on their 

rainfall triggering conditions, expressed in terms of rainfall duration D (hours) and cumulative event 

rainfall E (mm). The triggering conditions were derived from hourly rainfall measurements collected 
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at 4,033 gauges and processed using a rigorous and reproducible methodology. In addition to rainfall 

information, the catalogue also includes topographic and land cover attributes, making it a valuable 

dataset for analyzing rainfall conditions capable of triggering landslides, calibrating and validating 

physically based prediction models, and defining empirical rainfall thresholds from local to national 

scales, thereby contributing to landslide risk reduction in Italy. To process these data, the CTRL-T 

tool (Calculation of Thresholds for Rainfall-induced Landslides–Tool; Melillo et al., 2018) was 

applied. Developed in R, CTRL-T automatically reconstructs rainfall events from standard rainfall 

series and landslide records, identifies multiple rainfall conditions responsible for slope failures, and 

defines frequentist rainfall thresholds for different non-exceedance probabilities. The tool further 

incorporates machine learning algorithms to refine empirical rainfall thresholds by correlating the 

spatial and temporal occurrence of landslides with their triggering rainfall. When historical rainfall 

series are available, these thresholds can also be characterized in terms of hazard. 

Although e-ITALICA produces binary forecasts (landslide/no landslide) without pinpointing exact 

locations, these can be linked to inventoried landslides (reactivations) or to highly susceptible areas 

(potential first-time activations). The catalogue supports analysis of rainfall conditions that trigger 

landslides, calibration and validation of physically-based prediction models, and the definition of 

empirical rainfall thresholds across Italy, contributing to landslide risk reduction. It is applicable to 

all types of landslides, from rapid to slow-moving. 

 

 R2SLOPE 

The R2SLOPE tool (Rollo & Rampello, 2023) is a GIS-based probabilistic model designed for the 

regional assessment of slope stability under both rainfall and seismic forcing. For rainfall-induced 

shallow landslides in soil, it couples a hydrological framework (TOPMODEL), with the infinite slope 

stability equation to simulate how infiltration raises pore-water pressures and lowers the factor of 

safety, allowing different rainfall scenarios to be translated into probabilities of failure. For 

earthquake-induced instability, it uses semi-empirical relationships to estimate expected co-seismic 

displacements for both rock sliding, including planar and wedge mechanisms, and shallow soil 

landslides. These displacements are computed from peak ground acceleration and peak ground 

velocity values in combination with the yield coefficient Ky. By linking distributed hydrological 

response to slope failure thresholds and integrating seismic predictive relationships, R2SLOPE can 

be applied to both rapid and slow landslides, offering a versatile framework for assessing multi-hazard 

scenarios. 
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 Sliding-Consolidation Model 

The Sliding-Consolidation Model (Rollo & Buscarnera, 2023) is a hydro-mechanical framework 

developed to estimate deformations in slopes caused by changes in pore water pressure, particularly 

those induced by rainfall. It is designed to capture the complex interplay between infiltration-driven 

pore pressure build-up, consolidation processes, and shear deformation within the basal shear zone, 

thereby providing a mechanistic understanding of how hydrologic forcing translates into deformation 

velocity and the potential evolution of shallow failures into either rapid or slow-moving landslides. 

By linking hydrological inputs from models such as TOPMODEL, the Sliding-Consolidation Model 

can account for the preparatory effects of rainfall, including spatially variable infiltration and soil 

saturation, allowing for a more realistic representation of rainfall-triggered instability. 

The model is applicable to a wide range of landslide types, from slow, creeping slopes to fast, 

catastrophic failures, making it a versatile tool for both research and practical hazard assessment. Its 

strength lies in its ability to connect pore water pressure dynamics with slope mechanical behavior 

over both short- and long-time scales, offering insight into long-term slope dynamics, deformation 

velocities, and the conditions under which shallow landslides may accelerate. However, the model is 

limited in its scope as it does not include the effects of seismic triggers or other rapid-loading 

mechanisms, which constrains its applicability in multi-hazard scenarios where rainfall and 

earthquakes might act in combination. Despite this limitation, the Sliding-Consolidation Model 

remains a powerful framework for understanding rainfall-driven landslide processes and for 

predicting the potential timing, magnitude, and evolution of slope failures under varying hydrological 

conditions. 

 

 PARSIFAL 

The PARSIFAL (Probabilistic Approach to pRovide Scenarios of earthquake‐Induced slope 

FAiLures) framework was developed as an integrated computational tool for the prediction of slope-

failure scenarios induced by seismic loading, under predefined hydraulic conditions of the slopes, and 

with reference to failure mechanisms related to rock-block instabilities (planar, wedge, and toppling 

failures) and shallow translational soil slides (Esposito et al., 2016; Martino et al., 2020; Giannini et 

al., 2022). The analysis follows a stepwise procedure that, with specific reference to first-time 

failures, can be summarized as follows: 

 i) assessment of static stability conditions for different hydraulic states (expressed in terms of joint 

saturation percentage for rock masses, and pore pressure ratio – Ru – for shallow soil slides); 
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 ii) definition of the critical acceleration coefficient (Ky) and pseudo-static stability analysis for given 

PGA values and hydraulic conditions; 

 iii) estimation of coseismic displacement approach and related exceedance probability of a given 

critical displacement threshold using a pseudo-dynamic method. 

The implemented analytical solutions are based on the global limit equilibrium approach (static and 

pseudo-static stability analysis) and the Newmark rigid-block method (pseudo-dynamic analysis). 

Originally conceived as a modular collection of computational tools, the PARSIFAL framework has 

been specifically updated and integrated to meet the requirements of the project’s Proof of Concept 

(PoC). In particular, to enhance its performance, two distinct processing chains were developed: one 

dedicated to rock-mass instabilities (PARSIFAL-R) and the other to shallow soil instabilities 

(PARSIFAL-T), depending also on the nature of the required input data. Both PARSIFAL-R and 

PARSIFAL-T include a final module that allows for the estimation of coseismic displacement as a 

function of Ky based on a semi-empirical relation (Rollo and Rampello, 2021), without requiring the 

use of spectrum-compatible accelerograms needed for the Newmark analysis. 

Furthermore, regarding hydraulic conditions – crucial for assessing the effects of meteorological and 

climatic forcings independently from multi-hazard interactions – while no computational tool is 

currently available for rock masses to transform rainfall input into hydraulic head along the joint 

network, for soil translational slides the TOPMODEL hydrological model (Beven et al., 1995) has 

been integrated by means of a dedicated script providing an estimation of the water table depth  - and, 

thus, the Ru factor – following a given rainfall. Although simplified, this model enables the evaluation 

of the preparatory and/or triggering effects of rainfall events. 

 

 r.slopestability 

r.slopestability is a spatially distributed, physically based model for landslide susceptibility analysis. 

It is open-source and was developed by Mergili et al. (2014) as a C- and Python-based raster module 

of the GRASS GIS software package. Its application ranges from shallow soil slips to deep-seated 

mass movements in geologically complex areas, being suitable for large areas, including tens to 

hundreds of square kilometres or more appropriately accounting for the natural variability of the 

governing parameters.  

It offers five modes of physically based slope stability simulations.  Four are based on randomly 

located and sized ellipsoidal slip surfaces, and one employs the infinite slope stability model. The 

ellipsoidal approaches allow the user to consider either only the ellipsoid bottom or also the bottoms 



 

56 

 

 

of soil layers intersecting the ellipsoid. In addition, the tool can be run with a single ellipsoid of fixed 

parameters for targeted analysis. The model requires as inputs a digital elevation model (DEM), the 

saturated water content (via TOPMODEL), ranges of geotechnical parameter values derived from 

laboratory tests, and estimates of soil depth obtained in the field. Each soil class or layer must be 

associated with geometric and geotechnical properties such as thickness, cohesion, friction angle, and 

bulk density. 

The model calculates the factor of safety (FoS) and the probability of slope failure (Pf) for each 

surface. Probability density functions are exploited to assign Pf to each ellipsoid. The minimum value 

of FoS and the maximum value of Pf recorded for each pixel are then taken as indicators of slope 

instability. The final output consists of raster maps of FoS and Pf, providing spatially distributed 

estimates of slope stability conditions and allowing identification of areas with higher landslide 

susceptibility. 

 

7.2 Scenario simulations - the demonstrator case of Calabria coastal 

railway 

In order to validate the above-described toolchains, the VS2 spoke identified a set of demonstrator 

cases, among which a sector of the Tyrrhenian Calabria region, where a coastal railway is repeatedly 

threatened by rapid landslides.  

Once the toolchains have been validated in the demonstrator cases (see VS2 Deliverable 2.5.3), we 

have run the same toolchains (with the same input parameters except rainfall) to provide scenarios of 

effects under variable climate, using rainfall data from climatic models provided by the DS spoke. 

7.2.1 Precipitation modelling 

Among the most recent advances in climate modelling, Struglia et al. (2025) performed a downscaling 

of the CMIP6 global climate projections to local scales for the Mediterranean and Italian regions, 

aiming to produce high-resolution climate information for the assessment of climate change signals, 

with a focus on precipitation extreme events. The Authors performed hindcast (i.e., ERA5-driven) 

and historical simulations (driven by the MPI-ESM1-2-HR model) to simulate the present (1980–

2014) and future (2015–2100) climate under three different emission scenarios (SSP1-2.6, SSP2-4.5, 

SSP5-8.5). For each experiment, they adopted a double-nesting approach to dynamically downscale 

global data to the regional domain of interest, firstly over the Europe (EURO) COordinated Regional 

climate Downscaling Experiment (CORDEX) domain, at a spatial resolution of 15 km, and then 
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further refined (second nesting) over Italy and the northwestern Mediterranean at a resolution of 5 km, 

i.e., in the so-called gray zone (5–10 km), close to the convection-permitting (CP) limit.  

This study exploits 1-hour precipitation extremes with a 50-year return period, calculated by applying 

a Gumbel distribution to a 30-year reference dataset, both for the present time and for the 2071-2100 

projections, under the worst emission scenario (SSP5-8.5). 

7.2.2 Landslide scenarios 

Figures 7.2 and 7.3 show the results of the computational run performed with the VS2 toolchain in 

the Calabria demonstrator case. The results obtained for the two different climatic scenarios do not 

shows significant increment of landslide areas in the worst future scenario. Such preliminary results 

encourage to increase the simulations with different duration/return period under different emission , 

also taking into account the landslide preparatory condition variables. 
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Figure 7.2: Landslide scenarios (Safety Factor FS <= 1) computed by running the VS2 toolchains with 1-

hour precipitation extremes with a 50-year return period for both historical conditions and end-century 

climate projections, under the worst emission scenario (SSP5-8.5). The tables indicate the total extent of 

landslide areas in the two scenarios. The magenta box is the frame zoomed in Figure 7.3. 
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Figure 7.3: Landslide areas for the historical (yellow) and future scenarios (red, incremental areas). The 

table shows the very low amount if incremental landslide area for the whole study case. 

7.3 Scenario simulations - the RETURNLAND Virtual Test Bed 

The RETURNLAND virtual environment (VTB) provides an integrated analytical framework for 

simulating the multi-hazard and multi-risk scenarios under changing climate, deriving from the 

interactions of all the RETURN Project spokes. Some toolchains of the VS2 spoke have been selected 

to contribute to build such scenarios in the RETURNLAND VTB. Two virtual environments 

("Inland" and "Coastal") have been identified, where virtual cities (RETURNVILLE) are expected to 

be damaged by concatenated hazardous processes. 

We simulated both landslide scenarios under changing rainfall regimes (both in the Inland and Coastal 

environments) and sinkhole scenarios in the Coastal environment) under changing sea-level. 
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7.3.1 Precipitation modelling 

This study exploits 1-hour precipitation extremes with a 100-year return period (same rainfall data as 

those used for river flood scenarios) for both historical conditions and end-century climate 

projections. The analysis integrates kilometre-scale convection-permitting climate models (CPMs) 

with the SMEV (Simplified Metastatistical Extreme Value) framework. CPMs, which explicitly 

resolve deep convection, provide physically realistic simulations of intense short-duration rainfall 

compared to traditional regional climate models. Here we rely on the high-resolution simulations 

developed by Dallan et al. (2024a), which deliver suitable temporal detail for extreme-value 

applications. To obtain stable and unbiased quantile estimates, rainfall time series were analysed 

using SMEV, building on metastatistical extreme value theory introduced by Marani and 

collaborators and further advanced for practical hydrometeorological use by Marra et al. (2019, 

2020). SMEV models the distribution of all ordinary rainfall events rather than relying exclusively 

on annual maxima or threshold exceedances, making it well suited to relatively short yet information-

dense CPM outputs. Using this methodology, we estimated historical and future 100-year quantiles 

and produced spatial maps describing their geographic variability. These products support the 

evaluation of how hourly extremes may intensify under climate change and form a robust basis for 

shallow landslide hazard assessment for climate-adaptation planning. Foundational research that 

informs this workflow includes Ban et al. (2014), Prein et al. (2015), Fosser et al. (2024), for CPMs, 

alongside Marani & Ignaccolo (2015), Marra et al (2019, 2020), Dallan et al., 2024a, 2024b), Correa 

Sánchez et al. (2025), and Lompi et al. (2025) for SMEV and the integration of CPM and SMEV. 

7.3.2 Landslide scenarios 

Figures 7.4 and 7.5 show the results of the computational run performed with the VS2 toolchain in 

the RETURN-Land Inland environment. 

The results obtained for the two different climatic scenarios do not shows significant increment of 

landslide areas in the worst future scenario. In this case, however, the use of 1-hour precipitation 

extremes with a 100-year return period (to fine-tune the chain effects related to landslide and river 

flood scenarios) provided quite severe landslide scenarios also for historical conditions, again 

suggesting to increase the simulations with different duration/return period under different emission 

scenarios, also taking into account the landslide preparatory condition variables. Similar results have 

been obtained for the RETURN-Land Coastal environment (Figures 7.6 and 7.7) 
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Figure 7.4: Landslide scenarios (Safety Factor FS <= 1,3) for the Inland environment of RETURNLAND, 

computed by running the VS2 toolchains with 1-hour precipitation extremes with a 100-year return 

period for both historical conditions and end-century climate projections, under the worst emission 

scenario (SSP5-8.5). The tables indicate the total extent of landslide areas in the two scenarios. The 

magenta box is the frame zoomed in Figure 7.5. 
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Figure 7.5: Landslide scenarios (Safety Factor FS <= 1) or the Inland environment of RETURNLAND, 

computed by running the VS2 toolchains with 1-hour precipitation extremes with a 50-year return period 

for both historical conditions and end-century climate projections, under the worst emission scenario 

(SSP5-8.5). The tables indicate the total extent of landslide areas in the two scenarios. 

 

 

 

Figure 7.6: Landslide scenarios (Safety Factor FS <= 1,3) for the Coastal environment of RETURNLAND, 

computed by running the VS2 toolchains with 1-hour precipitation extremes with a 100-year return 

period for both historical conditions and end-century climate projections, under the worst emission 

scenario (SSP5-8.5). The tables indicate the total extent of landslide areas in the two scenarios. The 

magenta box is the frame zoomed in Figure 7.7. 

 



 

63 

 

 

 

Figure 7.7: Landslide scenarios (Safety Factor FS <= 1) for the Coastal environment of RETURNLAND, 

computed by running the VS2 toolchains with 1-hour precipitation extremes with a 50-year return period 

for both historical conditions and end-century climate projections, under the worst emission scenario 

(SSP5-8.5). The tables indicate the total extent of landslide areas in the two scenarios. 

7.3.3 Sinkhole scenarios 

By combining geological, geomorphological, hydrogeological, and remotely sensed data, both the 

long-term shoreline shifts and climate-driven impacts on geohazards have been assessed. Two 

modelling components were developed: (i) a reconstruction of past shoreline positions to quantify 

retreat and progradation rates, and (ii) forward-looking simulations (up to 2175) of shoreline 

migration and coastal flooding. Complementary machine learning analyses were implemented to 

evaluate the influence of coastal processes on sinkhole formation and to produce predictive 

susceptibility scenarios under rising sea-level conditions. 

The first modelling phase (Figure 7.8) focused on Marine Isotope Stage 5 (MIS 5; 125–80 ka), a 

period characterized by rapid sea-level oscillations. Five shoreline positions were reconstructed, 

corresponding to three transgressive and two regressive phases, with the MIS 5.5 highstand 

representing the only peak exceeding the present-day sea level. Corrected for vertical tectonic 
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displacement, these paleo-shorelines delineate a coastal migration belt approximately 42 km-wide 

across the RETURNLAND region. 

Sea-level projections were obtained from the Coupled Model Intercomparison Project Phase 6 

(CMIP6), integrating contributions from: 

 atmosphere–ocean general circulation models (AOGCMs); 

 surface mass balance and dynamic ice-sheet contributions from Greenland and Antarctica; 

 glacier and land water storage contributions; 

 glacial isostatic adjustment; 

 inverse barometer effect. 

To assess coastal flooding, two scenarios were considered: SSP1–2.6 and SSP5–8.5, corresponding 

to, respectively, low and high greenhouse gas concentration pathways, therefore representative of 

best- and worst-case projections (Palma et al., 2020; Sannino et al., 2022). 

Future shoreline evolution was evaluated using a bathtub model that combines CMIP6 sea-level rise 

(SLR) projections with Vertical Land Motion (VLM) derived from InSAR and GNSS data (2014–

2021). VLM-corrected DEMs and SLR projections were applied across multiple time horizons 

(2050–2175). Under the high-end SSP5–8.5 scenario, inundation is projected to increase 

progressively, reaching 152.3 km² by 2175, with low-lying coastal areas undergoing permanent 

submergence and significant land loss. 

Sinkhole susceptibility was analyzed using an ensemble machine-learning framework combining 

Random Forest, Gradient Boosting Machines, and MaxEnt. Models were trained on MIS 5 shoreline 

reconstructions and applied to future conditions (Figure 7.9) under SSP5–8.5 (2050–2175). 

Predisposing factors included: 

 overburden thickness; 

 lithology, slope; 

 Relative Slope Position; 

 Topographic Wetness Index; 

 coastline density. 

Training and validation relied on two independent sinkhole inventories. Model performance was 

evaluated using ROC/AUC metrics, yielding excellent accuracy for the training phase (AUC = 0.978) 

and very good performance for the 2175 projections (AUC = 0.865). Variable-importance analyses 

highlighted coastline density, lithology, and slope as the dominant controlling factors. Response 
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curves indicated increased susceptibility in areas with higher coastline density, carbonate lithologies, 

and low-gradient topography. Ensemble projections produced spatially explicit sinkhole 

susceptibility scenarios aligned with trends of future shoreline migration and flooding. 

Overall, the combined modelling approaches enable a robust assessment of climate-driven coastal 

instability and provide suitable insights aimed at long-term sinkhole/coastal flooding susceptibility 

within RETURNLAND. 

 

Figure 7.8: Ensemble sinkhole susceptibility map during MIS 5, referring to the training dataset. 
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Figure 7.9: Ensemble sinkhole susceptibility map for 2050, 2100, 2150 and 2175, referring to the projected 

dataset. 

7.4 Further scenario simulations 

The above preliminary results outlined the need of further simulation, in order to better define ground 

instability scenarios of effects under a changing climate. In particular, 1h rainfall duration events with 

shorter return periods have been taken into account for both the demonstrator case of Calabria coastal 

railway (5-year return period) and the RETURNLAND Virtual Test Bed (2-year return period), in 

order to test the sensitivity of the VS2 toolchain to changing climate scenarios. 

7.4.1 Further landslide scenario simulation in the demonstrator case of Calabria coastal 

railway 

Further investigations on the sensitivity to the triggering role of rainfall under climate change have 

been performed, since using 1h rainfall duration events with 50-year return period led almost 

unchanging scenarios of effects related to historical and end-century projected rainfalls. By referring 

also to the e-ITALICA rainfall thresholds (Brunetti et al., 2025), a different rainfall duration/return 

period combination (1h/5-years return period) has been tested. In fact, the preliminary analysis of 

rainfall threshold data for landslide initiation in the Calabria area, according to the e-ITALICA 

database, outlined that these threshold values are considerably lower than the duration/intensity 

curves obtained by applying the Gumbel distribution for precipitation extremes with a 10-years return 
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period (Fig. 7.10), both for the present time and for the 2071-2100 projections, under the worst 

emission scenario (SSP5-8.5). 

  

Figure 7.10: Comparison between e-ITALICA rainfall thresholds for landslide initiation and 

duration/intensity precipitation extremes with a 10-year return period, calculated by applying a Gumbel 

distribution to a 30-year reference dataset, both for the present time and for the 2071-2100 projections, 

under the worst emission scenario (SSP5-8.5). 

 

Figure 7.11 show the results of the computational run performed with the VS2 toolchain in the 

Calabria demonstrator exploiting 1-hour precipitation extremes with a 5-year return period, calculated 

by applying a Gumbel distribution to a 30-year reference dataset, both for the historical computation 

(last 30 years; average intensity: 28 mm/h) and for the 2071-2100 projections under the worst 

emission scenario (SSP5-8.5; average intensity: 32 mm/h).  

 

 



 

68 

 

 

 

Figure 7.11: Landslide scenarios for the demonstrator case of Calabria coastal railway (Safety Factor FS <= 

1) computed by running the VS2 toolchains with 1-hour precipitation extremes with a 5-year return 

period for both historical conditions and end-century climate projections, under the worst emission 

scenario (SSP5-8.5). Plots indicate the frequency distribution of FS values for both the historical and future 

landslide scenarios. 

 

The results obtained for the two different climatic scenarios again do not shows significant increment 

of landslide areas in the worst future scenario. Such an unexpected result could be biased by the 

different space and time resolution and uncertainty of rainfall and other input parameters data related 

mainly to soil properties.  

Therefore, the outcomes suggest the need of deeper sensitivity analyses on the toolchain with respect 

to the input parameters. Furthermore, deepening the analysis of the preparatory role of rainfall, by 

analysing soil moisture data derived by climate models (both historical and end-century projection), 



 

69 

 

 

despite the uncertainty linked to these estimates, would be very useful to have impact scenarios that 

also account for soil moisture (and, more importantly, for its changes between historical and future 

conditions, rather than for absolute values). This will allow to refine the parameter configuration for 

the proper functioning of the toolchains. 

 

7.4.2 Further landslide scenario simulation in the RETURNLAND Virtual Test Bed 

In light of the preliminary analyses outlined above, a new run of the toolchains has been carried out 

for the VTB Inland area, using historical (last 30 years; average intensity: 24 mm/h for the Inland 

area and 21 mm/h for the Coastal area) and projected data (2071-2100; average intensity: 27 mm/h 

for the Inland area and 25 mm/h for the Coastal area), as provided by the University of Padua, with 

1h duration and 2-years return periods. This has allowed simulations that are decoupled from the 

cascading effects associated with river flooding phenomena, which had originally required the 

adoption of a return period of 100 years. 

Figures 7.12 and 7.13 show the results of the computational run performed with the VS2 toolchain in 

both the VTB Inland and Coastal areas, exploiting 1-hour precipitation extremes with a 2-years return 

period, calculated both for the present time and for the 2071-2100 projections, under the worst 

emission scenario (SSP5-8.5).  
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Figure 7.12: Landslide scenarios for the RETURNLAND Virtual Test Bed Inland area (Safety Factor FS <= 

1) computed by running the VS2 toolchains with 1-hour precipitation extremes with a 5-year return 

periods for both historical conditions and end-century climate projections, under the worst emission 

scenario (SSP5-8.5). Plots indicate the frequency distribution of FS values for both the historical and future 

landslide scenarios. 
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Figure 7.13: Landslide scenarios for the RETURNLAND Virtual Test Bed Coastal area (Safety Factor FS <= 

1) computed by running the VS2 toolchains with 1-hour precipitation extremes with a 5-year return 

periods for both historical conditions and end-century climate projections, under the worst emission 

scenario (SSP5-8.5). Plots indicate the frequency distribution of FS values for both the historical and future 

landslide scenarios. 

 

The results obtained in the two different climatic scenarios again do not shows significant increment 

of landslide areas in the worst future scenario. Such an unexpected result could be biased by the 

different space and time resolution and uncertainty of rainfall and other input parameters data related 

mainly to soil properties.  
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Therefore, the outcomes suggest the need of deeper sensitivity analyses on the toolchain with respect 

to the input parameters. Furthermore, deepening the analysis of the preparatory role of rainfall, by 

analysing soil moisture data derived by climate models (both historical and end-century projection), 

despite the uncertainty linked to these estimates, would be very useful to have impact scenarios that 

also account for soil moisture (and, more importantly, for its changes between historical and future 

conditions, rather than for absolute values). This will allow to refine the parameter configuration for 

the proper functioning of the toolchains. 
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8. Conclusions 

The results of the VS2-DS interactions highlight several key findings and recommendations on 

climate-driven ground instabilities in Italy. 

Landslides, influenced by the interplay of static and dynamic factors, are particularly susceptible to 

changing rainfall regimes and extreme events, that show a trend toward increased spatial and temporal 

variability, especially for sub-hourly and hourly precipitation extremes in northern and mountainous 

regions. Despite these trends, impacts remain locally variable and require duration-specific, 

regionally resolved analyses for reliable forecasting. 

Sinkhole susceptibility is amplified by rising sea levels and coastal migration, with ensemble machine 

learning models providing robust spatial predictions. The dominant factors controlling sinkhole risk 

include coastline density, carbonate lithologies, and low-gradient topography, with future coastal 

flooding significantly exacerbating instability risks. 

There is no shared or standardized national framework yet to systematically assess the climate 

influence on ground instabilities, though the RETURN project sets important groundwork through 

high-resolution climate downscaling and procedural toolchains. Validation of climate and hazard 

models remains a priority to support operational and adaptation practices. 
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