
IMPROVING MODELING AND SIMULATION OF 

RAINFALL-INDUCED LANDSLIDES: FROM PREDICTION 

TO POST-FAILURE DYNAMICS 

 

 

Ph.D. Dissertation 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Nunziarita Palazzolo 

  



 

 

 

 

  



University of Pavia 

DICAr - Department of Civil Engineering and Architecture 

A thesis submitted for the degree of Doctor of Philosophy in 

Design, Modeling And, Simulation in Engineering 

XXXIV Cycle 

                 

 

 

 

IMPROVING MODELING AND SIMULATION OF 

RAINFALL-INDUCED LANDSLIDES: FROM PREDICTION 

TO POST-FAILURE DYNAMICS 

 

Nunziarita PALAZZOLO 

 

 

 

Supervisor: Prof. Enrico CREACO 

Co-supervisors: Prof. Antonino CANCELLIERE, Dr. David Johnny PERES, 

Prof. Sauro MANENTI 

Ph.D. coordinator: Prof. Alessandro REALI 

 

 

Pavia, June 2022 





 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 





 IMPROVING MODELING AND SIMULATION OF RAINFALL-INDUCED LANDSLIDES: FROM 

PREDICTION TO POST-FAILURE DYNAMICS 

 

1 

 

Contents 

Abstract ............................................................................................................................. 5 

Chapter 1 Introduction ................................................................................................... 7 

Abstract.......................................................................................................................... 7 

1.1 Overview ........................................................................................................... 8 

1.2 Aim of the research ........................................................................................ 11 

1.3 Outline of the dissertation ............................................................................ 11 

Chapter 2 Literature review......................................................................................... 15 

Abstract........................................................................................................................ 15 

2.1 Landslides triggered by rainfall ................................................................... 16 

2.2 Empirical models ........................................................................................... 20 

2.3 Physically-based models ............................................................................... 24 

2.4 Runout analysis .............................................................................................. 28 

Chapter 3 Soil moisture information for improving landslide prediction ........ 31 

Abstract........................................................................................................................ 31 

3.1. Main hydraulic soil factors influencing landslides ................................... 32 

3.2. In situ soil moisture measurements ............................................................. 36 

3.3. Remote sensing soil moisture data .............................................................. 39 

3.4. Reanalysis soil moisture data ....................................................................... 41 

Chapter 4 dentification of regional landslide triggering thresholds using 

multivariate statistical analysis and reanalysis soil moisture data ..................... 47 

Abstract........................................................................................................................ 47 

4.1. Introduction .................................................................................................... 49 

4.2. Materials and method.................................................................................... 52 



 

 

 

2 

 

4.2.1. Dataset creation .............................................................................................. 52 

4.2.2. Principal components analysis ..................................................................... 55 

4.2.3. Thresholds identification .............................................................................. 57 

4.3. Study area ........................................................................................................ 61 

4.4. Results and discussion .................................................................................. 63 

4.4.1. Principal component analysis ...................................................................... 63 

4.4.2. Analysis using observed rainfall.................................................................. 65 

4.4.3. Analysis using ERA5-Land rainfall ............................................................. 72 

4.5. Conclusions ..................................................................................................... 78 

Chapter 5 Improving Spatial Landslide Prediction with 3D Slope Stability 

Analysis and Genetic Algorithm Optimization ...................................................... 79 

Abstract........................................................................................................................ 79 

5.1. Introduction .................................................................................................... 81 

5.2. Materials and methods .................................................................................. 84 

5.2.1. Pressure Head Computation by TRIGRS Model (The Transient 

Infiltration and Grid-Based Regional Slope-Stability Model – v.2.1) ................. 86 

5.2.2. Slope Stability Analysis by TRIGRS Model (The Transient Rainfall 

Infiltration and Grid-Based Regional Slope-Stability Model – v.2.1) ................. 89 

5.2.3. Slope Stability Analysis by SCOOPS 3D Model (Software to Analyze 

Three-Dimensional Slope-Stability throughout a Digital Landscape) ............... 90 

5.2.4. SCOOPS 3D Search Grid Configuration and Optimization by NSGAII 

Genetic algorithm ....................................................................................................... 93 

5.3. Simulation framework ................................................................................... 96 

5.4. Study area ........................................................................................................ 97 

5.5. Results and discussion ................................................................................ 101 



 IMPROVING MODELING AND SIMULATION OF RAINFALL-INDUCED LANDSLIDES: FROM 

PREDICTION TO POST-FAILURE DYNAMICS 

 

3 

 

5.6. Conclusions ................................................................................................... 108 

Chapter 6 Post-Failure Dynamics of Rainfall-Induced Landslide in Oltrepò 

Pavese ............................................................................................................................ 111 

Abstract...................................................................................................................... 111 

6.1. Introduction .................................................................................................. 112 

6.2. Model description and Test Case Configuration ..................................... 115 

6.3. Results and discussion ................................................................................ 121 

6.3.1. Analysis of viscosity .................................................................................... 122 

6.3.2. Validation ...................................................................................................... 125 

6.3.3. Influence of input parameters .................................................................... 127 

6.4. Conclusions ................................................................................................... 131 

6.5. Acknowledgment ......................................................................................... 132 

Chapter 7 Conclusions ............................................................................................... 133 

7.1 Main conclusions .......................................................................................... 133 

7.2 Limitations and future perspectives .......................................................... 135 

Acknowledgments ....................................................................................................... 137 

List of symbols .............................................................................................................. 139 

List of figures ................................................................................................................ 143 

List of tables .................................................................................................................. 149 

References ..................................................................................................................... 151 

 

 

 

 

  



 

 

 

4 

 

 

 



 IMPROVING MODELING AND SIMULATION OF RAINFALL-INDUCED LANDSLIDES: FROM 

PREDICTION TO POST-FAILURE DYNAMICS 

 

5 

 

Abstract 

Landslides are a natural hazard that cause impactful effects not only on the 

earth’s natural environment (i.e., morphology, flora, and fauna) but also on 

people and infrastructures. Direct and indirect damage to property and human 

settlements, as well as many casualties all over the world are unfortunately 

consequences of landslide events. Hence, the prediction and modeling of such 

events is of high interest to scholars aiming at understanding both the triggering 

mechanism and the post-failure dynamics, either by empirical or physically-

based approaches. 

The present thesis addresses this key problem by identifying innovative 

approaches to one of the most key aspects of landslide hazard assessments, 

namely the spatio-temporal prediction of landslide occurrence. In particular, the 

main goals of the work can be summarized as follows: i) the improvement of 

performances of empirical rainfall thresholds through the integration of the 

reanalysis soil moisture information within a hydro-meteorological framework; 

ii) the improvement of the spatial prediction of landslides through physically-

based models, with a special focus on the real advantages and disadvantages of 

1D vs. 3D slope stability analysis at the catchment scale; iii) the analysis of the 

post-failure dynamics of a rainfall-induced fast shallow landslide as well as the 

influence of the geotechnical and rheological parameters on the front celerity and 

the impact force of the sliding mass. 

Concerning the first research goal, the investigation regarding the definition of a 

hydro-meteorological threshold (using ERA5 Land Reanalysis soil moisture and 

rainfall information), revealed that significant improvements of performance can 

be obtained, respect to the traditional approach based on the rainfall intensity-

duration thresholds. Still, margins of improvement remain, as the quality and 

reliability of input data affects the performance of the prediction. 

With regards to the second topic, we compare the 1D (TRIGRS) and 3D (SCOOPS 
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3D) slope stability models. We find that overall, the 3D approach gives better 

results than the 1D method in terms of model performance, demonstrating that 

the 3D approach is able to better describe the landslide triggering mechanisms 

through the assumption of more realistic slip surface geometries. In particular, 

thanks to the use of the multi-objective optimization to set a more reliable model 

parameterization, a greater gain of performance is obtained moving from the 1D 

to the 3D simulation, in comparison to other literature studies, where no 

optimization has been applied. 

Finally, concerning the analysis of the post-failure dynamics, the code SPHERA 

v.9.0.0 (RSE SpA), a free research software (FOSS) based on the SPH (“Smoothed 

Particle Hydrodynamics”) method, is used (Amicarelli et al. 2020b). Indeed, 

SPHERA include a scheme for dense granular flows (Amicarelli et al. 2017) that 

can be applied to simulate fast landslides undergoing large deformation and 

behaving like dense granular flows. SPHERA has been validated on a rainfall 

induced fast shallow landslide; a rough estimate has been provided of the impact 

force exerted by the leading edge of the earth-flow on the downstream structures. 

More specifically, the effects of both maximum viscosity and limiting viscosity 

are inspected, to explore the trade-off between computational time and accuracy. 

Then, the final landslide profile after the deposition is compared with available 

survey data for model validation and, finally, the influence of geotechnical input 

parameters on landslides front celerity and impact force is analyzed. Overall, 

good model accuracy is found and obtained results are consistent with the 

theoretical expectations. 

Overall, the findings of the thesis can be useful for improving the spatio-

temporal prediction of rainfall-induced landslides, which can be an aid in 

landslide risk mitigation.  

Keywords 

Rainfall-induced landslides; triggering; propagation; soil moisture; thresholds; 

1D model; 3D model; SPH; reanalysis. 
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Chapter 1 

Introduction 

 

Abstract 

In this chapter, a general overview concerning the main research field, namely 

the modeling and simulation of rainfall-induced landslides, is reported with the 

aim to clarify how each covered issue was investigated and the common thread 

running through all explored aspects of the present thesis.  

The aims of the research are, then, specifically reported together with the outline 

of the dissertation. 
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1.1 Overview 

Landslides represent a critical natural hazard in many mountain and hilly 

regions worldwide, provoking casualties and property damages. Natural 

disasters contribute to slope failures, e.g., see earthquakes, volcanoes, floods, 

anthropogenic factors, and, above all, extreme rainfall which plays a key role in 

the landslide initiation mechanism, since water infiltration is responsible for 

decreasing resisting forces acting on the slope. Therefore, in order to reduce the 

landslide hazard, accurate prediction of landslide occurrences, and monitoring 

and early warning systems constitute vitally important tools that need to be 

developed and improved. 

Since landslides hazards have considerable spatial implications related to the 

initiation of the hazard and the areas affected by landslides (van Westen et al., 

2008), landslide initiation analysis and runout modeling are the essential 

components of hazard assessment (Chae et al., 2017). 

As a result, many efforts have been devoted to the development of techniques 

and methodologies useful for the space-time prediction of rainfall-induced 

landslides. Besides the prediction of this kind of phenomenon in terms of slope 

stability analysis, the appropriate modeling of the interaction between soil and 

water also plays a crucial role for a reliable prediction of post-failure dynamics. 

Indeed, the comprehension of the hydrological processes controlling shallow 

landslides initiation, i.e., the rainfall conditions that trigger landslides, is 

important in landslide risk mitigation both because it constitutes a condition to 

develop early warning models able to give warnings about the potential 

triggering of landslides in an area, and because it enables the mapping of 

landslide hazard at the catchment scale. 

Models for determining the rainfall conditions that trigger landslides can be 

broadly divided into two categories, namely empirical and physically-based 

models. The former are defined as the triggering conditions above which, when 
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reached or exceeded, landslides are expected. Traditionally, landslide triggering 

thresholds are expressed in terms of not more than two or three precipitation 

variables, mostly rainfall event depth, and duration and are derived according to 

historical data of rainfall characteristics and landslide occurrences. The most 

widely-adopted curves are derived as lower bound curves assuming a power-

law form like the following, 𝐼 = 𝛼𝐷𝛽, where D is the rainfall duration, and I is the 

mean rainfall intensity given by the ratio between cumulative rainfall and the 

considered time interval. The latter simulate the hydrological and geotechnical 

processes responsible for the trigger and are composed of a hydrological model 

to determine the soil response to rainfall in terms of pore pressure changes, and a 

slope stability model to estimate the induced change in the ratio of resisting to 

driving forces acting on potential sliding masses. The propensity to adopt the 

empirical approach or the physically-based one is mostly based on the data 

availability for the area of interest, namely the rainfall time series, the observed 

landslide occurrences inventory, and the geomechanical soil parameters. A 

limitation of the empirical methods, for instance, is that records of landslides and 

triggering rainfall events are necessarily required, so, in the regions where these 

datasets are not available, process-based methods could be adopted (Marin, 

2020). However, it has to be recognized that empirical models may be more 

useful (e.g., as early warning system) due to the little information on hillslope 

hydraulic and geotechnical properties that they in principle require, and for their 

easy application, even if they do not provide information on the magnitude and 

the locations of the landslide initiation. Physically-based models, instead, can be 

implemented at the catchment scale and, although they are highly expensive 

from a computational point of view and require several physical parameters as 

input, yet they are potentially able to take into account different additional 

factors predisposing landslide triggering, as well as provide a probabilistic 

assessment of landslide risk mapping. 

Over the last decades, the attempt to implement both empirical and physically-

based models using the antecedent soil wetness conditions to account for more 
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complex hydrological conditions is becoming increasingly promising (Rosi et al., 

2021; Wicki et al., 2020; Ponziani et al., 2012; Abraham et al., 2021; Bezak et al., 

2021; Zhao et al., 2019a). This led to a recent approach that relies not only on 

rainfall but, also, on subsurface hydrological measurements (e.g., soil moisture 

content) defining, with regard to the empirical models, the concept of hydro-

meteorological threshold (Bogaard and Greco, 2018; Mirus et al., 2018b, 2018a; 

Segoni et al., 2018c; Thomas et al., 2018; Wicki et al., 2020), which may be better 

represent the cause-trigger concept. The term hydro-meteorological is 

explanatory of the fact that these types of thresholds combine a meteorological 

variable (rainfall depth) with a hydrological one, reflecting the water storage at 

the catchment or local scale (Gain et al., 2021). 

On the side of the post-failure dynamics, when a potential source of landslide is 

identified, a runout analysis is crucial as part of a hazard assessment (Aaron et 

al., 2019), with the aim to estimate land-slide travel distances, flow depths, and 

velocities. A variety of numerical models have been proposed to simulate the 

motion of flow-like landslides ranging from simple empirical-statistical methods 

that rely on statistical geometric correlations to advanced three-dimensional 

analytical methods that rely on process-based modeling (McDougall, 2017). 

Numerical models, including both continuum and discontinuum models, fall 

into the second category. Within this subcategory, hybrid “semi-empirical” 

numerical models that rely on parameter calibration are more common than pure 

mechanistic models that rely on independent material property estimates. The 

most practical empirical methods are based on simple geometric correlations 

such as the correlation between landslide volume and the angle of reach (i.e., the 

angle of the line connecting the crest of the source with the toe of the deposit) 

(Scheidegger 1973; Li 1983; Nicoletti and Sorriso-Valvo 1991; Corominas 1996; 

Hunter and Fell 2003), or the correlation between landslide volume and the area 

covered by the deposit (Li 1983; Hungr 1990; Iverson et al. 1998; Griswold 2004). 

Thus, statistical results can be used to establish limits of confidence for prediction 
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that can then be used for quantitative risk assessment. On the other hand, 

numerical models seem able to simulate the flow-like landslide behavior and can 

be used for runout prediction and hazard zonation. However, these models 

depend on the appropriate calibration of the input parameters to the model, 

which turns out to be difficult when only geometrical information is available 

and the boundary conditions are complex or not completely known (Crosta et al., 

2003). 

1.2 Aim of the research 

The main aim of the present thesis is to improve the modeling and simulation of 

rainfall-induced landslides investigating both prediction and post-failure 

dynamics. Since a variety of models exist for simulating these phenomena, it is 

important to assess these models and reduce their uncertainties. 

In particular, the research is focused on the following specific objectives: 

i. Integration of soil moisture data in rainfall-induced landslides modeling 

to improve the predictive performance; 

ii. Investigation of the potential rainfall-induced landslide modeling 

improvements using 3D slope stability analysis and optimization 

algorithms at the catchment scale; 

iii. Post-failure dynamics to provide a more reliable representation of the 

landslide dynamics and impact force. 

1.3 Outline of the dissertation 

The present thesis is structured in the form of a paper-based thesis and comprises 

the collection of the inter-related articles produced over the Ph.D. course.  

Overall, the dissertation is divided into seven chapters, including the present 

introduction. 

Chapter 2 presents an overview of the literature review concerning the main 

addressed themes covered in this thesis, namely the principal methods for 

modeling and simulation of rainfall-induced landslides. Specifically, given the 

thesis’ structure, which consists of a succession of articles in the following 
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chapters, an inevitable overlapping between the introductions presented in these 

latter chapters and that presented in the literature review chapter can occur. 

Chapter 3 gives an overview concerning the main hydraulic soil parameters 

together with soil moisture information, with particular attention to the 

reanalysis soil moisture dataset.  

Chapters from 4 to 6 correspond to the research developed concerning each 

specific objective mentioned in the previous section and published in 

international journal or in preparation. In more detail, they are listed below. 

Chapter 4 presents the study concerning the integration of soil moisture data for 

the identification of hydro-meteorological thresholds to improve their predictive 

performance. The article addressing that issue is in preparation at the present 

moment and it is presented as follow: 

Identification of regional landslide triggering thresholds using multivariate 

statistical analysis and reanalysis soil moisture 

Palazzolo, N.; Peres, D.J.; Creaco, E.; Cancelliere, A. 

Chapter 5 presents the study concerning the investigation of the potential rainfall-

induced landslide modeling improvements using 3D slope stability analysis and 

optimization algorithms at the catchment scale. The article addressing that issue 

is published as follow: 

Improving Spatial Landslide Prediction with 3D Slope Stability Analysis and 

Genetic Algorithm Optimization: Application to the Oltrepò Pavese 

Palazzolo, N., Peres, D.J., Bordoni, M., Meisina, C.; Creaco, E.; Cancelliere, A. 

(2021) Water, 2021, 13, 801.  

Chapter 6 presents the study concerning the analysis of the post-failure dynamics 

to provide a more reliable representation of the landslide dynamics and impact 

force. The article addressing that issue is published as follow: 

Post-failure dynamics of rainfall-induced landslide in Oltrepò Pavese 

Manenti, S.; Amicarelli, A.; Palazzolo, N.; Bordoni, M.; Creaco, E.; Meisina, C. 

(2020) Water, 2020, 12. 
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General conclusions and future developments are delineated in Chapter 7.
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Chapter 2 

Literature review 

Abstract 

This chapter aims to present a comprehensive picture of the state of art of 

methods and models for the prediction of shallow landslides, particularly 

shallow landslides induced by rainfall. 

After an initial framework concerning the main features of landslide phenomena 

and their correlation with extreme rainfall events, the present chapter focuses on 

the prediction models recognized by the scientific literature. 

Models for determining the rainfall conditions that trigger landslides can be 

broadly divided into two categories, namely rainfall triggering thresholds and 

numerical physically based models. 

The fundamentals of both approaches will be elucidated in the following 

sections.
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2.1 Landslides triggered by rainfall 

Landslides play a significant contribution in the evolution of the landscape, and 

constitute a high-priority natural hazard in many mountain and hilly regions 

worldwide causing human causalities and property damages.  

Although the use of the general term “landslide” for all types of mass-transport 

deposits has created quite a few conceptual and nomenclatural issues 

(Shanmugam and Wang, 2015), that term is widely adopted to denote a broad 

range of ground movements, including rock-falls, deep failure of slopes, and 

shallow debris flows, occurring, under the influence of gravity, on the surface of 

rupture in which much of the material often moves as a coherent or semicoherent 

mass with little internal deformation (Highland and Bobrowsky, 2008).  

The landslide classification system also is a relevant matter. Indeed, over the last 

few decades, many landslide classification systems have been developed and 

proposed (Li and Mo, 2019), however, the system of landslide classification 

devised by D.J. Varnes (Varnes, 1978; Cruden and Varnes, 1996) has become the 

most widely used system worldwide (Chacón et al., 2006). 

According to Varnes (Varnes, 1978), the type of movement and the type of the 

material involved are the features upon which the landslide categorization is 

based. In brief, material in a landslide mass is either rock or soil (or both); the 

latter is recognized as earth if mainly composed of sand-sized or finer particles 

and debris if composed of coarser fragments (Highland and Bobrowsky, 2008). 

At the same time, in relation to the internal mechanics of how the landslide mass 

is displaced, there are five kinematically distinct categories of landslide, namely 

fall, topple, slide, spread, or flow. It seems clear that every landslide can be 

described through the use of the combination of two terms that easily remind 

respectively material and movement (that is, rockfall, debris flow, and so on). 

Figure 2.1 shows some types of common landslides classified according to the 

Varnes categorization.  
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Figure 2.1 Simple illustration representing some common landslide types (Highland and 

Bobrowsky, 2008) 

Every landslide is caused by disturbances in the natural stability of a slope that 

increase the effect of down-slope forces, thus reducing the strength of its earth 

materials. To be more accurate, it is more appropriate to discuss causal factors 

than real causes. Let us begin, for instance, with the ground conditions (weak 

strength, sensitive fabric, degree of weathering and fracturing), they are 

influential criteria but are not causes (Popescu, 1994). To these factors, 

environmental criteria of stress, natural or anthropogenic processes must be 
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added since they effectively change the static ground conditions sufficiently to 

cause the slope system to fail (Popescu 1984).  

In view of these considerations, although there are multiple types of causes of 

landslides, the three most common triggering mechanism of landslides around 

the world are the seismic and volcanic activities and the water (Von Huene et al., 

2016; Reshad Md. Ekram Ali et al., 2016).  The latter case is the issue that will be 

discussed and deepened in the present dissertation. 

What is meant by landslides induced by water is the triggering due to the slope 

saturation brought on by intense rainfall, snowmelt and, changes in ground-

water levels. Indeed, landslides are influenced by piezometric levels, which in 

turn are a function of various hydrologic variables like rainfall and soil 

properties (Finlay et al., 1997). In reason of that, the comprehension of the link 

between rainfall and initiation of landslide is essential (Hong et al., 2005; 

Guzzetti et al., 2007a, 2008a). 

The majority of rainfall-induced landslides are shallow (less than a few meters 

deep), small and move rapidly. Usually, this type of landslide transforms into 

debris flows, namely granular masses fast-moving composed of water, soil, and 

sediments that enter stream channels along down steep slopes. 

The most customary assumption is that the landslide body becomes saturated 

from below when rainfall infiltration starts (Lumb, 1975) and the soil loses its 

strength, causing shallow seated failure (Zhang et al., 2011). However, slope 

saturation is not always that simple phenomenon (Polemio and Petrucci, 2000). 

A conceptual model representing the initiation mechanism of a rain-induced 

debris flow in showed by Shen et al. (2018) and reported in Figure 2.2 where 

three different initiation mechanism are highlighted (transformation from 

landslide, surface erosion, and dam breaching). 

After a slope failure occurs during a rainstorm, the stirred earth material moves 

into channels transforming into debris flows or landslide dams. At this stage, the 
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surface runoff may break the landslide dam formed earlier and, simultaneously, 

it may cause bed erosion initiating some hillslope debris flows (Shen et al., 2018; 

Chen et al., 2012). The most hazardous scenario takes place when some of the 

isolate debris flows converge into the main channel of the drainage basin 

generating a single devastating flow. 

 

Figure 2.2 Conceptual examples of some typical triggering mechanism of debris flow by Shen et al. 

(2018) 

It is commonly agreed that the hydraulic response to rainfall for a homogeneous 

infinite slope consists of two phases that are the infiltration process and the 

groundwater rising. The first one is nothing else than the propagation of the 

wetting front, while the second one starts after the rainwater infiltrates and 

reaches the deep soil-bedrock interface (Ran et al., 2018a; Li et al., 2013).  

The groundwater rising is certainly a gradual process over time. Due to the 

extremely low saturation of bedrock, the groundwater table may rise slowly 

during the rainfall event or always stay in the bedrock. The fact remains that, 

during that time frame, the interface soil-bedrock, having two different saturated 

hydrologic conductivity, gives out a place for water accumulation in unsaturated 
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conditions and a shallow landslide may occur at exactly that moment (Ran et al., 

2018b). Added to this are the loss of matric suction above the bottom of the 

wetting front and the increasing positive pore water pressure (Collins and 

Znidarcic, 2004; Ng et al., 2001; Rahardjo et al., 2007; Cho and Lee, 2002). 

In the light of the above considerations, it is comprehensible how the rainfall 

characteristics, such as intensity and duration, are equally impactful as well the 

diverse geotechnical and geomechanical soil properties and that is the reason 

why many efforts have been devoted to the development of techniques and 

methodologies useful for determining the rainfall conditions that are more likely 

to trigger shallow landslides. 

2.2 Empirical models 

As set out in the previous section, rainfall is one of the primary trigger of 

landslides, and the prediction of rainfall-induced landslides relies largely on the 

definition of rainfall thresholds, which are the rainfall conditions the exceedance 

of which is likely to trigger landslide (Segoni et al., 2018a; Piciullo et al., 2018; 

Bordoni et al., 2019; Caine, 1980; Guzzetti et al., 2008b, 2007b; Aleotti, 2004a). 

Usually, rainfall thresholds are defined on empirical (historical, statistical) bases 

even if, due to the empirical nature of this approach (Cannon et al., 2008; Dahal 

and Hasegawa, 2008; Giannecchini et al., 2012; Leonarduzzi et al., 2017a; 

Peruccacci et al., 2012a), the quality and reliability of input data can affect the 

reliability of the prediction (Hong et al., 2006; Nikolopoulos et al., 2014a; Peres et 

al., 2018; Marra, 2019).  

In literature, rainfall thresholds are usually grouped in three broad categories 

according to the variables used for their definition: (1) thresholds that combine 

precipitation measurements referred to a certain rainfall event; (2) thresholds 

defined according to the antecedent conditions (Terlien, 1998; Crozier, 1999; 

Glade et al., 2000; Aleotti, 2004a; Abraham et al., 2021); and (3) other thresholds 



 IMPROVING MODELING AND SIMULATION OF RAINFALL-INDUCED LANDSLIDES: FROM 

PREDICTION TO POST-FAILURE DYNAMICS 

 

21 

 

like as the hydrological ones (Reichenbach et al., 1998; Jakob and Weatherly, 

2003; Zhao et al., 2019b). 

Within the wide category of the thresholds established using precipitation 

measurements from individual or multiple rainfall events, a further classification 

includes: (i) intensity-duration thresholds (ID); (ii) thresholds based on the total 

event rainfall (E); (iii) rainfall event- duration thresholds (ED), and rainfall event-

intensity thresholds (EI) (Guzzetti et al., 2007a). 

In practice, rainfall thresholds are expressed by mathematical laws (e.g., power 

law, linear or bilinear function) and are usually obtained by drawing lower-

bound lines to rainfall conditions that resulted in landslides plotted in Cartesian, 

semi-logarithmic, or logarithmic which result in curves that delimit a portion of 

the Cartesian plane containing the hydrological conditions (e.g., rainfall 

intensity-duration) related to known slope failures.  

One of the first groundbreakers in the rainfall threshold field is certainly Neil 

Caine (Caine, 1980) who attempted to establish a general minimum level below 

which landslides do not occur, independently of local morphological, lithological 

properties, and of regional rainfall pattern and history. Caine listed 73 rainfall 

duration and intensity conditions that have resulted in shallow landslides and 

debris flows worldwide and, based on this data, proposed a global rainfall 

intensity-duration (I-D) threshold taking the following form (Eq. 2.1): 

                                      𝐼 = 14.82 × 𝐷−0.39          0.167 < 𝐷 < 500                          (2.1) 

where 𝐷 [ℎ] is rainfall duration, and 𝐼 [𝑚𝑚/ℎ] is rainfall intensity. 

Besides Caine (1980), global thresholds have been proposed also by Innes (1983), 

Clarizia et al., Crosta and Frattini, Cannon and Gartner and by Guzzetti et al. 

(2007b). Figure 2.3 shows some of these rainfall intensity- duration (ID) 

thresholds referred to some cases studies (Guzzetti et al., 2007b) and adapted by 

Bogaard and Greco (2018). 
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Figure 2.3 Rainfall intensity-duration (ID) thresholds. Numbers refer to case studies investigated by 

Guzzetti et al. (2007). Very thick lines are global thresholds and thin lines are local thresholds. Black 

lines are referred to central and eastern Europe, whereas the grey ones are referred to other regions 

or areas (Bogaard and Greco, 2018). 

On the basis of the rainfall conditions that have resulted in landslides at various 

sites or regions worldwide and, according to similar meteorological, climatic and 

geomorphological settings, different ID thresholds were proposed at the local, 

regional, and global scale, over time. Regional and local thresholds may work 

well enough in the area where they were developed and that is why they may be 

used as a tool for landslide early warning systems (Papa et al., 2013; Mirus et al., 

2018b; Segoni et al., 2018a). Nevertheless, it is not always possible to define a 

local or regional threshold due to the lack or inconsistency of data, so they could 

be replaced by global thresholds, which, however, may result in more false 

positives, namely the predictions of landslides that actually do not occur. 

A strategy to overcome the abovementioned limitations and to make different 

thresholds comparable was the definition of the standardized thresholds. Indeed, 

within the broad category of the thresholds that use precipitation measurements 
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for a specific rainfall event, besides the most widespread intensity-duration (ID) 

threshold, a few authors attempted to establish thresholds for the initiation of 

landslides based on the total amount of precipitation during the landslide 

triggering event and defining that amount as a percentage of the mean annual 

precipitation (MAP). In short, if the total precipitation during a rainfall event 

exceeds an established percentage of the mean annual precipitation (MAP), slope 

failures are likely to trigger or to trigger abundantly (Guidicini and Iwasa, 1977). 

Irrespective of the methodology by which empirical thresholds are established, in 

general, they have a limit of taking into account only the characteristics of rainfall 

events that causes landslides. For instance, if the ID and ED thresholds are 

considered, both rainfall variables do not directly reflect neither the hourly 

maximum rainfall (Lee et al., 2021) nor the amount of antecedent rainfall that is 

crucial to the landslide occurrence mechanism due to the increase of pore water 

pressure and the deterioration of slope stability (Crozier, 1999; Glade et al., 2000; 

Iverson, 2000b; Segoni et al., 2018b). 

As a result, the attempt to define rainfall thresholds based on antecedent rainfall 

or other proxies to account for more complex hydrological conditions is 

becoming increasingly interesting (Rosi et al., 2021; Wicki et al., 2020; Ponziani et 

al., 2012).   

In this regard, a recent focus has been given to procedures for landslides 

prediction that take into consideration the soil moisture information as a 

hydrological factor responsible for triggering (Zhao et al., 2019c; Abraham et al., 

2021; Bezak et al., 2021). These studies highlight how the antecedent volumetric 

soil water content must be considered as a predisposing initial condition for 

triggering since different antecedent soil moisture conditions need different 

rainfall events to trigger landslides. Simply, a dry soil moisture antecedent 

condition requires a high-intensity rainfall or prolonged rainfall to increase the 

soil water content and, consequently, to initiate a landslide; while antecedent 



Chapter 2 – Literature review 

 

 

 

24 

 

conditions close to saturation can trigger landslides even if small rainfall occurs 

(Zhao et al., 2019b). Thus, it seems clear that to reduce the incorrect prediction 

(e.g., false alarms and missed alarms), the landslide warning thresholds should 

be adjusted according to the antecedent soil moisture condition. 

2.3 Physically-based models 

Physically-based models combine a mechanical model for landslides triggering 

and a hydrological model for rainwater infiltration. This can provide an insight 

of triggering processes of shallow landslides at the basin scale, also accounting 

for the spatial variability of the involved parameters. Indeed, while the empirical 

approach is extensively used at the regional scales (Aleotti, 2004a; Cannon et al., 

2011; Martelloni et al., 2012; Rosi et al., 2012; Lagomarsino et al., 2013), the 

physically-based one is more applied at slope or catchment scales (Baum et al., 

2002; Baum and Godt, 2010; Simoni et al., 2008; Arnone et al., 2011; Salciarini et 

al., 2017; Park et al., 2013; Montgomery and Dietrich, 1994; Rossi et al., 2013; Pack 

et al., 2001; Lu and Godt, 2008), in view of the extreme heterogeneity and 

variability of hydrological and geotechnical parameters at regional scale and the 

poor knowledge of their spatial distribution (Mercogliano et al., 2013; Tofani et 

al., 2017). The analysis at the catchment scale, actually, requires a detailed 

description of  the domain for individual landslides, thus the computational 

burden can become prohibitive if the domain extends over kilometers and the 

pore water pressure profile needs to be determined with a resolution of 

centimeters (Balzano et al., 2019). Therefore, physically-based models at the 

catchment scale are generally simplified to scale down the problem to 2D or 1D 

conditions, as confirmed by the majority of the slope failure models based on the 

1D infinite slope assumption (Simoni et al., 2008; Godt et al., 2008; Aristizábal et 

al., 2015). Overall, these models require soil properties as input parameters in 

order to calculate the safety factor on an infinite slope that is involved in the 
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infiltration process. Such models include LISA (Hammond et al. 1992), SINMAP 

(Pack et al.  1999), and for transient flow, SHALSTAB (Montgomery and Dietrich, 

1994), CHASM  (Anderson and Lloyd, 1991), TRIGRS (Iverson, 2000a; Baum et 

al., 2002) and, SUSHI (Capparelli and Versace, 2014). The latter, specifically, takes 

into account the temporal and spatial distributions of moisture content in the 

subsurface, in order to evaluate the different contributions such as the downslope 

and vertical components of flow in the hillslope caused by unsteady rainfall 

(Capparelli and Versace, 2014). The factor of safety FS is function of the soil-

water pressure and, consequently, the hydrological model allowing the 

computation of pore pressure from rainfall input, is an essential part of such 

physically-based models. Indeed, an increase in pressures provides a decrease in 

the slope stability that is usually expressed as one formula for the safety factor 

FS, namely the ratio between the shear strength and the shear stress. In 

accordance with most of the studies , FS = 1 is assumed as limiting equilibrium 

stadium for landslides triggering (Peres et al., 2018; Baum and Godt, 2010; Rosso 

et al., 2006; Iverson, 2000b; Peres and Cancelliere, 2018b), therefore the failure is 

predicted when FS <1, and stability holds when FS ≥ 1. The great majority of 

landslide models use infinite slope stability analysis (Lepore et al., 2013; Yao et 

al., 2019a; Salvatici et al., 2018; Zieher et al., 2017a; Raia et al., 2014a; Strauch et 

al., 2019), according to which landslides are assumed to be infinitely long and 

with small depth of the potential failure surfaces zW compared with their length 

and width, and therefore, these models are most appropriate for the analysis of 

shallow landslides with planar failure surfaces. Moreover, the infinite slope 

assumption provides the failure is always located at the bottom of the soil, that 

represents the connection layer with the underling bedrock (Fig. 2.4). 
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Figure 2.4 Infinite slope model to analyze rain infiltration induced shallow failure (Muntohar and 

Liao, 2009) 

However, if so, the failure of each cell is assumed to be independent of the other 

ones in the catchment, which are thus quite unrealistic. 

Hence, there is an increasing scientific interest towards the development of 

models that implement three-dimensional slope stability analysis (Milledge et al., 

2014; Lu et al., 2014; Bar et al., 2020; Jeremić, 2000).  

Almost all the 3D limit equilibrium methods (LEMs) were extended from 2D slice 

methods. The first 3D slope-stability method to calculate the Factor of Safety 

(FOS) was given by Anagnosti  (1969). A similar procedure of determining the 3D 

FOS was done by  Cheng and Yip (2007).  Huang et al., (2002); Hungr (1987); 

Hungr et al. (1989); Sun et al. (2012); Ugai (1988), also extended the 2D LEMs to 

develop the 3D methods for determining the FOS. The various 2D LEMs include 

Fellenius method (1936), simplified Janbu method (Janbu, 1954), Bishop’s method 

(1955), generalized Janbu method (Janbu, 1957), and Morgenstern and Price’s 

method (1965). The assumptions of each of these 3D methods followed the 

corresponding assumptions of its 2D origin, but the slip surface was assumed 

different for different slopes. Some researchers assumed it to be a rotational 
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surface of circular cross-section and some others assumed cylindrical cross-

section. The FOS obtained by the 3D methods was found to be higher than the 2D 

methods (Chakraborty and Goswami, 2016). 

SCOOPS 3D (software to analyze 3D slope stability throughout a digital 

landscape) (Reid et al., 2015) belongs to the 3D models category and uses a three-

dimensional (3D) approach to assess the stability of many potential landslides 

within a user-defined size range and considering landslide triggering as a 

cascade of failures of interconnected soil columns (Fig. 2.5). 

 

Figure 2.5 Diagram showing a 3D perspective view of a cone-shaped digital elevation model (DEM) 

and one potential failure (trial) surface. The potential failure mass (removed from this diagram) is 

composed of an ensemble of columns defined by the DEM grid with the center of the spherical trial 

surface and the axis of rotation located above the DEM (Reid et al., 2015). 

All these methods, broadly, are based on the assumption according to which the 

failure mass is divided into a number of columns with vertical interfaces and use 

the conditions for static equilibrium to find the factor of safety. Assumption must 

be introduced to render the problem statically determined and to facilitate the 

numerical procedures (Chen et al., 2003). 

The selection of the slope stability method, thus, remain a critical issue since the 
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accuracy of the analysis results mainly depends on the mechanism of the failure. 

However, even if most of the analysis are performed using 2D slope stability 

analysis due to its simplicity and lower operational cost, 3D analysis is more 

reliable to represent the actual geometry condition (Masagus Ahmad Azizi et al, 

2020). 

2.4 Runout analysis 

Landslide runout analysis is used to simulate the movement of past landslides 

and to predict the motion of potential future landslides. For that reason landslide 

runout analysis represents a crucial aspect both in landslide risk assessment 

(Willenberg et al., 2009; Froese et al., 2012; Jakob et al., 2013), and in the design of 

mitigation structures, especially when it comes to extremely rapid, flow-like 

landslides occur (Mancarella and Hungr, 2010; Ashwood, 2014). 

Run-up heights and impact loads on such structures can be modelled directly or 

estimated indirectly based on estimated flow depths and velocities at specific 

points of interest (Hübl et al., 2009; Kwan, 2012). 

A variety of numerical models have been proposed to simulate the motion of 

flow-like landslides ranging from simple empirical-statistical methods that rely 

on statistical geometric correlations to advanced three-dimensional analytical 

methods that rely on process-based modeling (McDougall, 2017). 

Numerical models, including both continuum and discontinuum models, fall 

into the second category. Within this subcategory, hybrid “semi-empirical” 

numerical models that rely on some form of parameter calibration are more 

common than pure mechanistic models that rely on independent material 

property estimates. The most practical empirical methods are based on simple 

geometric correlations such as the correlation between landslide volume and the 

angle of reach (i.e. the angle of the line connecting the crest of the source with the 

toe of the deposit) (Scheidegger, 1973; Li Tianchi, 1983; Nicoletti and Sorriso-
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Valvo, 1991; Corominas, 1996; Hunter and Fell, 2003), or the correlation between 

landslide volume and the area covered by the deposit (Li 1983; Hungr 1990; 

Iverson et al. 1998; Griswold 2004). Thus, statistical results can be used to 

establish limits of confidence for prediction which can then be used for 

quantitative risk assessment. On the other hand, numerical models seem able to 

simulate the flow-like landslide behavior and can be used to the runout 

prediction and hazard zonation. However, these models depend on the 

appropriate calibration of the input parameters to the model, which turns out to 

be difficult when only geometrical information is available and the boundary 

conditions are complex or not completely known (Crosta et al., 2003). Overall, 

limited guidance is provided in order to carry out runout analysis, since there are 

no universal constitutive laws governing landslides that are straightforward to 

incorporate into numerical models, resulting in more incentives to adopt an 

empirical approach (Pastor et al., 2012). Besides the issue concerning the optimal 

approach to adopt for a reliable runout analysis, another debated aspect is 

related to the mechanisms of long runout behavior, which includes pore pressure 

response (Iverson, 2012; Hungr and Evans, 2004; Legros, 2006; Iverson et al., 

2011), but could also involve more peculiar aspects, including lubrication by 

snow or ice (Delaney and Evans, 2014); fluidization by trapped air, vapor or dust 

(Manzanal et al., 2016); frictional weakening by flash heating (Lucas et al., 2014), 

and forces generated by dynamic rock fragmentation (Bowman et al., 2012; 

Davies et al., 2012). All such theories are very challenging to test since the 

physical properties involved in the process are very hard to measure at the field 

scale and, consequently, they are arduous to replicate within the analysis. If 

numerical approach is considered, more recent advances are attempting to use 

meshless methods, such as the Smoothed Particle Hydrodynamics (SPH) method, 

as a more natural way of modeling the propagation stage of landslides in a 

consistent manner (Manenti et al., 2016; Pastor et al., 2014) . This is because SPH 
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method is a mesh-free, Lagrangian particle method, which gives better 

performance than conventional numerical methods in treating free surfaces, 

moving interfaces, and large deformations (Hu et al., 2015). In that context, the 

code SPHERA v.9.0.0 (RSE SpA), a free research software (FOSS) based on the 

SPH (“Smoothed Particle Hydrodynamics”) method which represents a mesh-

less Computational Fluid Dynamics technique for free surface and multi-phase 

flows, seems to be promising (Amicarelli et al. 2020b). Indeed, SPHERA include a 

scheme for dense granular flows (Amicarelli et al. 2017) that can be applied to 

simulate fast landslides undergoing large deformation and behaving like dense 

granular flows.
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Chapter 3 

Soil moisture information for improving 

landslide prediction 

Abstract 

This chapter aims to give an overview concerning soil moisture information since 

it represents one of the predisposing factors in the initiation of landslide 

mechanisms, and it can be a useful source for improving landslide prediction. 

After a general background regarding the main soil hydraulic properties 

influencing landslides, particular attention is given to the soil moisture measure, 

and especially to the reanalysis soil moisture dataset. Indeed, just such data are 

used in the last part of the study conducted in the present thesis. In more detail, 

the ERA5-Land reanalysis dataset is described together with the motivations that 

led to its use. 
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3.1. Main hydraulic soil factors influencing landslides 

Soil hydraulic and geotechnical properties exert a major control on landslide 

initiation. As soils make up the upper part of the unsaturated zone, they are 

subjected to fluctuations in water and, precisely the unsaturated zone can be 

considered as the most dynamic region of the subsurface, as changes occur at 

increasingly smaller time and spatial scales when moving from the groundwater 

toward the soil surface (Hopmans, 2011). The relative rates of the processes 

spatially and temporally involving this region, determine the transient level of 

groundwater in different portions of the hillslope and thus the potential for slope 

failure during rainstorms, snowmelt, or prolonged periods of water accretion. 

The most important physical properties of soils that affect slope stability are 

those that govern the rate of water movement into and through the hillslope, as 

well as the water holding capacity.  Thus, knowledge of these soil hydraulic 

properties is of key importance for simulation and modeling of subsurface water 

movement. Some of the main soil hydraulic properties are summarized and 

briefly explained in Table 3-I. 

Table 3- I Main soil hydraulic properties (Indoria et al., 2020) 

Soil Hydraulic 

Property 
Description 

Infiltration (I) 
The infiltration rate is defined as the time rate at which water percolates 

into the soil or quantitatively as the volume of water entering the soil per 

unit area in time 

Saturated hydraulic 

conductivity (Ksat) 

Saturated hydraulic conductivity is a quantitative measure of a saturated 

soil’s ability to transmit water when subjected to a hydraulic gradient. It 

can be thought of as the ease with which pores of a saturated soil permit 

water movement 

Soil water retention 
Soil water retention is the ability of a soil to retain water within soil pores 

when exposed to various pressure and/or suction that occur within the 

soil profile 
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Defining 𝜃 the volumetric water content as the degree of saturation S ranging 

between zero (dry soil) and the saturated water content (𝜃s) (which is equal to the 

porosity if the soil were completely saturated), the soil water retention function 

determines the relation between the volume of water retained by the soil, 

expressed by 𝜃, and the matric suction forces of soil, namely the difference 

between pore air pressures and pore-water pressure (Dane and Hopmans, 2002). 

These suction forces, also known as the soil water characteristic function, 

describe the increase of 𝜃 and the size of water filled pores with an increase in 

matric forces. Therefore, since matric forces are regulated by pore-size 

distribution, specific surface are, and interactions at the solid liquid interfaces, 

the soil water retention curve is very soil specific and highly non-linear. It has 

been found and described by Haines (1930) that the volumetric moisture content 

in soil in relation with a particular suction or tension force is different depending 

upon the soil is wetting or the soil is drying and termed as hysteresis. This implies 

that some soil may have different water contents at the same suction value in the 

wetting and drying process. The reliability in the determination of the soil water 

retention curve is of great interest in the field of unsaturated soils, since it related 

to significant change in the unsaturated coefficient of permeability, shear 

strength of soils and particle size distribution curve (Nasta et al., 2009). Overall, 

several laboratory and field techniques to measure the soil retention curve are 

available, such as the Van Genuchten (1980) and Brooks and Corey (1964) 

models, described by Kosugi et al., (2002). Figure 3.1 shows an example of 

measured and fitted soil retention data for two different soils (Tuli and 

Hopmans, 2004). 

https://www.sciencedirect.com/topics/engineering/pore-water-pressure
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Figure 3.1 Soil-water retention data and optimized curves for the Oso Flaco fine sand and 

Columbia sandy loam soil (Tuli and Hopmans, 2004). 

The second fundamental soil hydraulic property characterizing the unsaturated 

soil water flow, at the micro-scale, is the hydraulic conductivity K, which can be 

thought of, in physical terms, as the ease with which fluids may flow through 

porous media. It is defined by the Darcy–Buckingham equation, which relates the 

soil water flux density to the total driving force for flow, with K being the 

proportionality factor. The value of K varies non-linearly with volumetric 

moisture content for a wide range of soil textures, from near zero for dry 

conditions to a maximum at saturation (Ksat). Models aimed at estimation for 

unsaturated hydraulic conductivity are based on pore-size distribution, pore 

geometry, and connectivity, and require integration of soil water retention 

functions, by means which analytical expressions for the unsaturated hydraulic 

conductivity can be obtained. The experimental determination of unsaturated 

hydraulic conductivity is elaborate and time consuming (Ramli et al., 2021). A 

variety of methods are described in Dane and Topp (2020), and, among these, the 
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Gardner (1950) numerical model can be considered  one of the most established. 

Gardner’s method was the first analytical method of calculating the hydraulic 

conductivity of unsaturated porous media based on the measurement of 

transient outflow under suction step in the pressure plate apparatus (Stanic et al., 

2020). In light of this brief excursus, it is clear how the hydraulic soil conductivity 

has a strong influence also on the infiltration rate, i.e., the actual flux of water 

into the soil. Indeed, the infiltration rate tends to asymptotically approach the 

saturated hydraulic conductivity (the maximum water transmission rate of the 

soil) after long periods of infiltration, though entrapped air in the soil never 

results in perfectly saturated flow in the vadose zone. As for the previous 

hydraulic soil properties, even for the infiltration process several quantitative 

descriptions exist. However, the relation proposed by Horton (1931) remains one 

of the original empirical descriptions widely used, due to its simplicity and ease 

application: 

𝑓 = 𝑓𝑐 + (𝑓0 − 𝑓𝑐)𝑒−𝑘𝑡 (3.1) 

where 𝑓 is the infiltration capacity at time t, 𝑓𝑐 is the infiltration capacity at 𝑡 → ∞, 

𝑓0 is the infiltration capacity at 𝑡 → 0, 𝑘 is an empirical constant that attempts to 

capture the combined influences of all the physical and site properties including 

changes in micro-pores as the soil becomes wetter, and 𝑡 is the time from the 

beginning of rainstorm. Therefore, the infiltration capacity exponentially 

decreases due to wetting conditions occasioned by the storm onset and, given 

that it is of key importance for the hillslope hydrology, it is challenging to 

directly relate infiltration characteristics to slope stability (Sidle and Ochiai, 

2006). Indeed, while at the micro-scale reducing recharge into sub-soil should 

stabilize hillslopes by reducing the increasing pore pressure during a storm, it 

occurs that much unstable terrains are characterized by tension cracks, especially 

close to potential triggering zones (Julian and Anthony, 1996), thus providing 
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preferential  pathways  for  any overland flow  that that does not infiltrate  into 

the  soil (Sidle and Ochiai, 2006). 

3.2. In situ soil moisture measurements 

Generally, soil moisture is defined as the water that is held in the spaces between 

soil particles. When it is referred to the upper 10 cm of soil, we talk about surface 

soil moisture, whereas the root zone soil moisture is considered to be in the 

upper 200 cm of soil. Compared to other components of the hydrologic cycle, the 

volume of soil moisture is small; nonetheless, it is of fundamental importance to 

many hydrological, and not only, processes since it is valuable to wide range of 

government agencies and private companies concerned with weather and 

climate, flood control, soil erosion and slope failure (Ahmad and Bastiaanssen, 

2003; Vischel et al., 2008; Mattia et al., 2009; Kong et al., 2011). The high spatial 

and temporal variability of soil moisture caused by the heterogeneity of soil 

texture, topography, vegetation, and climate in the natural environment makes 

soil moisture difficult to measure (Kong et al., 2011). Indeed, even though it is 

widely recognized the importance of soil moisture data availability, widespread 

and constant quantifications of soil moisture is negligible and there is still a 

deficiency of conclusive methods of soil moisture measurements worldwide  

(Zwartendijk et al., 2017). The standard method of soil water content 

measurement requires that a physical soil sample is weighted before and after 

being heated inside an oven. The mass of lost water during the drying process 

represents a direct measure of the soil water content θv [m3/m3]. However, even 

though direct measurement of soil water content is time consuming, 

inconvenient, costly and often destructive of a field study area, this method is 

able to provide accurate and reliable measures and represents the standard 

method according which all others are compared and calibrated (Busscher, 2009). 

Several alternatives were investigated over time with the aim to measure the soil 

water content and to avoid the drawbacks due to the direct sampling, also to 
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make it possible to obtain continuous series of soil moisture measurements over 

time. For this reason, indirect measurement methods have been devised, such as 

sensors that respond to surrogate soil properties (e.g., electromagnetic 

properties) that can be read automatically and are less destructive of field. In this 

regard, the TDR (Time Domain Reflectometer) sensors measure the soil water 

content based on the travel time of high frequency electromagnetic pulse through 

the soil that is used to estimate the permittivity (dielectric constant) of the 

material. The TDR probes are inserted directly into the soil for in situ 

measurements at the desired soil depth and they can be attached to a data logger 

for ongoing measurements. As shown by Topp et al. (1980), an easy relationship 

for conversion of dielectric water constant to volumetric water content can be 

applied and it is independent of soil texture, porosity, and salt content. A 

summarizing table reporting the surrogate measures used by different θv sensors 

is reported in the follow. 

Table 3-II Surrogate measures used by different θv sensors (Busscher, 2009) 

Method 
Surrogate 

Measurement 
Explanation 

Neutron 

moisture meter 

Count of slow 

neutrons around a 

source of fast 

neutrons 

A radioactive source emits fast neutrons (5 MeV), 

which lose energy as they collide with other atoms, in 

particular hydrogen. The surrogate is the 

concentration of slow neutrons. Since the only rapidly 

changing source of hydrogen in the soil is water, θv 

can be calibrated vs. the count of slow neutrons. 

Thermal 

sensors 

Heat conductivity 

or heat capacity of 

the soil 

A pulse of heat is generated and the subsequent rise or 

fall in temperature of adjacent soil is measured over 

time. Soil is a poor conductor of heat, and water a 

good one, so the amount of heat or rate of heat 

transmission is closely related to θv. 
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Table 3-II (continue) Surrogate measures used by different θv sensors (Busscher, 2009) 

Method 
Surrogate 

Measurement 
Explanation 

Time domain 

reflectometer 

(TDR) 

Travel time of an 

electromagnetic 

pulse 

A fast rise time electromagnetic pulse is injected into 

a waveguide inserted into or buried in the soil. The 

time required for the pulse to travel along the metal 

rods of the waveguide is determined by the bulk 

electrical permittivity of the soil. The θv is a major 

factor influencing the bulk permittivity (BEC). True 

TDR involves capture of a waveform and analysis to 

find the travel time of the highest frequency part of 

the pulse. 

Campbell FDR 

Repetition time 

for a fast rise time 

electromagnetic 

pulse 

See TDR sensors; same, except reliance on reflected 

pulse reaching a set voltage rather than waveform 

analysis causes the method to be more influenced by 

BEC and temperature. 

Capacitive 

sensors 

Frequency of an 

oscillating circuit 

which is a capacitor that is arranged so that the soil 

becomes part of the dielectric medium affected by the 

electromagnetic field between the capacitor’s 

electrodes. The θv influences the electrical 

permittivity of the soil, which in turn affects the 

capacitance, causing the frequency of oscillation to 

shift. 

Conductivity 

sensors 

(e.g., granular 

matrix sensors 

and gypsum 

blocks) 

Electrical 

conductivity of a 

porous medium in 

contact with the 

soil 

An alternating current voltage is placed on two 

electrodes in a porous material in contact with the 

soil, and the amount of current is a measure of the 

conductivity and amount of water in the porous 

material between the electrodes. These are used for 

estimation of soil water tension (suction), not θv. 

Tensiometers 

Matric and 

gravitational soil 

water potential 

components 

Capillary forces retaining water in the soil pores are 

connected through the soil water to water in a porous 

cup connected to a tube filled with water. This 

generates a negative pressure within the tube, which 

can be measured with a vacuum gauge.  
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In light of that brief background and recognizing that a need exists for 

continuous measurements of surface soil moisture with global coverage, 

innovative measurement approaches are increasingly starting to catch on, 

namely the remote sensing of soil moisture and the reanalysis models. These 

aspects will be deepened in the following sections. 

3.3. Remote sensing soil moisture data 

Research in soil moisture remote sensing began in the mid 1970's shortly after the 

surge in satellite development. Indeed, soil moisture data can be collected by 

satellites measuring microwaves reflected or emitted by Earth’s surface and the 

intensity of measured signal depends on the amount of water in soil. As already 

stated, satellite-derived soil moisture data benefit from the near real-time 

observational capability at the global scale, but, on the other hand, suffers from 

the uncertainty associated and the coarse spatial resolution. Indeed, while the 

ground-based measurements are a source of information, the soil moisture 

observations at a large spatial scale are limited due to the heterogeneous nature 

of soil moisture in space and time, as a consequence of different climate, weather, 

topography, vegetation, and soil type (Crow et al., 2012). Nevertheless, recent 

research demonstrates that remotely sensed data can be a useful tool to improve 

landslides prediction models (Stähli et al., 2015; Brocca et al., 2016; Segoni et al., 

2018b; Thomas et al., 2019). Provided that satellite soil moisture data have surely 

a lower accuracy than in situ observations (Al-Yaari et al., 2014), remote sensing 

soil moisture data achieved a promising level of reliability, as demonstrated in 

many validation studies comparing satellite data with ground observations and 

hydrological modeling (Wagner et al., 2013; Peng et al., 2015; Ford and Quiring, 

2019). Currently, several microwave- based soil moisture products are available 

on the global scale. In particular, the Soil Moisture and Ocean Salinity (SMOS) 

mission (Kerr et al., 2010), and the Soil Moisture Active Passive (SMAP) mission 
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(Entekhabi et al., 2015), placed in orbit their satellites with the specific aim of 

measuring soil moisture, whereas other satellites include on board sensors 

providing soil moisture measurements. That is the case of the Advanced 

Scatterometer (ASCAT) on satellites MetOp-A and MetOp-B (Wagner et al., 

2013), and the Advanced Microwave Scanning Radiometers, on satellites Aqua 

and Global Change Observation Mission-Water1 (Kawanishi et al., 2003). Besides 

the mentioned soil moisture products retrieved from a single satellite, there is the 

ESA CCI (ESA Climate Change Initiative) which provides a merged long-term 

(40 years) soil moisture dataset as a result of a merging multiple microwave-

based soil moisture products (Dorigo et al., 2017; Gruber et al., 2017, 2019) and 

with the aim to extend the typically short temporal coverage of single-sensor soil 

moisture products. The ESA CCI Soil Moisture products are distributed every 10 

days by the Copernicus Climate Change Service. These recent soil moisture 

global dataset provide the data at a coarse spatial resolution ranging between 25-

50 km (Brocca et al., 2017) but, there are some current and future satellite 

missions that are able to generate high-resolution (0-1 km) soil moisture products 

(i.e. ESA Sentinel-1 European Radar Observatory, the Satélite Argentino de 

Observación COn Microondas (SAOCOM) mission, the NASA-ISRO Synthetic 

Aperture Radar (NISAR), the Radar Observing System for Europe L (ROSE-L), 

and the Tandem-L satellites) (Peng et al., 2021), and innovative approaches 

aiming at the downscaling of coarse-resolution soil moisture products, using 

proxy observations are under study (Peng et al., 2017; Sabaghy et al., 2018). 

Nevertheless, a major constraint remains, that is that the soil moisture data 

provided by satellite is representative only of the upper few centimeters of soil 

(Collow et al., 2012; Kerr, 2007), hence the question arises whether these data can 

actually be used or not, to improve landslide hazard analysis. Indeed, shallow 

landslides are typically 1-2 meters depth (Fiorillo et al., 2001), which is much 

thicker than the soil depth currently directly measured by remote sensing 
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techniques (Marino et al., 2020). Overall, there is a growing interest in these 

microwave-based soil moisture products and the challenge is now to derive more 

reliable accuracy estimates. 

3.4. Reanalysis soil moisture data 

How it has been highlighted in previous section, the use of passive and active 

microwave imagers to observe soil moisture over large scales is surely helpful in 

understanding the spatial and temporal variability of soil moisture anomalies, 

but its consistency over space and time is limited to several factors, i.e. the 

satellite lifetime ( approximately 5 years), the low temporal resolution at which 

data are available (about 2-5 days depending the latitude and satellite orbit), and 

the vertical resolution since the observation are typically related to the top soil 

layers (1-5 cm) (Hagan et al., 2020). This encouraged an increasing interest in 

Land Surface Models (LSMs) accounting for several climate variables (i.e., soil 

moisture, surface fluxes, and run-off) at a global scale and, more importantly, at a 

continuous time scale. Essentially, these models are based on mathematical 

models obtained from an understanding of climate and its regularities (Koster et 

al., 2009), but the assimilation from both ground and remotely sensed 

information  is recently embedded into LMSs (Han et al., 2015). Existing global 

climate organizations constantly update their models and systems with the aim 

to improve understanding and reduce uncertainties of these models, enhancing 

the quality of the Land Surface Variables (LSVs) involved into land-atmosphere 

processes. In this context, Land data assimilation systems (LDASs) deserve 

particular attention as they combine LSMs with satellite observations in order to 

produce reanalysis of LSVs (Tall et al., 2019).  Reanalysis combines past short-

range weather forecasts with observations through data assimilation. Earth 

system data assimilation combines the latest observations with a short-range 

forecast constrained by previous observations to obtain the best possible estimate 

of the current state of the Earth system. That estimate, called the analysis, is used 
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as the initial conditions on which weather forecast are based. The quality of 

forecast crucially depends on the accuracy of the analysis. If analyses are 

produced for extend periods reaching back decades, but using one and the same 

assimilation system, they become a reanalysis of past weather and climate (Fig. 

3.2). 

 

Figure 3.2 Sketch showing how Data Assimilation works to generate reanalysis data (ECMWF 

model). 

To date, reanalysis data provide the most complete picture currently possible of 

past weather and climate and they are generally freely available on dedicated 

platforms of the web, released in regular grid formats, with a delay of few 

months from present (Pelosi et al., 2020). Many advancements have been reached 

in land surface modeling fields and their applications thanks to the generation of 

long-term (1979-onwards) global atmospheric reanalysis (Balsamo et al., 2015, 

2018). In line with these improvements, NASA’s (National Aeronautics and 

Space Administration) Modern Era Retrospective analysis for Research 
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Application (Rienecker et al., 2011; Gelaro et al., 2017), and ECMWF’s (European 

Centre for Medium-Range Weather Forecasts) Interim reanalysis (Dee et al., 

2011) are the most investigated (Tall et al., 2019), as well as the NCEP/NCAR 

(National Center for Environmental Prediction/National Center for Atmospheric 

Research) Reanalysis (Kalnay et al., 1996) Project supported by the National 

Oceanic and Atmospheric Administration’s (NOAA) Office of Global Programs, 

and the latest reanalysis product from the fifth-generation reanalysis product by 

the ECMWF (ERA5) (Hersbach et al., 2020). All these reanalysis projects provide 

soil moisture estimates at different horizontal resolution and at different soil 

depths as well as at different temporal resolutions and with distinct update 

frequency. In consideration of the aims pursued in the present dissertation, it was 

considered more suitable to use the ERA5 fifth-generation reanalysis product by 

the ECMWF, and in more detail, the ERA5-Land soil moisture dataset. Indeed, in 

2019 ERA5 reanalysis data were released, under the auspices of the Copernicus 

Climate Change Service. ERA5 is the fifth generation of ECMWF global 

reanalysis, succeeding ERA-Interim and covering the entire globe from 1979 at a 

spatial resolution of about 31 km. In the same year, Copernicus Climate Change 

Service has also released ERA5-Land, produced by replaying the land component 

of the ERA5 climate reanalysis, but with a horizontal resolution of 9 km (Pelosi et 

al., 2020). An overview of the main characteristics of the ERA products is 

reported in Table 3-III. 
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Table 3-III Overview of the main characteristics of ERA-Interim, ERA5, and ERA5-Land (Muñoz-

Sabater et al., 2021) 

 

ERA5-Land uses as input to control the simulated land fields ERA5 atmospheric 

variables, such as air temperature and air humidity. This is called the 

atmospheric forcing. Without the constraint of the atmospheric forcing, the 

model-based estimates can rapidly deviate from reality. Therefore, while 

observations are not directly used in the production of ERA5-Land, they have an 

indirect influence through the atmospheric forcing used to run the simulation. In 

addition, the input air temperature, air humidity and pressure used to run ERA5-

Land are corrected to account for the altitude difference between the grid of the 

forcing and the higher resolution grid of ERA5-Land (Muñoz-Sabater et al., 2021). 

The land surface component of ERA5 and, consequently of ERA5-Land,  is the 

Hydrology Tiled ECMWF Scheme for Surface Exchanges over Land (H-TESSEL, 

(Balsamo et al., 2009, 2011). The HTESSEL soil model schematizes the vertical 

movement of liquid water in the soil unsaturated zone relying on the Richards 

(1931) equation, where a volumetric sink term to simulate root extraction 

dynamics has been introduced. The required soil hydraulic parameters are stated 

through the Soil-Water Characteristic Curve (SWCC) using the Van Genuchten 

(1980) equation. Based on a tiled approach representing different sub-grid 

surface types for vegetation, bare soil, snow and open water, H-TESSEL has four 

soil layers with depths of 7 cm, 28 cm, 100 cm and 289 cm (Zeng et al., 2021), and 
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provides the output at an hourly scale. Furthermore, hydraulic soil 

characterization, in HTESSEL exploits a soil dataset including soil water 

characteristic curve (SWCC) and hydraulic conductivity function (HCF) 

parameters for six soil textures (i.e., coarse, medium, medium-fine, fine, and very 

fine) (Reder and Rianna, 2021), where the dominant soil texture classes is 

retrieved from the FAO Digital soil map of the world dataset as soil texture for 

each grid point (FAO, 2003). Indeed, the surface runoff generation changes 

according to a variable infiltration capacity based on soil type and local 

topography (Figure 3.3). 

 

Figure 3.3 Spatial structure added in HTESSEL (for a given precipitation P1=P2 the scheme 

distributes the water as surface runoff and drainage with functional dependencies on orography 

and soil texture respectively) (Balsamo et al., 2009) (https://confluence.ecmwf.int/display/OIFS/) 

In addition to in situ observations, ERA5 is the first ECMWF reanalysis to include 

remotely sensed observations of soil moisture. It significantly improved the 

simulations of soil moisture and surface fluxes by using satellite data such as 

AMI on ERS-1, −2 and MetOp-A/-B ASCAT (Zeng et al., 2021). 

Lastly, should be considered that the ERA5 database has been validated with in 

situ soil moisture networks worldwide (Beck et al., 2021), and that its temporal 

and spatial resolution, together with the period covered time as well as the fixed 

grid used for data distribution at any enables an easy access and a more accurate 

use of information on land states. 

https://confluence.ecmwf.int/display/OIFS/3.3+OpenIFS%3A+Surface+Model+HTESSEL
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/ascat
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Chapter 4 

Identification of regional landslide 

triggering thresholds using multivariate 

statistical analysis and reanalysis soil 

moisture data 

Palazzolo, N., Peres, D.J., Creaco, E., Cancelliere, A. 

Abstract  

In recent times several efforts have been addressed to what extent may soil 

moisture estimations improve the performance of landslide early warning 

systems (LEWSs). Only few studies quantify the possible improvement of the 

performance of LEWSs through the identification of hydro-meteorological 

thresholds, being these systems mainly based on the traditional precipitation 

thresholds. In this study, we propose a methodology for developing regional 

hydro-meteorological landslide triggering thresholds coupling mean rainfall 

intensity and soil moisture information. This last information is derived from the 

ERA5-Land reanalysis, which provides soil moisture at four depth levels and at 

the hourly resolution. In order to reduce the dimensionality of the soil moisture 

information, so to derive 2D thresholds, a Principal Component Analysis (PCA) 

is performed, which allows minimization of information loss and maximization 

of the total variance explained by each principal component. Concerning the 

rainfall data, instead, we tested both observed and ERA5-Land reanalysis hourly 

data. We then derive thresholds by a multi-step procedure as follows. First, a 

non-parametric threshold is derived from an optimization procedure based on 

Artificial Neural Networks (ANN) and maximization of the ROC True Skill 

Statistic (TSS) index. Then, a parametric equation is used to simplify the non-
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parametric threshold derived at the first step. The proposed hydro 

meteorological thresholds were tested in the Sicily region, prone to landslide risk. 

Overall, the results show that the triggering thresholds defined as parametric 

equations of observed rainfall intensity and of the first principal component of 

soil moisture have better performance compared to the traditional rainfall 

duration-intensity approach, which has been assumed as a reference case, as the 

ROC True Skill Statistic increases from 0.50 to 0.67. On the other side, when using 

reanalysis precipitation, improvements seem not significant. The obtained results 

represent a step forward to the improvement of landslide threshold 

identification. 

Keywords: ERA5 Land; Hydro-meteorological thresholds; Early warning 

systems; Sicily; Principal component analysis 
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4.1. Introduction 

The incidence of landslides, usually triggered by heavy rainfalls, is constantly 

increasing due to landscape modifications, i.e. urbanization, deforestation, land-

changes and the abandonment of rural areas (Roccati et al., 2019). Their impact 

can be really extensive if damages to man-made structures, damages to land, loss 

of natural resources and loss of life are considered. Furthermore, in the last 

decades, an increasing number of studies focused on the potential effects of 

climate change on landslides phenomena (Peres and Cancelliere, 2018b), pointing 

out that there are a lot of aspects still unclear, such as the abundance, activity, 

frequency and return period of landslides in response to the projected climate 

change (Gariano and Guzzetti, 2016; Peres and Cancelliere, 2018b). This implies 

to a key role of landslide monitoring and warning systems as the principal 

components of most landslide mitigation measures (Eberhardt et al., 2012). 

Indeed, after recent catastrophic landslides worldwide, landslide monitoring and 

especially early warning, have gained enormous interest (Chae et al., 2017; 

Highland and Bobrowsky, 2008).  

Landslides early warning systems (LEWSs) use data generated from previous 

landslides and rainfall to predict possible slope movements, serving as mitigation 

tool tackling the severe consequences and damages to properties and population 

(Roccati et al., 2020). In general, even if landslide early warning systems vary 

widely in approaches, and scale, empirical rainfall thresholds in combination 

with rainfall measurements and forecasts remain the most frequently applied 

approach for the majority of regional LEWSs (Thiebes and Glade, 2016). In the 

literature, several methods have been proposed aimed to the identification 

rainfall thresholds to landslides initiation (Guzzetti et al., 2007a, 2008a; Segoni et 

al., 2018b; Aleotti, 2004b), especially when investigation is focused on the 

development of early warning systems. Empirical rainfall thresholds are usually 

obtained by drawing lower-bound lines to the rainfall conditions that resulted in 
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landslides, plotted in Cartesian, semi-logarithmic, or logarithmic coordinates. 

When information on rainfall conditions that did not trigger failures is also 

available, thresholds are determined as the best classifiers of rainfall conditions 

that resulted and did not result in landslides (Berti et al., 2012; Staley et al., 2013; 

Peres and Cancelliere, 2014; Postance et al., 2018; Marino et al., 2020; Peres and 

Cancelliere, 2021). Commonly, these rainfall exceedance thresholds empirically 

relate the occurrence of landslides to rainfall event characteristics such as 

intensity, duration, total amounts, or a combination thereof (Wicki et al., 2020). 

However, in many settings the antecedent soil wetness conditions influence the 

variability in rainfall triggering amounts, becoming a predisposing factor that 

plays a major role in landslide initiation (Palau et al., 2021; Conrad et al., 2021). 

This led to a more recent approach that relies not only on rainfall but, also, on 

subsurface hydrological measurements (e.g. soil moisture content), thus defining 

the concept of hydro-meteorological threshold (Mirus et al., 2018b, a; Thomas et 

al., 2018; Segoni et al., 2018c; Wicki et al., 2020; Bogaard and Greco, 2018), that 

may better represent the cause-trigger concept. The term hydro-meteorological is 

explanatory of the fact that these types of thresholds should combine a 

meteorological variable (rainfall depth) with a hydrological one, reflecting the 

water storage at the catchment or local scale (Gain et al., 2021). 

 In this regard, several attempts aimed at introducing, directly or with models, 

the effects of soil moisture information in the empirical thresholds for improving 

landslides prediction have been made (Crozier, 1999; Zhao et al., 2019b; Brocca et 

al., 2016; Segoni et al., 2018c; Ponziani et al., 2012). For instance, Marino et al. 

(2020) performed an explorative investigation to figure out whether soil moisture 

information can improve shallow landslide forecasting using the hydro-

meteorological threshold approach. They worked on real-world landslides using 

a synthetic time series of rainfall and a stochastic rainfall model coupled with a 

physically based infiltration model to generate the soil cover response, and 

showed that soil moisture information introduced within hydro-meteorological 
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thresholds can significantly reduce the false alarm ratio of LEWS, while keeping 

at least unvaried the number of missed alarms. Along this path, Reder and 

Rianna (2021) addressed to what extent may soil moisture estimations be useful 

to define a proxy for antecedent slope wetness conditions. Indeed, they used the 

soil moisture data derived from the ERA5-Land reanalysis as a support for 

LEWS, and more specifically as an initial filter for a pre-screening of the effective 

saturation degree. They showed that the filter yielded by the ERA5 soil model is 

able to strengthen the regional warning system and that the ERA5 reanalysis 

provides estimations consistent with those retrieved by using more complex and 

detailed physically based models.  

In light of these advances, we go one step further into proposing a methodology 

for developing regional hydro-meteorological landslide triggering thresholds 

coupling observed rainfall intensity and soil moisture information derived from 

the ERA5-Land reanalysis (Hersbach et al., 2020) and testing their performance 

on a real case study. Specifically, a dataset collecting observed landslides events 

and observed rainfall events over the period 2010-2018 is created and the soil 

moisture data provided by the ERA5-Land reanalysis are used. Since ERA5-Land 

soil moisture information is provided at four depth levels, a Principal 

Component Analysis (PCA) (Rao and Burke, 1997) is carried out. PCA is a 

multivariate statistical analysis tool that allows reduction of the dimensionality of 

the soil moisture information and avoidance of information loss by combining 

soil moisture information from multiple depths in one variable. Thus, the 

methodology allows derivation of 2D thresholds with a rainfall characteristic in 

one axis, and the combined soil moisture variable in the other. To identify the 

proposed hydro-meteorological thresholds, a raw hyper-parametric threshold, 

based on Artificial Neural Networks (ANN) based optimization tool, is, firstly, 

defined. Then, in order to reduce the number of threshold parameters, a 

simplification of the raw threshold is performed by a simple parametric equation 
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having few parameters. This feature constitutes an important strength since it 

allows their easy application. 

The paper is organized as follows. First the proposed methodology and the 

procedure for dataset creation are presented in the “Materials and Methods” 

section, focusing on the multi-step leading to the threshold identification. Then 

the “study area” section describes the relevant features of the study area, namely 

the Sicily region (southern Italy). Next, the comparison between the performance 

obtained with the proposed thresholds and those of the traditional ID approach 

is presented in “Results and Discussion” section. Finally, conclusions are drawn 

in the last section. 

4.2. Materials and method 

4.2.1. Dataset creation 

The creation and configuration of the dataset is, certainly, a crucially significant 

step, which involves the manipulation of different type of data (i.e. observed 

landslides, rainfall events and, reanalysis data of soil moisture), and it is 

schematically reported in Figure 4.1. 
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Figure 4.1 Schematization of the procedure followed for the dataset creation. 

As the first step, we have recovered the information regarding the observed 

landslides from the FraneItalia project (Calvello and Pecoraro, 2018), a 

comprehensive spatio-temporal database of recent landslides affecting the Italian 

territory from 2010 onward. The catalog includes both fatal landslide events and 

events that did not produce physical harm to people. The main classification of 

the landslide events involves two   categories, namely i) single landslide events 

(SLE), for records only reporting one landslide; ii) areal landslide events (ALE), 

for records referring to multiple landslides triggered by the same cause in the 

same geographic area. Both SLEs and ALEs are classified according to three 

consequence classes with the aim to record whether the event produced 

casualties or missing people (C1, very severe), injured people and evacuations 

(C2, severe), or did not cause any physical harm to people (C3, minor). Further 

information on catalogued landslide events includes: data on the location of the 

event, day of occurrence of the landslide (s), source (s) of information, and 

number of landslides in case of areal events. Additional information may 

include: onset and duration of the landslide event, landslide characteristics, 

phase of activity, details on the consequences. Thanks to such an accurate level of 
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detail, it was possible to filter only the landslide events triggered by rainfall, 

which are precisely those to take into consideration in our study.  

The CTRL-T (Calculation of Thresholds for Rainfall-induced Landslides-Tool) 

code (Melillo et al., 2018) has been used, at this point, as a tool for the 

identification of the rainfall events that are more likely to be responsible for the 

observed slope failures. Specifically, CTRL-T automatically and objectively 

reconstructs rainfall events and the triggering conditions responsible for the 

failure using a set of adjustable parameters to account for different 

morphological and climatic settings. Briefly, the tool consists of three main 

distinct modules with a specific purpose. The first one operates the 

reconstruction of rainfall events in term of duration (D, in hours) and, cumulated 

event rainfall (E, in mm) using continuous hourly rainfall time series and setting 

several climate and spatial parameters such as, the warm period in a year (CW); 

the cold period in a year (CC); the resolution of the rain gauge (GS); time periods 

used to remove irrelevant amount of rain and to reconstruct rainfall events (P1, 

P2, P4); irrelevant rainfall sub-events that had to be excluded in the calculation of 

the final events (P3); radius of the buffer to assign each landslide to the closest 

rain gauge (RB). Rainfall event parameters were calibrated adopting the monthly 

soil water balance model and evapotranspiration analysis. The second block, 

instead, performs selection of the rain gauge representative for the landslide. The 

maximum allowed distance between a landslide and a rain gauge is limited by 

the circumferential area with radius equal to RB. Single or multiple rainfall 

conditions (MRC) that are most likely responsible for the slope failures are, then, 

identified. Each MRC is assigned a weight to select the representative rain gauge 

and the rainfall conditions associated with the landslide. The weight is 

proportional to the inverse square distance between the rain gauge and the 

landslide (𝑑−2), the cumulated rainfall (𝐸𝐿), and the rainfall mean intensity 

(𝐸𝐿𝐷𝐿
−1): 
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𝑤 = 𝑓(𝑑, 𝐸𝐿 , 𝐷𝐿) = 𝑑−2𝐸𝐿
2𝐷𝐿

−1 (4.1) 

Among MRCs, MPRC (maximum probability rainfall conditions), is the subset of 

the (DL, EL) with the highest weights and, precisely these reconstructed rainfall 

conditions are assumed as the triggering events. 

As shown in Figure 4.1, the last step for the dataset creation has consisted in the 

association of soil moisture data to the beginning of each rainfall event, both 

triggering and no triggering ones. Once again, the ERA5-Land reanalysis dataset 

has been used. Indeed, it provides the volume of water 𝜗 [𝑚3/𝑚3] at 4 distinct 

soil depth (i.e., 0-7 cm; 7-28 cm; 28-100 cm, and 100-289 cm). As the reanalysis 

total precipitation, the ERA5-Land soil moisture data are provided as a grid data 

with a horizontal resolution of 0.1° x 0.1°. Thus, we adopted a criterion of 

maximum nearness between the rain gauge coordinates which recorded the 

rainfall event, and the coordinates of the closest cell associated with the soil 

moisture values. Thereby, the dataset in the form shown in Figure 4.1, has been 

created twice, with the only difference that in the first case the measured rainfall 

has been used while, in the second one, the total precipitation provided by the 

ERA5-Land reanalysis project. 

4.2.2. Principal components analysis 

The Principal Components Analysis (PCA) is a multivariate technique that 

analyzes a data table in which observations are described by several inter-

correlated quantitative dependent variables in order to extract the important 

information from the table and, to represent it as a set of new orthogonal 

variables called principal components (Abdi and Williams, 2010). Specifically, the 

original data are projected into a new coordinate system where the first axis, 

called the first principal axis, corresponds to the direction along which the data 

vary the most; the second axis, called the second principal axis, corresponds to 

the direction along which the data vary the most after the first direction, and so 
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on. The first principal component is the projection of the original data to the first 

principal axis and captures the greatest amount of the variance in the data. The 

second principal component is the projection of the original data to the second 

principal axis and explains the greatest amount of the variance in the data that is 

not captured by the first principal component. Each subsequent principal 

component explains the greatest amount of variance possible under the 

constraint that it is orthogonal to the preceding principal components, until all 

the data matrix is decomposed. Formally, mathematical solution of PCA problem 

ends up being equivalent to finding the eigenvalues and eigenvectors of the 

covariance matrix. Indeed, an eigenvector corresponds to the direction with the 

greatest variance in the data and, it has a corresponding eigenvalue. An 

eigenvalue is a number that indicates the amount of variance in the data along its 

corresponding eigenvector. Therefore, the eigenvector with the highest 

eigenvalue will be the first principal component; the eigenvector with the second 

highest eigenvalue will be the second principal component, and so on. Once 

estimated, the principal components are used to create a new coordinate space 

where the data can be projected into (Kherif and Latypova, 2019). Practically, in 

our study, 𝜃 (Eq. 4.2) represents the soil moisture data table for which to compute 

the principal components, specified as an n-by-p matrix. Rows correspond the 

total amount of the considered rainfall events (i.e. observations), and the number 

of columns to the 4 levels at which the initial soil moisture data are provided (i.e. 

variables). 

𝜽 = [

𝜗11 𝜗12 𝜗13 𝜗14

𝜗21 𝜗22 𝜗23 𝜗24

⋮ ⋮ ⋮ ⋮

𝜗𝑛1 𝜗𝑛2 𝜗𝑛3 𝜗𝑛4

] (4.2) 

 𝐴 represents, instead, the principal components’ loadings (i.e., coefficients) table, 

specified as an p-by-p matrix. The rows of matrix A are called the eigenvectors, and 

these specify the orientation of the principal components relative to the original variables. 
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𝑨 = [

𝑎11 𝑎12 𝑎13 𝑎14

𝑎21 𝑎22 𝑎23 𝑎24

𝑎31 𝑎32 𝑎33 𝑎34

𝑎41 𝑎42 𝑎43 𝑎44

] (4.3) 

Thus, the principal components (𝑆𝑖) for the generic 𝑖𝑡ℎ row, are given by a linear 

combination of the variables 𝜃 and 𝐴, namely:  

  𝑆𝑖1 = 𝑎11𝜗𝑖1 + 𝑎12𝜗𝑖2 + 𝑎13𝜗𝑖3 + 𝑎14𝜗𝑖4 (4.4) 

  𝑆𝑖2 = 𝑎21𝜗𝑖1 + 𝑎22𝜗𝑖2 + 𝑎23𝜗𝑖3 + 𝑎24𝜗𝑖4 (4.5) 

  𝑆𝑖3 = 𝑎31𝜗𝑖1 + 𝑎32𝜗𝑖2 + 𝑎33𝜗𝑖3 + 𝑎34𝜗𝑖4 (4.6) 

  𝑆𝑖4 = 𝑎41𝜗𝑖1 + 𝑎42𝜗𝑖2 + 𝑎43𝜗𝑖3 + 𝑎44𝜗𝑖4 (4.7) 

with 𝑖 = 1, … , 𝑛. 

In matrix notation, the transformation of the original variables to the principal 

components is written as, 

  𝑺 = 𝜽𝑨 (4.8) 

4.2.3. Thresholds identification 

The methodology adopted in this work aims to define regional thresholds for 

early warning landslides risk using the soil moisture information and, to 

compare the obtained performance vs. the traditional approach based on the 

rainfall intensity-duration power-law thresholds (ID). A schematization of the 

methodology is illustrated in Figure 4.2. We started by analyzing the reference 

case of the rainfall intensity-duration threshold, the most common type of 

thresholds proposed and adopted in the literature (Segoni et al., 2018a; Guzzetti 

et al., 2007c; Brunetti et al., 2010). The 𝐼𝐷 threshold assumes the form 𝐼 = 𝛼𝐷−𝛽, 

where 𝐼 [𝑚𝑚 ℎ⁄ ] represents the rainfall intensity, i.e., the average precipitation 

rate over the considered period; 𝐷 [ℎ] represents the duration of the rainfall 

event; 𝛼 is the scaling parameter, and 𝛽 is the shape parameter. In general, the 

determination of thresholds can be seen as a binary classification problem, where 
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triggering rainfall events are separated from non-triggering rainfall events. Once 

the rainfall events have been reconstructed, according to the methodology 

explained for the dataset creation, and the main variables have been calculated 

(i.e., mean rainfall intensity and duration), an optimization tool (i.e., the 

MATLAB Particle Swarm optimization toolbox) has been performed with the 

aim to search the best possible 𝛼 and 𝛽 curve parameters able to maximize an 

objective function based on the confusion matrix or the Receiver-Operating 

Characteristics (ROCs). The confusion matrix is expressed in terms of the count 

of true positives (TP), true negatives (TN), false positives (FP) and false negatives 

(FN) (Peirce, 1884) (Table 4-I). 

Table 4-I Confusion matrix for ROC analysis. 

   
Observed 

landslide 

  Landslide (P) No landslide (N) 

Predicted Landslide 
Landslide: FS<1 TP FP 

No landslide: FS≥1 FN TN 

As a function of the variables reported in Table 4-I, the three reference standard 

ROC indices – namely, True Positive Rate, False Positive Rate and True Skill 

Statistic – are listed below (Eqs. 4.9, 4.10, 4.11): 

TPR =
TP

(TP + FN)
 (4.9) 

FPR =
FP

(TN + FP)
 (4.10) 

TSS = TPR − FPR (4.11) 

The highest performances correspond to TSS = 1, when, relatively to a given 

rainfall event, the model produces no false or missing predictions, and this TSS 

function (Eq. 4.11) has been maximized for the 𝛼 and 𝛽 curve parameters search. 
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The methodology for the identification of the proposed hydro-meteorological 

thresholds, using the soil moisture information, is illustrated in Figure 4.2. The 

starting point is the ERA5-Land dataset of soil moisture, which, as described in 

the above section, provides hourly values of soil moisture at 4 different level 

depths (i.e., 0-7 cm; 7-28 cm; 28-100 cm, and 100-289 cm). Thus, a Principal 

Component Analysis (PCA) is performed, with the aim to linearly reduce the 

dimensionality of the dataset and find the strongest features of the samples. At 

this stage, if the percentage of variance explained by the first principal 

component 𝜎1 is less than the desired value 𝜎∗, then the data table are split based 

on further principal components until to reach 𝜎∗ value. Otherwise, if the 

percentage of variance explained by the first principal component 𝜎1 is greater 

than the desired value 𝜎∗, then it can be inputted right away to the next step, 

namely the ANN-based optimization tool, implemented within the Neural Net 

Pattern Recognition tool in MATLAB. Artificial  neural network models (ANNs) 

are widely used as a black-box model and, they have the ability to model linear 

and non-linear systems without the need to make assumptions implicitly as in 

most traditional statistical approaches (Al-Shamisi et al., 2013; Haykin, 2004). It 

can be thought up like an adaptive system that learns by using interconnected 

nodes or neurons in a layered structure that resembles a human brain, and, since 

it can learn from data, it can be trained to recognize patterns, classify data, and 

forecast future events. In this study, we perform a feedforward neural network, 

that consists of an input layer, a hidden layer and an output one. In each layer 

there are several nodes (i.e., neurons), and the nodes in each layer use the 

outputs of all nodes in the previous layer as inputs, such that all neurons 

interconnect with each other through the different layers. Each neuron is 

typically assigned a weight that is adjusted during the learning process and 

decreases or increases in the weight change the strength of that neuron’s signal. 

As the training, validation and test dataset, we assumed the proportions 60%, 

20%, 20%, respectively, selected randomly from the entire dataset. Finally, 
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according to Distefano et al. (2021), the ANNs have been trained through the 

scaled conjugate gradient backpropagation algorithm, while cross-entropy was 

assumed as the performance function for training. Thereby, it was possible to 

obtain a classification of the triggering and no triggering events on the basis of 

the mean rainfall intensity and the principal components of soil moisture data, 

and, even here, the True Skill Statistic (TSS) (Eq. 4.11) has been used to assess the 

ANN ability to correctly classify the events. The optimal classification given by 

the ANN-based optimization tool, is then used as indication to come up with the 

identification of a hyper-parametric threshold (raw threshold). Specifically, the 

ANN output configuration which has yielded the best TSS is reconstructed as a 

binary set up and, then, it was used to simulate the net adopting the discretized 

soil moisture value and varying the rainfall intensity throughout its range. This 

allowed to assemble the triggering threshold point-by-point, by detecting the 

switching points (from zero to one). Finally, the raw threshold thus obtained is 

simplified through a parametric equation assuming the following form: 

  𝑦 =  {

𝑦0, 𝑥 <  𝑥0
𝑦1 − 𝑦0

𝑥1 − 𝑥0
 (𝑥 − 𝑥0) + 𝑦0, 𝑥0 ≤ 𝑥 ≤ 𝑥1

𝑦1, 𝑥 >  𝑥1

 (4.12) 

 

where, 𝑥0, 𝑥1, 𝑦0 and 𝑦1 are the optimal threshold’s parameters, defined through a 

trial-and-error procedure aimed to obtain a 𝑇𝑆𝑆𝑝𝑎𝑟 ≥ 𝑇𝑆𝑆𝑟𝑎𝑤 that does not 

guarantee, therefore, to reach the optimal 𝑇𝑆𝑆𝑜𝑝𝑡. The choice to use Eq. 4.12 is the 

result of several attempts, not reported in the study for the sake of brevity, which 

led to finding out that such a curve is able to better approximate the raw one. 

A schematic description of the methodology is reported in Figure 4.2. 
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Figure 4.2 Description of the methodology. 

4.3. Study area 

The study area selected for our study is the island of Sicily (southern Italy, 

37.75N-14.25 E) which, with an area of ~25,700 km2, is the largest island of the 

Mediterranean Sea. A hilly morphology (62%) dominates the landscape in the 

island, while the rest is characterized by a mountainous and flat morphology 

among which the widest is around Catania, in the eastern part of the island. The 

terrain average elevation is about 400 meters, ranging from sea level to 3320 

meters at Mount Etna, the highest active volcano in Europe. From a geological 

point of view, the Sicily Island is the result of the convergence between the 

European and the African plates in the Neogene. The island is characterized by a 

complex geological and lithological setting which, added to a variety of human 

actions (including e.g., land use changes, forest management, and forest fires) 

have produced different soils in Sicily (Venturella, 2004). The climate is warm-

temperate, with hot and dry summers, especially on the southern coasts, and 

higher and more frequent precipitation during the colder winter months, in the 
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mountainous internal areas (Pumo et al., 2019). Mean annual precipitation ranges 

between 700 and 800 mm, and the majority of the rainfall events occurs in 

autumn and winter, rather than in the summer. The eastern side of the island is 

affected by severe storms. The largest precipitations are recorded on the eastern 

slopes of Mount Etna and along the Peloritani Mountains, with highest values on 

the Ionian side (Gariano et al., 2015). On the other side, the southern part of the 

island is characterized by lower rainfalls than the regional average since its 

exposition to hot and dry winds from Africa and its lower elevations (Alecci and 

Rossi, 2007). Figure 4.3 shows the geographical context within which Sicily is 

located. In more detail, the rain gauges locations for the period 2009-2018 

(Distefano et al., 2021) are represented, as well as, the observed landslide 

locations. In more detail, 207 landslide events were retrieved from 2010 to 2018 

and, for each of them, longitude-latitude coordinates (WGS84 datum), together 

with the initiation time, are retrieved. 

 

Figure 4.3 Elevation map of the study area (Sicily region), showing the location of the landslide 

occurrences (Calvello and Pecoraro, 2018) and of the rain gauges, over the period 2010-2018 

(Distefano et al., 2021).  

The analysis aimed at the identification of the hydro-meteorological thresholds 

has been carried out on two datasets. As illustrated in Section 4.1, on one side, 

the observed rainfall is used as an input parameter to the proposed multi-step 
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methodology; on the other side, the ERA5-Land reanalysis precipitation is used. 

Therefore, on one side, we referred to the three main Sicilian measuring 

networks, managed by the regional water observatory (Osservatorio delle Acque, 

OdA), the SIAS (Sicilian Agro-meteorological Information Service), and by the 

Regional Civil Protection Department (DRPC), respectively. Overall, a time series 

for the period 2009-2018, of the hourly precipitation has been reconstructed. On 

the other side, the total precipitation provided by ERA5-Land reanalysis project 

was also considered, with the aim to apply in parallel the same proposed 

methodology and compare the results obtained using, indeed, the observed and 

the reanalysis. The ERA5-Land project provides the total rainfall [m] as 

accumulated liquid and frozen water, including rain and snow. As reported by 

the Copernicus Climate Change Service, total precipitation is the sum of large-

scale precipitation and convective precipitation and it can be easily thought as 

the depth the water would have if it were spread evenly over the grid box. 

Indeed, these data are provided as gridded data with a horizontal resolution of 

0.1° x 0.1°, thus we assumed that the center coordinates of each grid cell are 

similar to those of an hypothetical rain gauge. Here too, a time series for the 

period 2009-2018, of the hourly precipitation has been reconstructed, paying 

attention to the fact that the reanalysis total precipitation is provided as the 

accumulated rainfall from the beginning of the forecast time to the end of the 

forecast step. Obviously, when this reanalysis variable is considered, it should be 

considered that it represents averages over a model grid box and model time 

step, rather than a local measurement referred to a particular point in space and 

time. 

4.4. Results and discussion 

4.4.1. Principal component analysis 

The preliminary step, required when the principal component analysis is 

performed, is to center the data on the mean values of each variable, namely by 
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subtracting the mean of a variable from all values of that variable. This step 

allows that the cloud of data is centered on the origin of the principal 

components, but it does not affect the spatial relationships of the data, nor the 

explained variance along the variables. At this stage, it was possible to proceed 

with the Principal Component Analysis, whose loadings values, representing the 

orientation of the principal components relative to the original variables, are 

represented by the matrix A, as follows: 

𝐴 = [

0.65 −0.54     0.37 −0.38
0.58 −0.04 −0.29    0.76
0.47    0.63 −0.39 −0.48
0.15    0.55    0.79    0.23

] (4.13) 

The loadings values within a particular row of matrix A, are intended as the 

weights 𝑎𝑖𝑗 (Eq. 4.3), and the larger they are, the more they contribute to a 

particular principal component. The sign of a loading indicates whether a 

variable and a principal component are positively or negatively correlated. Here, 

although overall slightly large loadings correspond to the first principal 

component, none of the four variables has a strong relationship with a particular 

principal component. According to Eqs. 4.4, 4.5, 4.6, and 4.7, the four principal 

components of soil moisture are defined as follow: 

  𝑆𝑖1 = 0.65𝜗𝑖1 + 0.58𝜗𝑖2 + 0.47𝜗𝑖3 + 0.15𝜗𝑖4 (4.14) 

  𝑆𝑖2 = −0.54𝜗𝑖1 − 0.04𝜗𝑖2 + 0.63𝜗𝑖3 + 0.55𝜗𝑖4 (4.15) 

  𝑆𝑖3 = 0.37𝜗𝑖1 − 0.29𝜗𝑖2 − 0.39𝜗𝑖3 + 0.79𝜗𝑖4 (4.16) 

  𝑆𝑖4 = −0.38𝜗𝑖1 + 0.76𝜗𝑖2 − 0.48𝜗𝑖3 + 0.23𝜗𝑖4 (4.17) 

Figure 4.4 shows, instead, the scree plot representing the total percentage of 

variance explained by each of the four principal components. The chart reveals 
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the decreasing rate at which variance is explained by additional principal 

components. 

 

Figure 4.4 Total variance explained by each principal component. 

Because dimensionality reduction is a goal of principal components analysis, 

several criteria can be considered for determining how many principal 

components should be examined and how many should be ignored (Rencher, 

1998). Just to list a few: i) ignore principal components at the point at which the 

next principal component offers little increase in the total explained variation; ii) 

ignore the last principal component whose explained variation are all roughly 

equal; iii) include all principal components up to a predetermined total explained 

variation 𝜎∗. In our study, this last criterion has been used, by setting 𝜎∗ = 90%, 

when the split subset, based on further components, is considered. As shown by 

Figure 4.4, to reach 𝜎∗, the first and the second principal components are 

examined, while the last two are ignored. 

4.4.2. Analysis using observed rainfall  

The first step, as mentioned in the methodology section, has been to apply CTRL-

T software for reconstructing rainfall events from the observed rainfall series. 

CTRL-T tool reconstructed 144 landslide events out of the 207 inputted ones. The 

landslides for which the rainfall conditions were not identified or with relevant 
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uncertainties, were discarded. First, we have derived the 𝐼𝐷 threshold. 

Specifically, the 𝐼𝐷 threshold was identified as a power law approach and then 

by the proposed optimization methodology (Figures 4.5 and 4.6). 

 

Figure 4.5 Traditional power-law threshold on the log-log plane between observed mean rainfall 

intensity (I) and duration (D). 

 

Figure 4.6 Optimal parametric threshold (black line) on the log-log plane between observed mean 

rainfall intensity (I) and duration (D). The raw non-parametric threshold (dash black line) is also 

shown. 

As can be noted, moving from the power law 𝐼𝐷 threshold to the optimal 

parametric one, a slight decrease of the True Skill Statistic index can be observed, 

from 0.5 to 0.46, respectively, even if the optimal TSS value, at the end of the 
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ANN-based optimization tool, is the greatest (𝑇𝑆𝑆𝑜𝑝𝑡 = 0.54). Indeed, switching 

from the ANN-based tool to the parametrization procedure, necessarily implies a 

slight decline in performance. This performance, furthermore, is in line with 

results obtained by Distefano et al. (2021), who have gained a 𝑇𝑆𝑆𝑜𝑝𝑡 = 0.59 for 

the same study area. In our study, the 𝑇𝑆𝑆𝑜𝑝𝑡 value resulting from the ANN-

based optimization is taken as reference against which the proposed hydro 

meteorological thresholds are compared, with the aim to assess possible 

improvements. In this regard, we investigated three possible alternatives for the 

hydro-meteorological thresholds: 

a. Rainfall intensity and soil moisture at each four depth levels (e.g., 0-7 cm, 

7-28 cm, 28-100 cm, 100-289 cm); 

b. Rainfall intensity and first principal component of soil moisture; 

c.  Rainfall intensity and first principal component of soil moisture, 

conditioned to given classes of the second principal component of soil 

moisture. 

For each type of threshold, the methodology explained in the previous section 

has been applied, and the results are discussed in the following.  

Table 4-II summarizes the 𝑇𝑆𝑆 values in correspondence of the analyzed 

thresholds, together with the values of parameters (Eq. 4.12) estimated for the 

optimal parametric thresholds. In more detail, the 𝑇𝑆𝑆𝑜𝑝𝑡 value resulted from the 

ANN-based optimization tool is reported, along with the 𝑇𝑆𝑆𝑟𝑎𝑤 (i.e. 𝑇𝑆𝑆 of the 

raw non-parametric threshold), the 𝑇𝑆𝑆𝑝𝑎𝑟 (i.e. 𝑇𝑆𝑆 of the optimal parametric 

threshold), and the 𝑇𝑆𝑆𝑝𝑙 (i.e. 𝑇𝑆𝑆 of the 𝐼𝐷 threshold using the traditional 

power-law approach). 
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Table 4-II Summarizing table of the TSS values in correspondence of each analyzed scenario when 

the observed rainfall is used, and parameters (𝑥0, 𝑦0, 𝑥1, 𝑦1) estimated for the optimal parametric 

thresholds. 

Threshold TSSpl TSSopt TSSraw TSSpar x0 y0 x1 y1 

�� 0.50 0.54 0.41 0.46 21.0 1.10 76.0 0.55 

��1 [-] 0.71 0.63 0.65 0.20 17.8 0.38 0.07 

��2 [-] 0.68 0.52 0.54 0.30 28.6 0.35 0.09 

��3 [-] 0.60 0.60 0.58 0.20 4.5 0.37 0.08 

𝐼𝜗4 [-] 0.52 0.46 0.44 0.24 4.30 0.31 0.10 

𝐼𝑆1 [-] 0.70 0.61 0.67 0.04 4.40 0.20 0.02 

𝐼𝑆1 ( 𝑆2,𝑚𝑖𝑛 < 𝑆2 < 0.6𝑆2,𝑚𝑎𝑥)  [-] 0.64 0.55 0.60 0.02 4.40 0.11 0.12 

𝐼𝑆1 ( 0.6𝑆2,𝑚𝑎𝑥 < 𝑆2 < 𝑆2,𝑚𝑎𝑥) [-] 0.79 0.72 0.71 0.12 9.13 0.20 0.08 

𝐼𝑆1 (𝑏𝑜𝑡ℎ 𝑆2 𝑐𝑙𝑎𝑠𝑠𝑒𝑠) [-] [-] 0.61 0.64 [-] [-] [-] [-] 

 

Figure 4.7 shows the obtained thresholds when the mean rainfall intensity and 

the soil moisture at each of the four depth levels are considered, respectively. The 

dash black line is the raw threshold resulting from the ANN-based optimization, 

and it constitutes the starting point around which the parametric threshold is 

developed. Greater TSS values are obtained for the first three levels, with a 

𝑇𝑆𝑆𝑝𝑎𝑟 equal to 0.65, 0.54, and 0.58, respectively, while a slightly lower 𝑇𝑆𝑆𝑝𝑎𝑟 

equal to 0.44, is obtained with the fourth soil moisture level. 

The best improvements in performance are, therefore, obtained for the upper 

layer of soil moisture with a 𝑇𝑆𝑆𝑝𝑎𝑟 = 0.65 vs. 𝑇𝑆𝑆𝑜𝑝𝑡 = 0.54 for the 𝐼𝐷 threshold. 

Overall, generally, the parametrization of the optimal threshold is able to 

moderately improve the performance of the raw threshold or, at least, to equal it. 
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Figure 4.7 Panel showing the raw non-parametric thresholds and the corresponding optimal 

parametric thresholds on the semi-log plane between mean rainfall intensity and soil moisture at 

the four distinct depths. 

As mentioned before, the second analysis concerns the identification of the 

optimal parametric thresholds when the rainfall intensity and first principal 

component of soil moisture are considered (Figure 4.8). In this case, a 𝑇𝑆𝑆𝑝𝑎𝑟 =

0.67 is obtained, giving a slight improvement in comparison with the previous 

scenario and, certainly, with the 𝐼𝐷 approach. The scores of the first principal 

component of soil moisture are given by Eq. 4.14, and, overall, contain the 75% of 

the total variance of the data. The triggering rainfall events over threshold are, 

for the most, located into the right side of the graph, in correspondence to the 

highest values of the first principal components of soil moisture 𝑆1 ranging from 

0.2 and 0.3. 
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Figure 4.8 Optimal parametric threshold (black line) on the semi-log plane between observed mean 

rainfall intensity (I) and first principal component of soil moisture (S1). The raw non-parametric 

threshold (dash black line) is also reported. 

Then, we explored whether adding the information contained in the second 

principal component of soil moisture was likely to provide effective benefits in 

the prediction. In order to keep the thresholds simple, we did not carry out a 

fully 3D analysis. We have rather conditioned the 𝐼𝑆1 thresholds to given classes 

of 𝑆2. The first one contains the 60% of data within the range  𝑆2,𝑚𝑖𝑛 < 𝑆2 <

0.6 𝑆2,𝑚𝑎𝑥, the second one the remaining 40% within the range 0.6 𝑆2,𝑚𝑎𝑥 < 𝑆2 <

𝑆2,𝑚𝑎𝑥. The creation of these subsets allowed us to have an equal number of 

observed landslides in both classes and, moreover, to reach the 𝜎∗ value of the 

total variance amounting to 91.3%. Although a third variable was added, this 

procedure made it possible for us to come up, once again, with the identification 

of 2D thresholds.  Results are shown in Figure 4.9. As can be seen, the best 

performance is obtained when the second class of the second principal 

component of soil moisture (𝑆2) is considered in the analysis, featuring a 

𝑇𝑆𝑆𝑝𝑎𝑟 = 0.71 for the optimal parametric threshold. However, in this scenario, 

the True Skill Statistic index has to be assessed as a weighted average of the 𝑇𝑆𝑆 

of both classes, through the following Eq. 6.18: 
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𝑇𝑆𝑆𝑎𝑙𝑙 = ((𝑇𝑃𝑅1𝑃2) + (𝑇𝑃𝑅2𝑃1) (⁄ 𝑃1 + 𝑃2)) + −((𝐹𝑃𝑅1𝑁2) + (𝐹𝑃𝑅2𝑁1) (⁄ 𝑁1 + 𝑁2)) (4.18) 

where, 𝑇𝑃𝑅 is the True Positive rate (Eq. 4.9), 𝐹𝑃𝑅 is the False Positive Rate (Eq. 

4.10), 𝑃 = 𝑇𝑃 + 𝐹𝑃 represents the number of observed landslides, and 𝑁 = 𝐹𝑃 +

𝑇𝑁 represents the number of non-landslides. The subscripts 1 and 2 refer to the 

threshold for first and second class of the second principal component of soil 

moisture, respectively. Using Eq. 4.18, a weighted 𝑇𝑆𝑆𝑝𝑎𝑟 equal to 0.64 is found. 

Thus, a near value to that obtained for the 𝐼𝑆1 threshold. 

 

Figure 4.9 Optimal parametric threshold (black line) on the semi-log plane between the observed 

mean rainfall intensity (I) and the first principal component of soil moisture (S1). (a) Shows the case 

when the first class of the second principal component of soil moisture is considered; (b) Shows the 

case when the second class of the second principal component of soil moisture is considered. The 

raw non-parametric thresholds (dash black line) are also reported in both cases. 

Overall, the proposed hydro-meteorological thresholds are able to better predict 

the landslide occurrences, if compared with the performance of the traditional  

𝐼𝐷 approach. Indeed, each investigated threshold resulted in 𝑇𝑆𝑆𝑝𝑎𝑟 values of the 

optimal parametric thresholds up to 0.67, confirming that adding soil moisture 

information into the identification of landslide triggering thresholds, can 

improve significantly their predictive performance. Furthermore, note that these 

results are consistent with the those obtained through numerical simulations 

based on synthetic data series by Marino et al. (2020). Specifically, when 

considering the comparison between the ID thresholds’ performance and the 
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hydro-meteorological ones, Marino et al. (2020) gained an increase, in terms of 

True Skill Statistic, equal to about 0.2, at best, that is approximately equal as that 

obtained in our study. 

4.4.3. Analysis using ERA5-Land rainfall  

This section presents the results obtained when the ERA5-Land reanalysis 

rainfall is used as an input parameter to the proposed multi-step methodology, 

following the same order as the previous section. This once, the CTRL-T software 

reconstructed a greater number of landslides, namely 160 landslide events out of 

the 207 inputted ones.  This can be probably attributed to the different type of 

measure, being the reanalysis rainfall, a gridded data evenly distributed in the 

study area, unlike the less spread measurements of the rain gauges. First of all, 

the rainfall characteristics (i.e., mean rainfall intensity (𝐼) and duration (𝐷)) have 

been used to carry out the optimal 𝐼𝐷 threshold, within the log-log plane. The 𝐼𝐷 

thresholds derived through both the power law approach and the proposed 

optimization methodology are shown in Figures 4.10 and 4.11, respectively. 
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Figure 4.10 Traditional power-law threshold on the log-log plane between ERA5-Land mean 

rainfall intensity (I) and duration (D). 

 

Figure 4.11 Optimal parametric threshold (black line) on the log-log plane between ERA5-Land 

mean rainfall intensity (I) and duration (D). The raw non-parametric threshold (dash black line) is 

also shown. 

As can be noted, moving from the observed rainfall to the reanalysis rainfall as 

an input data, the True Skill Statistic index of the 𝐼𝐷 threshold drops slightly, as 

well as, moving from the power law 𝐼𝐷 threshold to the optimal parametric one. 

Indeed, as can be noted, even the 𝑇𝑆𝑆𝑜𝑝𝑡 assessed through the ANN-based 

optimization is lower than one obtained when the observed rainfall is used (i.e., 
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𝑇𝑆𝑆𝑜𝑝𝑡 = 0.54). Also here, the three previously types of thresholds were 

investigated (see Section 4.4.2 at letters a, b, and c), and the results are discussed 

in the following. Figure 4.12 shows the obtained thresholds when the mean 

rainfall intensity and the soil moisture at each of four depth levels are considered, 

respectively. The dash black line is the raw threshold resulted from the ANN-

based optimization, and it has been used as guidance for the developing of the 

parametrization threshold procedure.  

 

Figure 4.12 Panel showing the raw non-parametric thresholds and the corresponding optimal 

parametric thresholds on the semi-log plane between ERA5-Land mean rainfall intensity (I) and 

soil moisture at the four distinct depths. 

Figure 4.12 shows as a slight decline in performance is confirmed when the 

reanalysis precipitation is inputted in the proposed procedure. For none of these 

cases, the 𝑇𝑆𝑆𝑝𝑎𝑟 values are able to reach the 𝐼𝐷 performance, getting stuck at 

most to a 𝑇𝑆𝑆 = 0.38, when the second layer of soil moisture is considered (i.e., 7-

28 cm depth). Indeed, the rainfall triggering events (i.e., red markers in Figure 

4.12) are more scattered and the thresholds’ ability to provide a correct 
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classification of the landslide events is not very effective. Then, the analysis 

concerning the identification of the optimal parametric thresholds when the 

rainfall intensity and first principal component of soil moisture are considered, 

has been analyzed (Figure 4.13). 

 

Figure 4.13 Optimal parametric threshold (black line) on the semi-log plane between ERA5-Land 

mean rainfall intensity (I) and first principal component of soil moisture (S1). The raw non-

parametric threshold (dash black line) is also shown. 

In this case, a 𝑇𝑆𝑆𝑜𝑝𝑡 = 0.35 is obtained through the optimal parametric 

threshold, stopping still below the 𝐼𝐷 performance 𝑇𝑆𝑆𝑜𝑝𝑡 = 0.44. Furthermore, 

unlike when the observed precipitation is considered, here, the triggering rainfall 

events over threshold are mostly spread within the whole point cloud, and no 

longer in correspondence to the highest values of the first principal components 

of soil moisture 𝑆1.  

Lastly, the information contained in the second principal component of soil 

moisture was added in the analysis, with the aim to explore whether or not it can 

provide effective benefits in the prediction (Figure 4.14). Once again, we split the 

second principal component of soil moisture (𝑆2) into two classes, even if, now, it 

has been split right down in the middle to have an equal number of observed 

landslides in both classes, and to reach again the 𝜎∗ value of the total variance 
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amounting to 91.3%. Using Eq. 4.18 a weighted 𝑇𝑆𝑆 equal to 0.42 is found (Table 

4-III). As can be seen in Figure 4.14, although the obtained performance is better 

than those obtained when the mean rainfall intensity and first principal 

component of soil moisture are considered, the  𝐼𝑆1 threshold conditioned to a 

given class of 𝑆2 seems to not bring any effective improvement in the landslides 

prediction. Indeed, a 𝑇𝑆𝑆𝑝𝑎𝑟 value equal to 0.42 is obtained vs. 𝑇𝑆𝑆𝑜𝑝𝑡 = 0.44 

obtained for the 𝐼𝐷 approach.   

 

Figure 4. 14  Optimal parametric threshold (black line) on the semi-log plane between ERA5-Land 

mean rainfall intensity (I) and first principal component of soil moisture (S1). (a) Shows the case 

when the first class of the second principal component of soil moisture (S2) is considered; (b) Shows 

the case when the second class of the second principal component of soil moisture (S2) is 

considered. The raw non-parametric thresholds (dash black line) are also shown in both cases. 

In order to give an overview of the obtained results, Table 4-III summarizes the 

𝑇𝑆𝑆 values in correspondence of the analyzed scenarios, together with the values 

of parameters (Eq. 4.12) estimated for the optimal parametric thresholds. Here, 

the 𝑇𝑆𝑆𝑜𝑝𝑡 value resulted from the ANN-based optimization tool is also reported, 

along with the 𝑇𝑆𝑆𝑟𝑎𝑤 (i.e. 𝑇𝑆𝑆 of the raw non-parametric threshold), the 𝑇𝑆𝑆𝑝𝑎𝑟 

(i.e. 𝑇𝑆𝑆 of the optimal parametric threshold), and the 𝑇𝑆𝑆𝑝𝑙 (i.e. 𝑇𝑆𝑆 of the i.e. 𝐼𝐷 

threshold using the traditional power-law approach). 
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Table 4-III Summarizing table of the TSS values in correspondence of each analyzed scenario when 

the ERA5-Land rainfall is used, and parameters (𝑥0, 𝑦0, 𝑥1, 𝑦1) estimated for the optimal parametric 

thresholds.  

Threshold TSSpl TSSopt TSSraw TSSpar x0 y0 x1 y1 

𝐼𝐷 0.42 0.44 0.44 0.37 14.4 0.5 66.5 0.20 

𝐼𝜗1 [-] 0.42 0.34 0.35 0.26 0.43 0.36 0.05 

𝐼𝜗2 [-] 0.43 0.40 0.38 0.28 0.48 0.38 0.06 

𝐼𝜗3 [-] 0.38 0.33 0.32 0.33 0.45 0.38 0.08 

𝐼𝜗4 [-] 0.41 0.36 0.31 0.23 0.64 0.29 0.2 

𝐼𝑆1 [-] 0.40 0.38 0.35 -0.07 0.62 0.21 0.08 

𝐼𝑆1 ( 𝑆2,𝑚𝑖𝑛 < 𝑆2 < 0.6𝑆2,𝑚𝑎𝑥) [-] 0.41 0.38 0.37 0.11 0.57 0.15 0.13 

𝐼𝑆1 ( 0.6𝑆2,𝑚𝑎𝑥 < 𝑆2 < 𝑆2,𝑚𝑎𝑥) [-] 0.47 0.42 0.44 -0.12 1.4 0.19 0.06 

𝐼𝑆1 (𝑏𝑜𝑡ℎ 𝑆2 𝑐𝑙𝑎𝑠𝑠𝑒𝑠) [-] [-] 0.36 0.42 [-] [-] [-] [-] 

 

Overall, using the reanalysis rainfall, the proposed hydro-meteorological 

thresholds do not improve the prediction of landslides occurrences, quite the 

opposite of what happens when the observed rainfall is used. Therefore, it is 

clear how the quality of the rainfall data has a decisive influence in the 

thresholds’ ability to correctly predict landslide events. In this regard, several 

studies have shown that ERA5 reanalysis precipitation estimates have 

uncertainties that, for the most part, result in an overestimation (Jiang et al., 2021; 

Amjad et al., 2020; Xu et al., 2019), and that the accuracy of the precipitation 

product is strongly correlated with the topographic distribution, climate 

divisions (Jiang et al., 2021; Jiao et al., 2021), and with the errors of models and 

observations in the data assimilation system (Nie et al., 1955). Thus, it is hard to 

completely replace observed measurements with reanalysis system information 

to gain the true state of the atmosphere (Bengtsson et al., 2004) since the 

shortcomings of the reanalysis may lead to biased precipitation estimates over 

different regions (Beck et al., 2020; Belo-Pereira et al., 2011; Jiang et al., 2021). 
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4.5. Conclusions 

In this study, we have proposed a multi-step procedure aimed at the 

identification of hydro-meteorological thresholds using multivariate statistical 

analysis and ERA5-Land reanalysis soil moisture information. Specifically, a non-

parametric threshold is, firstly, derived from an optimization procedure based on 

Artificial Neural Networks (ANN) and maximization of the ROC True Skill 

Statistic (TSS) index. Then, a parametric equation is used to simplify the non-

parametric threshold derived at the first step. This procedure has been tested 

twice; once using the observed rainfall as an input parameter, and once using the 

ERA5-Land reanalysis rainfall. In comparison to the performance of the 𝐼𝐷 

threshold, that has been taken as reference, the proposed optimal parametric 

thresholds are able to better classify the landslide occurrences when the observed 

rainfall is inputted into the ANN-based optimization tool. In this case, a 

significant improvement has been found, since 𝑇𝑆𝑆𝑝𝑎𝑟 values ranging from 0.64 

to 0.67, according to the considered threshold, were found out, that are greater 

values than those obtained for the 𝐼𝐷 approach (i.e., 𝑇𝑆𝑆𝑝𝑙 = 0.50 and 𝑇𝑆𝑆𝑜𝑝𝑡 =

0.54). On the other side, a drop in performance is recorded when the reanalysis 

precipitation is used and lower 𝑇𝑆𝑆 values are obtained in correspondence of all 

investigated scenarios. However, this is to be expected due the nature of the 

reanalysis rainfall data. In fact, although they are easily available in time and 

space, they have to be assumed as gridded averaged values and, furthermore, 

suffer in uncertainties correlated with topographic distribution, climate divisions 

and with the errors of models and observations in the data assimilation system.  

Overall, the obtained results represent a step forward to the improvements of 

landslide thresholds identification and are in line with the recent developments 

in literature. Furthermore, these results support as the soil moisture is a 

predisposing factor in the landslide initiation mechanism.
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Chapter 5 

Improving Spatial Landslide Prediction 

with 3D Slope Stability Analysis and 

Genetic Algorithm Optimization 

Palazzolo, N., Peres, D.J., Bordoni, M., Meisina, C.; Creaco, E.; Cancelliere, A. 

Abstract 

In this study, we compare infinite slope and the three-dimensional stability 

analysis performed by SCOOPS 3D (software to analyze three-dimensional slope 

stability throughout a digital landscape). SCOOPS 3D is a model proposed by the 

U. S. Geological Survey (USGS), the potentialities of which have still not been 

investigated sufficiently. The comparison between infinite slope and 3D slope 

stability analysis is carried out using the same hydrological analysis, which is 

performed with TRIGRS (transient rainfall infiltration and grid-based regional 

slope-stability model)—another model proposed by USGS. The SCOOPS 3D 

model requires definition of a series of numerical parameters that can have a 

significant impact on its own performance, for a given set of physical properties. 

In the study, we calibrate these numerical parameters through a multi-objective 

optimization based on genetic algorithms to maximize the model predictability 

performance in terms of statistics of the receiver operating characteristics (ROC) 

confusion matrix. This comparison is carried out through an application on a real 

case study, a catchment in the Oltrepò Pavese (Italy), in which the areas of 

triggered landslides were accurately monitored during an extreme rainfall on 

27–28 April 2009. Results show that the SCOOPS 3D model performs better than 

the 1D infinite slope stability analysis, as the ROC True Skill Statistic increases 

from 0.09 to 0.37. In comparison to other studies, we find the 1D model performs 
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worse, likely for the availability of less detailed geological data. On the other 

side, for the 3D model we find even better results than the two other studies 

present to date in the scientific literature. This is to be attributed to the 

optimization process we proposed, which allows to have a greater gain of 

performance passing from the 1D to the 3D simulation, in comparison to the 

above-mentioned studies, where no optimization has been applied. Thus, our 

study contributes to improving the performances of landslide models, which still 

remain subject to many uncertainty factors. 

Keywords: TRIGRS; SCOOPS 3D; rainfall induced landslide; slope stability 

analysis; optimization. 
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5.1. Introduction 

Shallow rainfall-induced landslides frequently cause human losses and 

substantial damages to infrastructures in many mountain and hilly regions 

worldwide (Froude and Petley, 2018). Landslides can have devastating effects on 

the downstream area, especially when they evolve into debris flow (Stancanelli et 

al., 2017; Peres and Cancelliere, 2018a; Manenti et al., 2020). As a result, many 

efforts have been devoted to the development of techniques and methodologies 

useful for the space-time prediction of rainfall-induced landslides. 

Models for determining the rainfall conditions that trigger landslides can be 

broadly divided into two categories, namely rainfall triggering thresholds and 

numerical physically based models. The former are defined as the rainfall 

conditions the exceedance of which is likely to trigger landslides (Segoni et al., 

2018a; Piciullo et al., 2018; Bordoni et al., 2019). Due to the empirical nature of 

this approach (Aleotti, 2004a; Cannon et al., 2008; Dahal and Hasegawa, 2008; 

Giannecchini et al., 2012; Guzzetti et al., 2007a, 2008a; Innes, 1983b; Leonarduzzi 

et al., 2017b; Peruccacci et al., 2012b), the quality and reliability of input data can 

affect the reliability of the prediction (Hong et al., 2006; Nikolopoulos et al., 

2014b; Peres et al., 2018; Marra, 2019). The latter simulate the hydrological and 

geotechnical processes responsible for the trigger (Baum and Godt, 2010; Lepore 

et al., 2013; Segoni et al., 2009; Alvioli and Baum, 2016; Bordoni et al., 2015a), and 

can be used also for hazard mapping and thus for land planning purposes. 

However, their application may be hampered by the limited availability of data 

on soil properties (Bordoni et al., 2017; Valentino et al., 2011). These models are 

composed of two parts: a hydrological model to determine the soil response to 

rainfall in terms of pore pressure changes and a slope stability model to estimate 

the induced change in the ratio of resisting to driving forces acting on potential 

sliding masses (Rosso et al., 2006; Crosta and Frattini, 2003). 

The great majority of landslide models used infinite slope stability analysis 
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(Baum and Godt, 2010; Peres and Cancelliere, 2016; Yao et al., 2019b; Salvatici et 

al., 2018; Zieher et al., 2017b; Raia et al., 2014b; Lepore et al., 2013; Chiu et al., 

2019; Strauch et al., 2019), according to which the failure of each cell is assumed 

to be independent of the other ones in the catchment, resulting in unstable areas 

that have low connectivity, which are thus quite unrealistic. Hence, there is an 

increasing scientific interest towards the development of software that 

implements three-dimensional slope stability analysis (Lehmann and Or, 2012; 

Bellugi et al., 2015; Anagnostopoulos et al., 2015; Milledge et al., 2014; Lu et al., 

2014; Dai et al., 2014; Fan et al., 2017). SCOOPS 3D (software to analyze 3D slope 

stability throughout a digital landscape) (Reid et al., 2015) belongs to the 3D 

models category and uses a three-dimensional (3D) approach to assess the 

stability of many potential landslides within a user-defined size range and 

considering landslide triggering as a cascade of failures of interconnected soil 

columns. When applied to the catchment scale, based on a digital terrain model 

(DTM), 3D slope stability analysis requires rather complex algorithms aimed at 

searching iteratively the unstable surfaces (landslides), which involve several 

numerical parameters. Setting these parameters in the optimal manner may be a 

tedious task and discourage the application of these models, or even induce 

performances which do not reflect their potentialities. 

In this paper, we firstly aim to contribute to the investigation of the real 

advantages and disadvantages of 1D vs. 3D slope stability analysis at the 

catchment scale. Given the limitation mentioned above, we propose to use 

optimization techniques to define the numerical parameters of 3D slope stability 

models. In this context, we propose the use of genetic algorithms, a technique 

known for its efficiency and stability in finding global optimum solutions. 

Specifically, we investigate the performance of two different models from the 

published literature, namely: TRIGRS (transient rainfall infiltration and grid-

based regional slope-stability) (Alvioli and Baum, 2016; Baum et al., 2002), and 
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the above mentioned SCOOPS 3D (Reid et al., 2015). This methodology is applied 

on a river basin in the Oltrepò Pavese area (northern Italy), where several 

landslides were triggered after an extreme rainfall event (160 mm in 48 h) on 27–

28 April 2009. 

The last version of TRIGRS, i.e., v.2.1, provides as output a dedicated 3D format 

of pore water pressures suitable for the slope stability analysis in SCOOPS 3D 

(Alvioli and Baum, 2016). Besides, TRIGRS also performs a 1D stability analysis, 

based on infinite slope assumption, which can be compared to the results of the 

3D analysis through SCOOPS 3D. In our work, TRIGRS is used for the 

hydrological analysis. Then, the resulting pore pressure field is used first as input 

to the infinite slope stability model embedded into TRIGRS model itself, and then 

as input to SCOOPS 3D for the geomechanical analysis. 

Though the present is not the first application of SCOOPS 3D methodology to a 

real case study (Tran et al., 2018; He et al., 2021), here it is applied to a case study 

where a detailed knowledge of the occurred landslide geometries is available, 

due to a post-event processing of aerial images. The use of the multi-objective 

optimization and the availability of detailed spatial information on observed 

landslides enable a more in-depth assessment of the concerned models as 

compared to the two above-cited studies. 

First the proposed methodology is presented in the “Materials and Methods” 

section, focusing on the models adopted in the models (TRIGRS, version 2.1 

(Alvioli and Baum, 2016); SCOOPS 3D, version 1.1 (Reid et al., 2015)) and on the 

genetic algorithm NSGAII (Non-dominated Sorting Genetic Algorithm II) used in 

the optimization of SCOOPS 3D. Then the “Study Area” section describes the 

relevant features of the study area. Next, a comparison of the performance of the 

1D and 3D approaches is presented in “Results and Discussion” section. Finally, 

conclusions are drawn in the last section. 
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5.2. Materials and methods 

The methodology adopted in this work aims to compare the performance of a 3D 

model vs. a 1D model in the prediction of landslide areas as a result of an intense 

rainfall event. This comparison requires a hydrological analysis to be performed 

as a preliminary step. In this work, this is done through the hydrological module 

of TRIGRS program, which uses a linearization of the 1D vertical infiltration 

Richards equation (see Section 5.2.1). Taking as input the pressure head fields of 

the hydrological analysis, the geomechanical analysis is performed using the 

infinite slope model implemented within TRIGRS (see Section 5.2.2) and the 

SCOOPS 3D model (see Section 5.2.3). While using the software SCOOPS 3D, a 

novel parameterization method based on the use of multi-objective optimization 

is proposed (see Section 5.2.4) in order to improve its prediction capability. 

To test the performance of TRIGRS and SCOOPS 3D in terms of landslide 

prediction against observations in a real case study using the inventory of the 

occurred landslides geometries, the ROC analysis (Receiver Operating 

Characteristic) (Fawcett, 2006) is used. ROC curves show the full picture of the 

relationship between true-positive rate and false-positive rate across all possible 

threshold values (Liu et al., 2005), namely, in this case, the link between the 

probability to obtain a true-positive result in the class of the observed landslides 

and the probability to obtain a false-positive result in the class of not occurred 

landslides (Capparelli, 2012). 

In more detail the performance of the models can be assessed through indices 

based on the confusion matrix or the receiver-operating characteristics (ROCs), 

that is, in terms of the count of true positives (TP), true negatives (TN), false 

positives (FP) and false negatives (FN) (e.g., (Marino et al., 2020)) (Table 4-I) in 

each cell of the domain. 
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Table 5-I Confusion matrix for ROC analysis. 

   Observed landslide 

  Landslide (P) No landslide (N) 

Predicted Landslide 
Landslide: FS<1 TP FP 

No landslide: FS≥1 FN TN 

As a function of the variables reported in Table 4-I, the three reference standard 

ROC indices, namely, true positive rate, false positive rate and true skill statistic, 

are listed below (Eqs. 5.1,5.2, 5.3): 

 

TPR =
TP

(TP + FN)
 (5.1) 

FPR =
FP

(TN + FP)
 (5.2) 

TSS =
TP

TP + FN
−

FP

TN + FP
 (5.3) 

The highest performances correspond to FPR=0 and TPR=1, when, relatively to a 

given rainfall event, all observed landslide cells are equal to all unstable cells 

predicted by the model, i.e., model produces no false or missing predictions. A 

description of the methodology is presented in Figure 5.1. Additional remarks 

concerning the simulation framework are reported in subsection 5.3 “Simulation 

framework”. 
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Figure 5.1 Description of the methodology. 

5.2.1. Pressure Head Computation by TRIGRS Model 

(The Transient Infiltration and Grid-Based Regional 

Slope-Stability Model – v.2.1) 

TRIGRS (Transient Rainfall Infiltration and Grid-Based Regional Slope-stability 

Model) is a research computational model developed by U. S. Geological Survey 

(USGS) to describe the timing and distribution of rainfall-induced shallow 

landslides (Rex L. Baum, William Z. Savage, 2008). 

This is an event-based spatially-distributed model to assess the pore water 

pressures on a cell-by-cell basis and to outline variations in Factor of Safety (FS) 

resulting from extreme rainfall events that have durations ranging from hours to 

few days. Different outputs of the model can be displayed in a geographical 

information system (GIS) (Rex L. Baum, William Z. Savage, 2008) and can be 
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saved at multiple times during the simulation. 

The software is founded on analytical solutions for Richards’ one-dimensional 

(1D) partial differential equation representing the vertical subsurface flow in 

vertically isotropic and homogeneous material. 

Version 1.0 of TRIGRS (Baum et al., 2002) was based on the hydrological model 

of Iverson (Iverson, 2000b) for a finite basal boundary bedrock depth by Savage 

et al. (Savage et al., 2003) whereas the version 2.0 and the version 2.1, which is 

used here, are based on less restrictive hypotheses than the previous version, i.e. 

an analytical solution to the Richards’ vertical infiltration equation with a 

Gardner (Gardner, 1958) retention curve. A scheme for a simulated hillslope cell 

is shown in Figure 5.2, representing the soil profile as a system consisting of two 

layers with a saturated zone beneath the water table that is overlain by a 

capillary fringe in addition to an unsaturated zone extending to the ground 

surface (Rex L. Baum, William Z. Savage, 2008). 

 

Figure 5.2 One-cell sketch for the TRIGRS model (Rex L. Baum, William Z. Savage, 2008) 

For the simulation of the vertically rainfall infiltration at the ground surface 

through the unsaturated zone, the one-dimensional Richards equation is applied 

as follow: 
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∂θ

∂t
=

∂

∂Z
[K(ψ) (

1

cos2δ

∂ψ

∂Z
− 1)] (5.4) 

where Z is the vertical downward coordinate, t is the time, θ(Z, t) is the soil water 

content, ψ(Z, t) is the pore pressure, K(ψ) is the hydraulic conductivity and 𝜕 is 

the ground slope surface. According to Srivastava and Yeh (Srivastava and Yeh, 

1991), Eq. (5.4) can be linearized using the exponential soil water retention curve 

proposed by Gardner (1958) described by the following equations: 

𝐾(𝜓) = 𝐾𝑠𝑒𝛼(𝜓−𝜓0) (5.5) 

𝜃 = 𝜃𝑟 + (𝜃𝑠 − 𝜃𝑟)𝑒𝛼(𝜓−𝜓0) (5.6) 

where 𝐾𝑠 is the saturated hydraulic conductivity, 𝛼 is the inverse height of the 

capillary rise, −𝜓0 = 1
𝛼⁄  is the vertical height of the capillary fringe above the 

water table, 𝜃𝑟 and 𝜃𝑠 are the residual and saturated water contents, respectively. 

Using Eq. (5.5) and the computation of 𝐾(𝑍, 𝑡) based on a generalized form of the 

solution of Srivastava ad Yeh (1991), the pressure head in the unsaturated zone 

ψ(Z, t) is obtained 

𝜓(𝑍, 𝑡) =
𝑐𝑜𝑠𝛿

𝛼1
𝑙𝑛 [

𝐾(𝑍, 𝑡)

𝐾𝑠
] + 𝜓0 (5.7) 

where 𝛿 is the ground surface slope and 𝛼1 = 𝛼𝑐𝑜𝑠2𝛿. 

Infiltration, runoff and flow routing 

The infiltration at each cell of the domain, I, is evaluated as the sum of the 

precipitation rate P plus the runoff rate from the upslope cells, 𝑅𝑢, as long as the 

infiltration does not exceed the hydraulic conductivity 𝐾𝑠: 

𝐼 = 𝑃 + 𝑅𝑢  𝑖𝑓  𝑃 + 𝑅𝑢  ≤ 𝐾𝑠 (5.8) 

 𝐼 = 𝐾𝑠           𝑖𝑓  𝑃 + 𝑅𝑢  ≥ 𝐾𝑠  (5.9) 

When the precipitation and the supplied runoff from adjacent cells exceed 

infiltrability, runoff 𝑅𝑑 appears and is diverted flowing down to adjacent 

downslope cells. The distribution among the downslope cells is computed as 

follow: 
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𝑅𝑑 = 𝑃 + 𝑅𝑢 − 𝐾𝑠     𝑖𝑓  𝑃 + 𝑅𝑢 − 𝐾𝑠  ≥ 0 (5.10) 

𝑅𝑑 = 0  𝑖𝑓  𝑃 + 𝑅𝑢 − 𝐾𝑠 < 0  (5.11) 

Further details on the TRIGRS governing equations have been reported by 

Alvioli and Baum (2016); Baum and Savage (2008). 

5.2.2. Slope Stability Analysis by TRIGRS Model (The 

Transient Rainfall Infiltration and Grid-Based 

Regional Slope-Stability Model – v.2.1) 

Following Iverson (2000a), the slope stability analysis in TRIGRS is assessed 

under the infinite slope assumption, assuming failure plans parallel to the 

ground surface (Taylor Donald W., 1948). The factor of safety FS is computed on 

cell-by-cell basis for an arbitrary depth Z with the following formula: 

𝑆(𝑍, 𝑡) =
𝑡𝑎𝑛𝜑′

𝑡𝑎𝑛𝛿
+

𝑐′ − 𝜓(𝑍, 𝑡)𝛾𝑤𝑡𝑎𝑛𝜑′

𝛾𝑆𝑍𝑠𝑖𝑛𝛿𝑐𝑜𝑠𝛿
  (5.12) 

where 𝜑′ is the soil friction angle for effective stress; 𝑐′ is the soil cohesion for 

effective stress; γs and γw are the soil unit weight and the unit weight of 

groundwater, respectively; 𝜓(𝑍, 𝑡) is the pressure head as a function of time t and 

of depth Z; 𝛿 is the slope angle. Therefore, pressure head affects slope stability 

and, as shown by Eq. (5.12), an increase in pressures provides a decrease in the 

safety factor FS. In accordance with most of the studies, FS=1 is assumed as 

limiting equilibrium stadium for landslides triggering (Iverson, 2000b; Rosso et 

al., 2006; Baum and Godt, 2010; Peres et al., 2018; Peres and Cancelliere, 2018b), 

therefore the failure is predicted when FS<1 and stability holds where FS≥1. 

It should be pointed out that TRIGRS, as it works on cell-by-cell basis, needs GIS 

software for preparing the necessary input gridded data in ASCII format. This 

allows investigating several scenarios by varying the geotechnical and hydraulic 
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parameters which could be assumed homogeneous in the whole study area or 

not. 

5.2.3. Slope Stability Analysis by SCOOPS 3D Model 

(Software to Analyze Three-Dimensional Slope-

Stability throughout a Digital Landscape) 

SCOOPS 3D is a research computational model developed by U. S. Geological 

Survey (USGS) (Reid et al., 2015) which uses a three-dimensional method of 

columns approach for analyzing slope stability throughout a digital landscape 

(digital elevation model, DEM). This model utilizes a considerable number of 

spheres to cut the terrain in order to generate several intersections, 

corresponding to various potential slip surfaces (Fig. 4.3.3-1). For each potential 

slip surface, SCOOPS 3D applies the 3D limit equilibrium method (LEMs) to 

assess the slope stability. The use of spatially distributed spheres (Fig. 5.3) as 

predefined potential slip surfaces allows considering the three-dimensional 

characteristics of topography. These spatially distributed spheres can be user-

defined by a series of model parameters. 
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Figure 5.3 Diagram showing a 3D search lattice above a DEM. Each dot represents the center of 

multiple spherical trial surfaces (Reid et al., 2015). 

SCOOPS 3D inspects the DEM for potential failure based on well-defined size 

criteria and a user-defined search grid assuming several soil layers with different 

properties and several groundwater inputs (dry, piezometric surface, pore-

pressure ratio etc.). For a given trial surface, the three-dimensional factor of 

safety, FS3D, is computed using two limit equilibrium methods: the Fellenius 

Ordinary method (1936) and Bishop’s simplified method (1955). Being cell-by-cell 

computation method, each cell within the domain is analyzed by different trial 

surfaces until the lowest value of FS3D is found. This means that, for each 

intersection, the FS3D is uniformly distributed along the trial surface and the final 

slip surface for an individual landslide consists of many portions of spheres 

which represent the minimum stability for every cell. At the end of the research 

procedure, SCOOPS 3D generates a new terrain map with all the materials above 

the potential slip surface removed. Although the slope stability is related to the 

hillside deformations, only the balance of the involved forces is analyzed 

considering a rigid mass potentially sliding regardless of deformations and 

displacements. In general, all limit-equilibrium methods define the factor of 

safety as the ratio of the average shear resistance (strength), s, to the shear stress 
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𝜏, required to maintain limit equilibrium along a predefined trial surface: 

 𝐹𝑠3𝐷 =
𝑠

𝜏
    (5.13) 

As usual, in Eq. 5.13, the slope is considered unstable when Fs3D < 1. 

Bishop’s simplified method (1955) is the most conventional and diffused one 

since it provides reliable FS3D results that are close to more recent and rigorous 

LEMs (Spencer, 1967; Hungr, 1987; Lam and Fredlund, 1993; Reid et al., 2015). It 

is based on the assumption according to which all forces acting on vertical faces 

of each column can be neglected in the equilibrium equations. In SCOOPS 3D, 

the same assumption is made for columns according to the method proposed by 

Hungr (1987) and the shear resistance, 𝜏, acting on a potential slip surface in 

defined by Coulomb-Terzaghi law (Brien and Reid, 2007) 

 𝜏 = 𝑐′ + (𝜎𝑛 − 𝑢)𝑡𝑎𝑛𝜑′ (5.14) 

where 𝑐′ is the soil cohesion,  𝜑′ is the angle of internal friction, 𝜎𝑛 is the total 

normal stress acting on the failure surface and 𝑢 is the pore water pressure acting 

on the shear surface. So, the three-dimensional factor of safety is computed 

summing, for all columns within the potential failure surface, the FS3D with the 

following formula: 

𝐹𝑆3𝐷 =
∑ 𝑅𝑖,𝑗 [𝑐𝑖,𝑗𝐴ℎ𝑖,𝑗

+ (𝑊𝑖,𝑗 − 𝑢𝑖,𝑗𝐴ℎ𝑖,𝑗
)𝑡𝑎𝑛𝜑𝑖,𝑗] /𝑚𝛼𝑖,𝑗

∑ 𝑊𝑖,𝑗(𝑅𝑖,𝑗𝑠𝑖𝑛𝛼𝑖,𝑗 + 𝑘𝑒𝑞𝑒𝑖,𝑗)
 (5.15) 

where, for the i,j column in a potential failure mass, 𝐴ℎ𝑖,𝑗
 is the horizontal area of 

the trial slip surface, 𝑅𝑖,𝑗 is the distance from the axis of rotation to the center of 

trial slip area, 𝑊𝑖,𝑗 is the weight, 𝑢𝑖,𝑗 is the pore-water pressure, 𝑐𝑖,𝑗 is the cohesion 

of the trial slip surface and finally 𝜑𝑖,𝑗is the angle of internal friction on trial slip 

surface; mαi,j
 is a term for part of the computation of normal force acting on the 
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trial slip surface of the i,j column in a potential failure mass, used in Bishop’s 

simplified method of analysis; keq and ei,j are terms related to the option to 

simulate earthquake or seismic loading effects (equal to 0 in this study). 

More details and a complete description of the SCOOPS 3D model are reported 

by Reid et al. (2015). 

5.2.4. SCOOPS 3D Search Grid Configuration and 

Optimization by NSGAII Genetic algorithm 

As explained in the previous section, SCOOPS 3D model utilizes a considerable 

number of spatially distributed spheres (defined by model parameters) to 

generate a number of trial surfaces. The set-up of the search grid is a crucial step 

in order to optimize the computational speed and to ensure high performance of 

the model, thus it needs to be systematically and efficiently configured. The 

following parameters require to be set for the SCOOPS 3D simulations: 

 The radius increments Δr used to explore trial surfaces. The value of Δr is 

used to increase the radius of the spheres that create a series of trial 

surfaces ranging in size between the user specified minimum and 

maximum area of the potential slip surfaces. When the potential failure 

mass exceeds the maximum area or intersect a DEM boundary, the 

generation of the spheres with radius increment Δr is stopped. 

 The minimum and the maximum elevation, zs,min and zs,max, of the search-

lattice nodes with respect to the DEM elevation. The elevation of the first 

search-lattice node is calculated as the sum of zs,min and a multiple of zsrchres 

(a user defined parameter usually equal to the DEM resolution). So that, 

the lattice node being used is always above the DEM. 

 The minimum and the maximum horizontal surface area limits, amin and 

amax, for potential failure masses. The area of a potential failure mass must 

fall in this range for a trial surface to be considered valid. 
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At the moment, no well-established procedures exist in the scientific literature for 

the parameterization of SCOOPS 3D. As an example, Tran et al. (2018) analyzed 

several ranges of the concerned parameters until no change was found on the 

predicted Fs3D map. Here, the search for the optimal parameters was thus carried 

out by using a multi-objective approach, namely the NSGAII multi-objective 

genetic algorithm (Deb et al., 2002). 

Genetic algorithms are a heuristic search and optimization method inspired by 

natural evolution. The basic concept is that evolution will find an optimal 

solution for the analyzed problem after a number of successive generations, 

similar to natural evolution. Any genetic algorithm includes the following 

elements: the chromosome encoding (string representations of the decisional 

variables in each solution), the fitness function (computation evaluating the 

quality of the chromosome as a solution), selection (designed to use fitness to 

guide the evolution of chromosomes), recombination (recombination of selected 

chromosomes through crossover and mutation processes to form members of the 

offspring population) and the evolution scheme (iteration of the scheme until the 

stopping criteria are reached) (McCall, 2005). Due to its random nature, the 

genetic algorithm improves the chances of finding a global solution and proves 

to be very efficient and stable in searching for global optimum solutions (Bajpai 

and Kumar, 2010).  

The NSGAII (Deb et al., 2002) is the second generation evolutionary multi-

objective optimization genetic algorithm that improves the previous NSGA 

thanks to its novel features, namely: a more efficient non-domination sorting 

algorithm, no sharing parameter (i.e., the niche radius), and an implicitly elitist 

selection method that greatly aids in solving high order problems (i.e., problems 

with more than 2 objectives) (Reed et al., 2003). NSGAII is one of the most 

popular multi-objective optimization algorithms and, unlike the single objective 

optimization approach, it simultaneously optimizes various objective functions 



 IMPROVING MODELING AND SIMULATION OF RAINFALL-INDUCED LANDSLIDES: FROM 

PREDICTION TO POST-FAILURE DYNAMICS 

 

95 

 

(Yusoff et al., 2011). In NSGAII, a population of individuals featuring a number 

of genes equal to the number of decisional variables is considered. Like for the 

evolution of living organisms, the population of individuals evolves through 

processes of mutation and crossover, until they converge, in a certain number of 

generations, to the set of final solutions. This set will take the shape of a Pareto 

front or Pareto band, in the case of two or more than two objective functions. The 

diversity inside the Pareto front is ensured by means of the crowding distance, a 

parameter that encourages the spacing between the solutions in the front. 

NSGAII is an elitist algorithm, in that it prevents an undominated solution to be 

deleted from the front. Inside the Pareto front, indeed, no solution is better than 

any others, since all solutions are in the optimal trade-off between the two 

objective functions. 

Thanks to the abovementioned features, the NSGAII genetic algorithm turns to 

be a suitable tool in order to thoroughly find the optimal search input parameters 

responsible for the failure surfaces search for SCOOPS 3D. 

In more detail, the two objective functions considered for the present 

optimization problem are the True Positive Rate (Eq. (5.1)), and the False Positive 

Rate (Eq. (5.2)), to be maximized and minimized, respectively. The 

aforementioned SCOOPS 3D parameters Δr, zs,min, zs,max, amin and amax represent, on 

the other hand, the decision variables ranging between the minimum and the 

maximum constraints defined by the user. 

Inside the Pareto front, the choice of the ultimate solution can be made using 

several criteria. As an example, the set of parameters that yields the expected 

performance in terms of one of the two objectives (either FPR or TPR) can be 

chosen. Otherwise, the set of parameters that yields the Pareto front solution 

closest to the theoretical performance of the best possible model (FPR=0 and 

TPR=1) can be chosen. Finally, another criterion lies in selecting the solution 

farthest up from the bisector line which corresponds to a totally random 
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prediction in a ROC plane.  

In view of these consideration, a Matlab code was designed in order to 

implement the NSGAII optimization and to call and run SCOOPS 3D in a single 

routine. This avoided launching manually the model multiple times, with 

evident savings in terms of simulation time. 

5.3. Simulation framework 

The methodology described in the previous sections (Fig. 5.1) can be applied as 

follows for a generic case study, i.e., a certain catchment in which landslides 

occur during an intense rain event. In a preliminary step aimed at constructing 

the input of the slope stability analysis, on the one hand, the hydrological 

properties of the soil are evaluated together with the recorded rainfall data. On 

the other hand, the geomechanical soil properties are evaluated and the terrain 

morphological analysis is performed. Then, once the pore pressure field is 

computed through the TRIGRS model, the soil stability analysis is performed 

based on the following simulations: 

 Simulation I: 1D slope stability analysis using the TRIGRS model;  

 Simulation II: 3D slope stability analysis using the SCOOPS 3D model. 

As for the first simulation, TRIGRS requires several hydrological soil properties 

(total unit weight of water γw, saturated hydraulic conductivity Ks, saturated 

hydraulic diffusivity D0) and the soil water characteristic curve for wetting of the 

unsaturated soil (Gardner’s parameter α, saturated volumetric water content 𝜃𝑠, 

and residual volumetric water content 𝜃𝑟). All the parameters of TRIGRS can be 

derived from in-situ measurements of the soil in the analyzed case study. In 

more detail, field surveys together with laboratory test results have enabled to 

derive the hydrogeological properties needed for the abovementioned 

simulations. The geotechnical characterization was based on standard soil 

analyses carried out according to the ASTM (American Society for Testing and 
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Materials) standards. The performed tests included an assessment of the physical 

parameters of the materials and triaxial tests which allowed the determination of 

the shear strength parameters. The hydrological properties in the study area, 

instead, were determined through a laboratory reconstruction of the soil water 

characteristic curve (SWCC) and the hydraulic conductivity function (HCF). 

These functions were reconstructed using undisturbed soil samples. 

As for the second simulation, instead, in addition to the geotechnical and 

hydraulic properties, the hydrological data obtained from the TRIGRS model and 

the configuration of the search grid as a result of the optimization procedure 

through NSGAII genetic algorithm are required. 

5.4. Study area 

The study area is located in the Oltrepò Pavese, Lombardy region, northern Italy 

(Figure 5.4). 

 

Figure 5.4 (a), (b), (c), (d) Examples of landslide in the study area (Valentino et al., 2014); (e) 

Catchment within Oltrepò Pavese region. 

A catchment was selected with a surface area of about 2 km2 where many 

shallow-seated landslides occurred due to rainfall on April 27–28, 2009 (Fig. 

5.5(a)). Based on aerial photographs taken immediately after the event and 

subsequent field surveys, the shapes of the observed landslides were 

individuated and inventoried. Observed landslides featured very variable size, 
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ranging from about 15 m2 to 6300 m2 with an average value of 500 m2. The 

distribution of terrain slope of the catchment is also shown in Figure 5.5(b). 

 

Figure 5.5 (a) Catchment topography with observed landslides triggered after the extreme rainfall 

on April 27-28, 2009 and location of soil thickness sampling points. Maximum and minimum areas 

(amin, amax) considered as lower and upper limits in the optimization process of the slip-surface 

search parameters for SCOOPS 3D are also represented; (b) Catchment slope. 

One crucial step in the application of the TRIGRS model is the definition of the 

initial conditions, mainly the finite depth of the basal boundary (that is the 

covering soil above of the impermeable bedrock) and the depth of the water 

table, both referred to the ground surface. To this end, generally steady state 

initial conditions are assumed. Here, it was assumed that the water table had un 

upper limit located approximately 0.1 m above the bedrock, accordingly to the in 

situ measurements collected by a monitoring station installed in the study area 

after the event taken as reference (Bordoni et al., 2015c). In more detail, some 

probes were installed in the soil at different depth to measure some of the main 

hydrological features such as the soil water content and the soil water pressure. 

The thickness of the basal boundary, instead, can vary as a function of many 

different and interplaying factors, such as the underlying lithology, the slope 
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gradient, the hillslope curvature, the upslope contributing area, and other factors 

(Tesfa et al., 2009). Since many applications require the availability of soil 

thickness measures on a dense scale, several methods for estimating the spatial 

patterns of soil thickness have been proposed in the scientific literature (Salciarini 

et al., 2006; Tesfa et al., 2009; Pelletier and Rasmussen, 2009; Catani et al., 2010). 

In this application the empirical method proposed by Saulnier (1997) has been 

adopted according to which the effective soil depth is defined as a function of the 

slope angle within the catchment (Tran et al., 2018; Méndez-Barroso et al., 2016) 

yi = ymax [1 −
tan(xi) − tan(xmin)

tan(xmax) − tan(xmin)
(1 −

ymin

ymax
)] (5.16) 

where 𝑦𝑚𝑖𝑛 and 𝑦𝑚𝑎𝑥 are, respectively, the minimum and the maximum values of 

effective soil depth, and 𝑥𝑖 is the slope angle at point i. The minimum and the 

maximum values of soil thickness were derived from field data collected after the 

event investigated in this study (Zizioli et al., 2013) (Table 4-II). 

The location of the measuring points concerning the soil thickness used for the 

computation of the distribution of the soil depth within the study area is also 

reported in Figure 5.5(a) and the correlation between measured soil thickness 

points and the estimated ones is shown in Figure 5.6. 
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Figure 5.6 Measured vs. estimated soil thickness points. 

During the mentioned landslide event dates, the Cigognola rain-gauge station 

recorded 160 mm of rain in 48 hours (20% of the annual average amount), with a 

peak intensity of 22 mm/h at 09:00 p.m. on 27 April. After this maximum 

intensity was reached, many shallow landslides were triggered, causing one 

fatality, several damages to agriculture, and road blockages (Zizioli et al., 2013).  

The geotechnical and hydraulic properties in the study area are summarized in 

Table 4-II. For a more detailed description of the geological features of the study 

area, please refer to Bordoni et al. (2015c). 

Table 5-II Geotechnical and hydraulic properties for the study area (Bordoni et al., 2015c; Zizioli et 

al., 2013). 

𝜸s 𝝋’ c’ 𝜽𝒔 𝜽𝒓 𝜶𝑮 KS D0 𝒚𝒎𝒂𝒙 𝒚𝒎𝒊𝒏 

[kN·m-3] [°] [kPa] [-] [-] [kPa-1] [m·s-1] [m·s-1] [m] [m] 

18 26 3.8 0.46 0.08 0.014 1.4·10-5 2.8·10-4 2.4 0.5 

 

Lastly, Table 5-III summarizes the minimum and maximum constraints 

concerning the decision variables used in the optimization process of the slip-

surfaces search parameters for SCOOPS 3D. These values were set based on some 
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practical considerations available in SCOOPS 3D reference book (Reid et al., 

2015). 

Table 5-III Decision variables constraints used in the optimization process of the slip-surfaces 

search parameters for SCOOPS 3D. 

 zs,min zs,max amin amax ∆r, increment 

 [m] [m] [m
2
] [m

2
] [m] 

Lower limit 100 300 500 6300 0.25 

Upper limit 200 600 2500 25000 25 

 

The results of the slope stability analysis in Simulations I and II were considered 

at the time step of the maximum rainfall intensity, namely, 9 p.m. on April 27, 

2009, when the most devastating landslides were triggered (Valentino et al., 

2014). 

5.5. Results and discussion 

Figure 5.7 shows the spatially-averaged max pressure head (panel (b)) and the 

amount of potential unstable cells (panel (c)) within the study catchment during 

the rainfall event (panel (a)) as a result of the 1D slope stability analysis 

(simulations by TRIGRS software v. 2.1). It can be noted that the number of cells 

corresponding to a factor of safety FS1D < 1 increases with total rainfall. 
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Figure 5.7 (a) Hourly rainfall series used in input for simulations; (b) simulated catchment-

averaged pressure head series; (c) simulated potential unstable cells for the event of April 27-28, 

2009 (1D analysis using TRIGRS v. 2.1) 

Figure 5.8 shows, in terms of FPR and TPR, the results of the comparison 

between 1D and 3D slope stability analysis as output of the two main simulations 

carried out. As expected, the output of TRIGRS is made up of a single pair of 

values FPR and TPR. The output of SCOOPS 3D is, instead, made up of a Pareto 

front of optimal solutions in the trade-off between FPR and TPR. 

(a) 

(c) 

(b) 
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Figure 5.8 Comparison of the results of TRIGRS and SCOOPS 3D in the FPR-TPR space. Selection of 

the ultimate solution of SCOOPS 3D is also reported. 

The figure shows that, in general, the 3D approach gives better results than the 

1D method in terms of model performance, demonstrating that the 3D approach 

is able to better describe the landslide triggering mechanisms through the 

assumption of more realistic slip surface geometries. Although the point in the 

ROC plane corresponding to 1D analysis is higher than the line of no 

discrimination (random prediction), it lies significantly below the points 

corresponding to all 3D simulations, i.e., independently from the choice of the 

slip-surface searching parameters. The Pareto front representative of the 

simulation II features TPR values ranging between 0.54 and 0.87 and FPR values 

ranging between 0.28 and 0.53. In particular, if two extreme points are considered 
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within the ROC plane, namely a) TPR=FPR=0 (no unstable areas predicted by the 

model - most extreme underestimation of landslide area) and b) TPR=FP =1 (no 

stable areas predicted by the model - most extreme overestimation of landslide 

areas), as shown in Figure 5.8, the point representing the performance of the 

TRIGRS model is closer to the extreme condition a) than SCOOPS 3D model to 

the condition b). This means that, by using SCOOPS 3D, it is more likely to 

exactly predict unstable areas than to obtain a false positive result in the class of 

not occurred landslides. 

The wide range of performance variation associated with the different values of 

the slip-surface search parameters highlights the importance of their correct 

choice, and thus of the optimization performed. Among the solutions in the 

Pareto front, the best can be assumed as the one closest to the ideal performance 

point (FPR=0, TPR=1), which is FPR=0.39 and TPR=0.76 (True Skill Statistic = TPR 

– FPR = 0.37). 

The results described above in terms of FPR and TPR are reported in the 

following Table 5-IV as well as the optimized value of the slip surfaces search 

parameters for SCOOPS 3D in correspondence with the ultimate solution of 

simulation II. 

Table 5-IV Ultimate values of the objective functions FPR and TPR in Simulations I and II and 

corresponding responses of the True Skill Statistic (TSS). Optimized values of the slip-surfaces 

search parameters for SCOOPS 3D are also reported. 

 FPR TPR TSS zs,min zs,max amin amax ∆r, increment 

 [-] [-] [-] [m] [m] [m2] [m2] [m] 

Simulation I 0.12 0.21 0.09 - - - - - 

Simulation II  0.39 0.76 0.37 100 300.5 596 16074 21 

The results of the analysis conducted in terms of factor of safety FS are shown in 

Figure 5.9. In more detail, Figures 5.9 (a) and (b) present the spatial distribution 

of the factor of safety as a result of both simulations carried out. According to 

Eqs. (5.12, 5.13), the potentially unstable cells are defined by a FS<1, namely the 
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dark red cells of the maps. As expected, the 1D slope stability analysis, i.e., 

simulation I, yield a more disconnected field of the FS, if compared to the FS3D 

distribution, i.e. simulation II. This reflects the fact that, for the infinite slope 

assumption, the possible failure of each cell within the study area is independent 

of the other ones, neglecting connectivity of the real failures. 

For a more objective comparison between the two maps, the conditional 

distributions of the factor safety, respect to observed landslide and stable areas 

have been computed, and represented as cumulative empirical frequency plots in 

Figure 5.9 (c). As can be seen, the 3D model is able to better distinguish stable 

from unstable conditions, with a general higher cumulative frequency and factor 

of safety values ranking from 0.5 to 1.2 in the case of the observed landslides and 

until 2.5 in the case of no landslide occurrence. Relatively to the 1D model, 

instead, lower cumulative frequencies are accompanied by a missing clear 

discrimination in terms of factor of safety between the areas interested by the 

observed landslides and the remaining part of the study area, as depicted by the 

dashed lines in Figure 5.9 (c). 
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Figure 5.9 (a) Factor of safety spatial distribution as a result of 1D slope stability analysis 

(Simulation I,); (b) Factor of safety spatial distribution as a result of 3D slope stability analysis 

(Simulation II); (c) Cumulative frequency of the factor of safety resulting by both 1D and 3D models 

Furthermore, in order to evaluate the performance of the landslide models 

adopted in this paper, the landslide ratio of each predicted FS class was used, 

namely the LRclass index (Park et al., 2013). LRclass index is defined as the ratio of 

the percentage of contained slope failure locations in each FS class to the 

predicted percentage of area in each class of FS category. A larger value of 

%LRclass corresponds to a lower over-prediction by the model (Park et al., 2013). 

Table 5-V shows the results obtained concerning the LRclass analysis to allow an 
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additional comparison with Tran et al. (2018). The unstable areas predicted are 

37.5% by the 3D method and 12.8% by the 1D method. The %LRclass=82 of the 3D 

approach is pretty higher than %LRclass=64.5 of the 1D method. 

Table 5-V Comparison of LRclass index obtained with the 3D and 1D approaches, both calculated 

at 9 p.m. on 27 April, 2009. 

Overall, these results show that there is a large uncertainty in landslide 

prediction. On this regard, it is worthwhile to compare the performance we 

obtained with similar studies in the literature. In particular, relatively to the 1D 

model, Baum et al. (Baum et al., 2010) showed performance of the TRIGRS model 

for a study area north of Seattle, Washington in terms of ROC statistics, reporting 

a FPR = 0.08 and a TPR = 0.35 which are better than in our case (FPR = 0.12 and 

TPR = 0.21), likely for the availability of more detailed geological data than in our 

case. If we compare our results with those of Tran et al. (2018), in terms of the 

%LRclass index for FS<1, again we find better performances for the 1D model 

(85.6% vs. 64.5% in our case), while for the 3D model we obtain only slightly 

worse performances (87.4 vs. 82%). From another standpoint, this comparison, 

reveals a greater gain in performance when passing from the 1D to the 3D model. 

When comparing our results to those of He et al. (He et al., 2021), again in terms 

of the %LRclass index for FS<1, the results for the 1D model are closer (71.28% vs. 

our 64.5 %), while we obtain slightly better performances for the 3D model (82% 

in our case, vs. 80.16 %). The greater gain in performances from 1D to the 3D that 

we obtain demonstrates the success of the optimization process we propose.   

FS class 

Observed sites 

(a) 

Observed  

sites (%) 

(c) 

Predicted  

area (%) 

(d) 

LRclass 

(e)=(c)/(d) 

%LRclass 

(e)/(f) 

3D 1D 3D 1D 3D 1D 3D 1D 3D 1D 

FS < 1 2365 676 73.4 21 37.5 12.8 1.9 1.6 82 64.5 

FS ≥ 1 857 2546 26.6 79 62.5 87.2 0.4 0.9 18 35.5 

Sum 3222 3222 100 100 100 100 2.3 (f) 2.5 (f) 100 100 
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5.6. Conclusions 

This work presented the comparison of 1D (TRIGRS) and 3D (SCOOPS 3D) slope 

stability models combined with the hydrological analysis performed with the 

former software. The applications concerned the simulation of the landslides 

triggered by an intense rain event, with 160 mm in 48 h, in the Oltrepò Pavese in 

the year 2009. 

Compared to other case studies in the scientific literature, this paper is the first, 

to the best of our knowledge, where SCOOPS 3D is tested against a detailed 

inventory of observed landslides with accurately measured shapes. This resulted 

in a more accurate evaluation of the modelling performance and in the 

opportunity to set up a more reliable model parameterization, obtained through 

the application of multi-objective optimization in the trade-off between true 

positive rate (TPR) and false positive rate (FPR), to be maximized and minimized 

respectively. 

Overall, the analysis of the results has pointed out that SCOOPS 3D can enable 

better prediction of landslide prone areas, leading to TSS values up to 0.37, in 

comparison with a value of 0.09 for the 1D model TRIGRS. In comparison to 

other studies, we find the 1D model performs worse than in other studies, likely 

for the availability of less detailed geological data. On the other side, for the 3D 

model we find even better results than the two other studies present to date in 

the scientific literature. This is to be attributed to the optimization process we 

proposed, which allows to have a greater gain of performance passing from the 

1D to the 3D simulation, in comparison to the above-mentioned studies, where 

no optimization has been applied. 

Thus, our study contributes to improving the performances of landslide models, 

and marks out the way for future developments, e.g., the refinement of the 

computation of the hydrological response, required by the 3D slope stability 

analysis, by introducing soil moisture information. 
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In this regard, the use of soil moisture global dataset can be explored for deriving 

the initial conditions for modeling rainfall infiltration leading to shallow 

landsliding.
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Chapter 6 

Post-Failure Dynamics of Rainfall-Induced 

Landslide in Oltrepò Pavese 

Manenti, S., Amicarelli, A., Palazzolo, N., Bordoni, M., Creaco, E., Meisina, C. 

Abstract 

Prediction of landslide hazard risk at hill slope induced by intense rainfall 

requires the appropriate modeling of the interactions between soil and weather 

phenomena, leading to failure as well as a reliable prediction of post-failure 

dynamics. In the peculiar case of fast shallow landslides behaving like dense 

granular flows, a suitable modeling approach for large and rapid deformations is 

necessary to estimate potential related damage. The impact force exerted by the 

leading edge of the earth-flow on the downstream structure should be estimated 

for both damage prediction and design of effective protection measures. In this 

paper, a free open-source 3D research code (Amicarelli et al. 2020b) based on 

standard weakly compressible smoothed particle hydrodynamics (WCSPH) 

method is validated on a full-scale rainfall-induced shallow landslide which 

occurred in Oltrepò Pavese (Northern Italy). SPHERA allows resolving the 

vertical velocity gradients, potentially providing a more reliable representation of 

the landslide dynamics and impact force. Mechanical parameters are consistent 

with average soil characteristics, avoiding calibration analysis. The final landslide 

profile is compared with an experimental survey for validation, showing good 

fit. Influence of uncertainties of geotechnical parameters on the landslide front 

velocity and impact force on the downstream wall is evaluated. 

Keywords: rainfall-induced shallow landslide; post failure dynamics; soil-water 

interaction; validation; non-Newtonian fluid; WCSPH; natural hazards
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6.1. Introduction 

Post-failure shallow landslide dynamics may be characterized by opposite 

behaviors. In the case where low displacement rates occur at a narrow shear zone 

just below the ground surface, some simplified mathematical approaches may be 

adopted in the engineering practice to describe effectively the landslide dynamics 

(Conte et al., 2017). In the case of fast rainfall-induced shallow landslides, the 

dynamics is more complex to predict if the run-out starts as shallow rotational-

translational failure subsequently changing into earth-flows. This kind of 

landslide is triggered by intense rainfall events inducing water infiltration at 

slopes that increases the volumetric water content and pore water pressure, thus 

worsening the slope stability (Zizioli et al., 2013). Therefore, a reliable assessment 

of landslide susceptibility requires, among the other things, proper definition of 

the hydro-mechanical features, as well as rainfall characteristics considering 

recent climate trends affecting rainfall and intense storm events (Barbero et al., 

2014). A rainfall-induced shallow landslide represents one of the most common 

natural hazards in some areas of the world (Bordoni et al., 2015b, c). Ongoing 

research is being carried out for defining a new integrated hydrogeological 

model to assess shallow landslides and flood prone areas at catchment scale in 

Oltrepò Pavese, in order to predict their spatial and temporal occurrence, and to 

develop early-warning strategies (ANDROMEDA project, funded by Fondazione 

Cariplo) (Bordoni et al., 2019). The above-described dynamic behavior of fast 

rainfall-induced shallow landslide is due to the large water content. As a 

consequence, this kind of landslide behaves like a dense granular flow, and 

suitable modeling approaches should be adopted for handling large spatial and 

temporal displacement gradients. Meshless particle methods could be helpful for 

this purpose. Among the numerous types of meshless particle methods, the 

smoothed particle hydrodynamics (SPH) method (Monaghan, 2005) is 

successfully applied to simulate complex multiphase flows with impact and 
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shock (Guandalini et al., 2015; Manenti et al., 2011a), involving fluids with high-

density ratio (Manenti et al., 2018) as well as non-Newtonian fluids (Manenti et 

al., 2016, 2011b; Guandalini et al., 2012; Shao and Lo, 2003). These problems are of 

great concern in the applied engineering dealing with water related natural 

hazards (Manenti et al., 2019), such as landslide induced tsunami in artificial 

reservoir (Manenti et al., 2016) and intense rainfall-induced shallow landslides 

(Pastor et al., 2004). The weakly compressible smoothed particle hydrodynamics 

(WCSPH) research code SPHERA v.9.0.0 (RSE SpA) 

(https://github.com/AndreaAmicarelliRSE/SPHERA) is a free open-source 

research software (FOSS) featured by several numerical schemes, such as the 

scheme for dense granular flows (Amicarelli et al., 2017). SPHERA has been 

validated on various application fields including, for instance, floods with 

transport of solid bodies and bed-load transport; fast landslides and their 

interactions with water reservoirs; sediment removal from water bodies 

(Amicarelli et al., 2020b). The validation of SPHERA on the post-failure dynamics 

of rainfall-induced fast shallow landslide will be illustrated in this work. In the 

analysis for a reliable estimate of the risk level of rainfall-induced landslide 

hazard, the susceptibility evaluation represents only one of the relevant issues. In 

fact, relevant dynamic features of landslide run-out, such as width and length of 

damage corridor, travel velocity, characteristic depth of both moving mass and 

deposit, should be properly assessed in order to provide a quantitative estimate 

of the hazard and select appropriate protective measures for risk mitigation (Dai 

et al., 2002). This target may be achieved through the adoption of reliable 

predictive models providing quantitative information on the destructive 

potential of the landslide. There are several approaches that have been 

successfully adopted for the post-failure dynamic analysis of fast shallow 

landslides. In the work of (Stancanelli et al., 2017), the post-failure flow model 

simulates the moving landslide as single-phase continuum through FLO-2D 

https://github.com/AndreaAmicarelliRSE/SPHERA
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commercial software that solves numerically the depth-integrated flow equations 

with the finite volume approach. The SPH model in (Pastor et al., 2009) allows 

one to predict the path, velocity, and depth of flow-like landslides following a 

two-phase approach where the mixture is made up of a solid skeleton with the 

voids filled by a liquid phase. The mixture dynamics is described by quasi-

Lagrangian depth integrated governing equations of mass and momentum 

balance, and the pore pressure dissipation equation. The model was used to 

reproduce a catastrophic event occurred on May 1998 in the Campania region 

(Italy), showing the relevant role of geotechnical parameters (especially the fluid 

phase and angle of internal friction) for the reliable prediction of the run-out 

distance, velocity, and height of the landslide. A proper selection of the values 

assigned to these parameters assured the best agreement with the field 

observations. When the initial average depth is comparable with the horizontal 

length and width of the collapsed soil, as in the present case, significant 

variations in both thickness and vertical velocity profile may occur along the flow 

direction, advising against the adoption of depth-integrated models.  

Furthermore, a numerical model that does not require the calibration of relevant 

parameters in the landslide post-analysis may be used for run-out prediction in a 

risk analysis. In this work, the shallow landslide is simulated with the 3D code  

SPHERA (Amicarelli et al., 2020b) that allows resolving the velocity gradient in 

the vertical direction, potentially providing a more reliable representation of the 

landslide dynamics and impact force. No tuning of the relevant geotechnical 

parameters has been carried out to reproduce the final landslide profile with 

suitable accuracy. The impact force on the vertical downstream wall can be 

calculated for both quantitatively evaluating landslide risk level and supporting 

the design of protective structures. The following Section 6.2 illustrates briefly 

the relevant features of the numerical model SPHERA (Amicarelli et al., 2020b) 

and the case study. Section 6.3 presents and discusses the simulations results, 
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including: the model validation on a full-scale rainfall-induced shallow landslide; 

the effects of uncertainty of the relevant geotechnical model parameters (i.e., 

angle of internal friction ϕ, effective porosity e and solid phase density ρs) on the 

leading front celerity and impact force on the downstream wall. Conclusions are 

illustrated in Section 6.4. 

6.2. Model description and Test Case Configuration 

SPHERA v.9.0.0 (Amicarelli et al., 2020b) holds several numerical schemes, 

among which an SPH formulation of mixture model for the analysis of dense 

granular flows consistent with the kinetic theory of granular flow (KTGF). Those 

features of this scheme relevant for the present study are summarized in the 

current section; for a complete description, the reader is referred to (Amicarelli et 

al., 2017). The 3D fluid dynamics of both water and soil mixture is obtained by 

solving numerically the mass and momentum balance equations that are 

discretized according to standard WCSPH formulation: 

 

u

i

i
N

j

ij

i

ij

ji

j

j

i

i

N

j

hijij

j

j

i
i

Wpp
m

dt

d

W
m

dt

d

Βg
τu

uu











 




















1

1

,

1

 (6.1) 

In the Eqs. (6.1) the symbols assume the following meaning: u mixture velocity; g 

gravity acceleration;  and u boundary contributions for mass and, 

respectively, momentum balance equations according to semi-analytic approach 

(Di Monaco et al., 2011); c mixture pressure; m particle mass;  mixture density; 

Wij compact supported central kernel function of the relative distance between a 

generic fluid particle, denoted by index i, and each one of the N neighbouring 

particles, denoted by index j; ij Monaghan (2005) artificial viscosity term  used 

for the fluid phase solely. The divergence of the mixture viscous stress tensor  in 

the momentum balance (for the mixture solely) is computed as a function of the 
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strain rate tensor D through the apparent viscosity fr depending on the effective 

stress', the second invariant of the strain rate tensor IID and the angle of 

internal friction of soil: 

 

D
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 (6.2) 

The time integration is carried out through second-order Leapfrog scheme 

calculating the velocity of each particle at mid time-step with respect to both 

position and density (Amicarelli et al., 2015a). As the numerical scheme for the 

solution of discretized mass and momentum balance equations is explicit, the 

following stability condition must be satisfied for the integration time step dt 

(Amicarelli et al., 2015a): 
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  (6.3) 

In Eq. (6.3) h denotes the smoothing length related to particle size dx, c is the 

sound speed and CFL denotes the Courant–Friedrichs–Lewy number. A severe 

time step reduction occurs caused by the viscosity stability condition when shear 

rate comes close to zero and the apparent viscosity approaches higher values 

according to pseudo-plastic behavior (second of Eqs. 6.2). To avoid the 

unbounded growth of both mixture viscosity and computational time at very low 

shear rate, the maximum (or threshold) viscosity max is introduced with a 

physical meaning (Amicarelli et al., 2017). When approaching to zero shear rates 

those mixture particles with an apparent viscosity higher than the maximum 

viscosity are considered in the elastic–plastic regime of soil deformation where 

the kinetic energy of solid particles is relatively small and the frictional regime of 

the packing limit in the KTGF does not apply. In this condition, the maximum 

viscosity is assigned to those particles that are excluded from the SPH 
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computation and considered as fixed particles. When these particles fall inside 

the neighbor list of a nearby moving particle, suitable physical properties are 

assumed. The value of the maximum viscosity does not require tuning or 

calibration. For a specific problem, the value assigned to the maximum viscosity 

is the smallest value that does not influence the numerical results appreciably. 

Any increase above this value would only affect the computational time through 

a reduction of the time step (Eq. 6.3). This procedure is descried in section 6.4.1. 

By analogy with the experimental behavior of high polymer solutions, the 

transition from the frictional regime (i.e., solid particle in motion) to the elastic-

plastic regime (i.e., solid particle at rest) can be reproduced within a limiting 

region in the flow curve that is characterized by a constant value of the apparent 

viscosity referred to as limiting viscosity 0. The limiting viscosity acts as a 

numerical parameter (Manenti et al., 2018). The value assigned to viscosity 0 

should be evaluated through an optimization procedure leading to the definition 

of the lower value of the limiting viscosity to obtain a suitable accuracy in the 

results. This approach was successfully tested against a 2D laboratory 

experiment reproducing, along a representative transversal section of the 

artificial basin, the run-out of the 1968 Vajont landslide on the left-hand slope 

(Manenti et al., 2018). By taking into account landslide interaction with the water 

(both stored in the artificial basin and filling the saturated landslide portion) the 

scheme of SPHERA for dense granular flows (Amicarelli et al., 2017) allowed 

predicting maximum wave run-up with both suitable accuracy and significant 

reduction in the computational time. 

In the present work, the cited scheme is validated on the post-failure analysis of a 

rainfall induced shallow landslide. This landslide occurred during an intense 

rainfall event on April 2009 in a hilly area of the Oltrepò Pavese named Recoaro 

valley (North-western part of Italy). Even if SPHERA is a 3D code, its simpler 

and faster 2D execution has been conveniently chosen for this case: as the 
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landslide is relatively narrow in the transversal direction, in the upper and mid 

parts of the domain the flow may be assumed as two-dimensional in the 

longitudinal vertical plane (Fig. 6.1 (a)). 
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Figure 6.1 Rainfall induced landslide occurred on April 2009 in the Recoaro valley of the Oltrepò 

Pavese: (a) Plan view with the sliding direction (red arrow) and the downstream structure 

impacted by the landslide (dashed red square), the aerial photograph of the area was taken by Ditta 

Rossi s.r.l. (Brescia, Italy) on May 18th 2009; (b)  Impacted structure showing part of the slide. 

(b) 

(a) 
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After sliding inside an almost straight corridor with nearly constant width of 

about 14m (Fig. 6.1 (a)), the saturated soil impacted against the vertical wall of a 

building located at the toe of the opposite slope causing the landslide to stop 

abruptly (Fig. 6.1 (b)). Some small trees were transported by the earth-flow but 

they were neglected in the present simulation. The portion of the deposit 

obstructing the street on the valley floor was suddenly removed for safety 

purposes. Anyway, the upstream portion of the deposit was not altered and 

survey data of its final profile are available. The position of the downstream 

obstacle is not perpendicular to the landslide propagation direction, thus after 

the impact the actual landslide behavior near the wall may deviate from the 2D 

assumption. However, this feature does not affect the landslide characteristics 

during the run-out phase that are relevant for risk assessment (i.e., front 

thickness and velocity) but may affect the prediction of impact force that cannot 

be considered uniformly distributed in the transversal direction. Furthermore, 

from Fig. 6.1 (b) the depth of the deposit just in front of the impacted structure 

can be estimated and it seems almost uniformly distributed in the transversal 

direction. This information is used as reference for comparison with the landslide 

simulated final profile. The relevant geotechnical characteristics of the soil 

involved in the collapse are collected from Bordoni et al. (2015b) and 

summarized in Table 6-I. These soils are clayey-sandy silts, characterized by close 

to nil cohesion. The values of the soil features have been used to estimate the 

input parameters adopted in the validation analysis. 

Table 6-I Summary of the values assigned to relevant geotechnical parameters. 

Relevant geotechnical soil parameters 

angle of internal friction  24-26° 

saturated unit weight  sat 18-19 kN/m3 

saturated volumetric water content s 0.42-0.46 
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6.3. Results and discussion 

This section illustrates and discusses the results of performed simulations. An 

overall number of 26 simulations have been carried out to investigate various 

parameters that are relevant for the analysis, as discussed in the following. Table 

6-II shows the relevant geotechnical parameters of the rainfall induced landslide 

occurred on April 2009 in the Recoaro valley. According to the observations, the 

soil mass is assumed fully saturated at the beginning of the collapse under the 

gravity force. Furthermore, it is quite reasonable to neglect the soil cohesion as 

the failure takes place. The speed of sound  in the solid phase is the square root 

of the ratio between the bulk compressibility modulus and the density. The 

artificial viscosity coefficient is here slightly smaller than M=0.10 (Manenti et al., 

2018): the reference value for the landslides simulated with SPHERA should be 

considered as M =0.09±0.01.  

Table 6-II Summary of the relevant input parameters 

Relevant input parameters 

particle resolution dx 0.25; 0.10 m 

smoothing length h 0.325m; 0.13 m  

artificial viscosity coefficient M 0.075 

sound speed c 80 m/s 

solid phase density s 2650 kg/m3 

angle of internal friction  24° 

effective porosity e 0.42 

maximum initial landslide height h0 136.7 m a.m.s.l. 

run-up length on the downstream wall lr-u 4.0 m 

 

First of all, the simulation results involving the effects of both maximum viscosity 

and limiting viscosity are discussed to explore the trade-off between 

computational time and accuracy in the results (Sect. 6.4.1). Then the final 

landslide profile after the stop at the toe of the downstream structure is 
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compared with survey data for model validation (Sect. 6.4.2). Finally, the 

influence of geotechnical input parameters on the landslide front celerity and 

impact force that affect the dangerousness associated with a landslide occurrence 

is analyzed (Sect. 6.4.3). 

6.3.1. Analysis of viscosity 

As explained in the previous section, early simulations have been carried out to 

define the value of the maximum viscosity max for the problem under 

consideration. Following the approach tested in previous works (Amicarelli et al., 

2017; Manenti et al., 2018), the initial simulation is performed by assuming a 

suitably high value that is max = 1.0 e+6 kPa. This choice requires the adoption of 

a suitable initial value of the particle spacing which is conveniently set at dx = 

0.25m based on the problem characteristic length-scale. The effect of limiting 

viscosity is neglected at this stage of investigation by assigning to it a value 

greater than maximum viscosity. The resulting rheological behavior is shown in 

the lower right-hand part of Fig. 6.2: pseudo-plastic behavior is assumed for 

those shear rates that correspond to an apparent viscosity fr lower than max. At 

each subsequent simulation, the maximum viscosity value is reduced by one 

order of magnitude down to max = 1.0 e+3 kPa. The landslide front celerity is 

monitored during the run-out until the stop. The main plot in Fig. 6.2 shows the 

non-dimensional evolution of the landslide front position  over non-

dimensional time , where x is the horizontal abscissa along the sliding direction, 

h0 denotes the maximum initial landslide height (Tab. 6-II), that is the height of 

the upper landslide front at x=16.20m. No noticeable variation in the landslide 

kinematics can be appreciated, despite the significant reduction in the 

computational time. An additional simulation is then performed to assess the 

effect of lowering the maximum viscosity to max = 0.5 e+3 kPa. As it can be seen 

from the black dashed curve in Fig. 6.2, this further reduction in the maximum 

viscosity produces some effects on the kinematics of the landslide front: the final 
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position around time  =3.5 is nearly the same as in previous simulations, but the 

leading front celerity is a little bit smaller in the time interval  = [1.5 – 3.0]. 

 

 

Figure 6.2 Effect of maximum viscosity max on landslide front propagation. Non-dimensional front 

position  as a function of the non-dimensional time 

From the simulations performed it can be concluded that the value max = 1.0 e+3 

kPa does not affect appreciably the landslide dynamics and allows significantly 

reducing the computational time. Therefore, this value is adopted for the 

maximum viscosity in subsequent simulations. 

As a result of the computational time reduction, the particle resolution was 

changed from the initial value down to a lower value of dx = 0.10m. Further 

reduction in dx below such a value does not significantly affect the numerical 

results while increasing the computational time. Although the value of the 

maximum viscosity depends on the spatial resolution and the limiting viscosity, 

the above procedure seems sufficient for the current test case. 

The subsequent set of simulations is carried out to define the optimal value for 

max
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the limiting viscosity in order to further reduce the computational time while 

maintaining suitable level of accuracy of the simulation results. The lower right-

hand part of Fig. 6.3 shows the resulting rheological behavior when activating 

the limiting viscosity 0 (red curve). As it can be seen, in the limiting region 

between the transition from the frictional regime to the elastic-plastic regime, the 

actual value of the mixture viscosity fr is approximated with the constant value 

0 < max. This approximation allows further reduction in the computational time 

through Eq. (6.3), but the amount of approximation that is introduced should be 

maintained below a suitable threshold. 

 

Figure 6.3 Effect of limiting viscosity 0 on landslide front propagation. Non-dimensional front 

position  as function of non-dimensional time  

The landslide front position versus time is shown in the main plot of Fig. 6.3 

when reducing progressively the limiting viscosity below max. The vertical 

downstream wall has been temporarily removed in order not to affect the 

landslide front kinematics. It can be seen that negligible change in the landslide 

max
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front celerity compared to the reference curve (continuous black line with 0 

>max) can be obtained with the assumption 0 = 0.1 e+3 kPa (red cross markers). 

Further reduction in the limiting viscosity to 0 = 0.05 e+3 kPa causes 

unacceptable reduction in the landslide front celerity. 

In conclusion, for the present analysis the maximum viscosity can be set equal to 

max = 1.0 e+3 kPa without influencing the landslide kinematics, while the limiting 

viscosity can be conveniently assumed equal to 0 = 0.1 e+3 kPa. This result 

represents an optimal compromise between numerical accuracy and 

computational time. 

6.3.2. Validation 

The simulation of the actual landslide occurred on April 2009 in the Recoaro 

valley after intense rainfall events has been carried out assuming the geotechnical 

parameters values in Table 6-I. These represents average values for the soil 

involved in the failure and no calibration was carried out for fitting the numerical 

results to the observed data. 

Figure 6.4 shows some representative frames of the post-failure dynamics. Upper 

frames show the initial volume of unstable soil that is obtained by subtracting the 

pre-event profile to the post-event profile. In the central part of the profile no 

significant variation of the topographic surface can be appreciated, probably due 

to low run-out ratio. Therefore, in this case soil entrainment was neglected. In the 

case where soil entrainment represents an important process, it can be simulated 

with a scheme for the erosion process that has been implemented in SPHERA 

(Manenti et al., 2011b). It can be seen that in the early phase, at t = 3.0 s, the mass 

portion close to the landslide front moves faster than the rear portion. Just after 

the impact against the vertical wall of the downstream building, at t = 13.0 s, the 

landslide front began decelerating and stops while the rear mass portion on the 

steep slope still maintained a relatively high average speed. In this case the 
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modeling approach based on the infinite landslide with constant depth and 

moving at a constant velocity on a constant slope may not be appropriate at all. 

Instead, SPHERA allows reproducing the velocity gradients along the landslide, 

potentially providing more reliable representation of the landslide dynamics and 

the resulting impact force on the rigid wall. 

 

Figure 6.4 Representative frames of landslide run-out and impact. Contour plots show velocity 

magnitude (left-hand panels) and density field. 

The final landslide profile at t = 60s is shown by the red line in Fig. 6.5. At this 

stage, the major part of the landslide mass has come to a complete stop. The blue 

markers represent the experimental points obtained during the post event 

survey. The comparison shows that numerical results provide quite acceptable 

prediction of the final configuration of the landslide. Even if at t = 60s the main 

portion of the landslide body has come to a complete stop, some few particles in 

the upper part of the sliding profile show a small downstream velocity and 

probably may compensate at later instants for the slight underestimation of the 

height of experimental points between abscissa 65m and 80m. 
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Figure 6.5 Simulated final profile of the landslide at t = 60 s (red line). The upper part of the 

landslide profile is compared with experimental points from the post-event survey (blue markers). 

As previously said, the estimate of related risk depends upon several landslide 

characteristics such as: width and length of damage corridor, travel velocity, 

characteristic depth of both moving mass and deposit. In this case study, the 

width and length of the damage corridor are fixed; the characteristic depth of 

deposit is suitably well represented; the average travel velocity seems quite 

acceptable as the run-out duration, from the beginning of the sliding till the 

impact on the wall, is about 10 s which is quite reasonable for the considered 

case. Therefore, it can be concluded that SPHERA allows obtaining an acceptable 

estimate of the risk level associated to the landslide. 

6.3.3. Influence of input parameters 

To consider the effects of the uncertainties potentially affecting the relevant 

geotechnical parameters, their influence on the landslide front celerity and the 

impact force on the downstream vertical wall have been evaluated from the fluid 

pressure field over the wall. SPHERA also allows a more accurate assessment of 

the fluid forces exerted on solid bodies by means of a scheme for the transport of 

solid bodies (Amicarelli et al., 2015b, 2020b). The following parameters have been 

considered in the sensitivity analysis: angle of internal friction ; effective 
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porosity e; and solid phase density s. The investigated range of each parameter 

has been selected based on the typical range for the soil involved in the simulated 

landslide, as described in Table 6-II. In particular, for the angle of internal friction 

a variation of ±4° is assumed (run 22 and run 23) with respect to the average 

value  = 24° adopted in the validation analysis carried out with the reference run 

26 (Tab. 6-I). Concerning the effective porosity, a bigger value of e = 0.50 is 

assumed (run 24). Finally, an increased density value of the solid phase equal to 

s = 2900 kg/m3 is considered (run 25). The influence produced by the variation of 

each parameter has been evaluated individually and the obtained results are 

discussed below. 

 

Figure 6.6 Effects of geotechnical parameters variation on landslide front propagation. Non-

dimensional front position  as function of non-dimensional time  

Figure 6.6 shows the evolution of non-dimensional landslide front position  

versus the non-dimensional time . The continuous black line shows the result for 

the reference run used for model validation. As the wall is assumed rigid, the 

final landslide front position after the wall impact is independent from the values 

assigned to the input parameters. According to theoretical expectations, a 

reduction in the angle of internal friction produces an increase in the landslide 

front celerity (red square marker). Similar behavior is detected in the simulation 
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with increased effective porosity (blue plus marker) where the rise of the water 

content reduces, as expected, the sliding resistance between mixture particles 

resulting in an increase in the landslide speed. In both runs 22 and 24 the impact 

against the downstream vertical rigid wall is anticipated around time  = 2.3. 

When increasing the solid phase density in run 25 a restrained increase in the 

landslide front velocity is attained (pink cross markers). The impact with the 

vertical downstream wall occurs around time  = 2.5, slightly before the impact 

time detected in the reference run at about time  = 2.7. 

The increase in the angle of internal friction in run 23 is responsible for an overall 

reduction in the landslide front celerity whose impact on the downstream 

vertical wall occurs at later time close to  = 3.0. This behavior, which is quite the 

opposite of the one detected when reducing the angle of internal friction, is in 

accordance with the formulation in Eqs. (6.2) where the frictional resistance 

between mixture particles increases with . 

The influence of these parameters on the landslide kinematics affects the 

dynamic impact as well. The greater the landslide velocity, the greater and earlier 

the impact force. This is confirmed by the analysis of results in Fig. 6.7 where the 

non-dimensional resultant force on the wall per unit width versus non-

dimensional time is shown for the four simulations in comparison with the 

reference run. The parameter lr-u represents the run-up length on the downstream 

wall (Tab. 6-I). 
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Figure 6.7 Effects of geotechnical parameters variation on the impact force on the vertical 

downstream wall. 

The greatest impact force occurs for run 22 with reduced angle of internal 

friction; this peak occurs just after the impact instant when the frontal portion of 

the landslide with the highest kinetic energy has come to almost complete stop. 

In the case of run 24, which showed a similar landslide front kinematics to run 

22, the peak of force is significantly shifted forward in terms of the impact time 

and is much lower. This is due to the pronounced fluidic behavior caused by the 

higher water content: as a result, in run 24 the force acting on the downstream 

wall is distributed over a wider time span (about  = 0.8) resulting in a less steep 

trend and following reduced peak. 

In both runs 23 and 25 the peak of impact force occurs just after the impact of 

landslide front on the downstream wall. The magnitude of the peak for run 25 is 

much greater than the reference run and close to the peak observed in run 24, but 

the impact force evolves very quickly over time in run 25. 

If compared with run 22, it can be seen that the magnitude of peak force is much 

lower for run 23 due to the highest frictional dissipation that reduces the overall 
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amount of kinetic energy transferred to the wall. This behavior is in accordance 

with Eqs. (6.2). 

6.4. Conclusions 

This work illustrates the validation of the free open source 3D research code 

SPHERA (Amicarelli et al., 2020b) based on WCSPH method for simulating a 

rainfall-induced fast shallow landslide occurred in 2009 on a hilly area in the 

North-western side of Italy. Owing to the peculiarities of this landslide being 

characterized by a relatively constant width of the almost straight sliding 

corridor, the flow may be assumed as two-dimensional in the longitudinal 

vertical plane and a simpler and faster 2D execution is conveniently carried out. 

In contrast with depth integrated models, SPHERA allows resolving the vertical 

velocity gradients of the landslide that are produced by its geometrical 

characteristics. Also, the resolution of the vertical velocity gradients leads to a 

reliable representation of the landslide dynamics and, possibly, of the related 

impact force on the downstream wall. 

The characteristic depth of the final deposit is suitably well represented; the 

average travel velocity seems quite acceptable for the considered case. These 

results are fundamental for obtaining reliable estimate of the risk level associated 

to the landslide. 

The time evolution of the resultant impact force on the downstream vertical rigid 

wall is also computed. This feature may be helpful supporting the design of 

reliable protection measures. 

No tuning of relevant geotechnical parameters is needed for fitting the numerical 

results to the observed data from the post-event survey. Input parameters can be 

obtained straightly from average soil characteristics. Overall good accuracy is 

found: this relevant result seems promising for application of SPHERA to the 

prediction of fast shallow landslide related risk. 

Sensitivity analysis has been finally carried out to assess the possible 
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uncertainties affecting relevant geotechnical parameters. Obtained results are 

consistent with the theoretical expectations. 

In this work the volume of the soil affected by the landslide can be determined 

from the comparison between pre- and post-event topography. As an alternative 

for landslide risk prediction, future developments will be devoted to coupling 

the code SPHERA with a rainfall-induced landslide triggering model, capable of 

estimating the landslide volume starting from data concerning rainfall pattern 

and initial soil conditions. 
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Chapter 7 

Conclusions 

This chapter concludes the thesis by summarizing the key research findings in 

relation to the research aims and questions and discussing the value and 

contribution thereof. It also reviews the limitations of the study and proposes 

opportunities for future research. 

7.1 Main conclusions 

The following main conclusions can be drawn from the research conducted in 

this thesis:  

 The integration of reanalysis soil moisture data in regional landslide 

triggering thresholds (e.g., Chapter 4) allowed an increase of the 

predictive performance if compared with those of the traditional 𝐼𝐷 

approach, but only when the observed rainfall is inputted into the 

proposed multi-step procedure. Indeed, a drop in performance occurred 

when the reanalysis precipitation is used, and lower 𝑇𝑆𝑆 values are 

obtained in correspondence of all investigated scenarios. Other than that, 

overall, the use of the ANN-based optimization tool and the subsequent 

parametrization of the optimal thresholds allowed us to obtain curves 

that are easy to insert within a LEWS framework. Moreover, although a 

third variable was added (i.e., the principal components of soil moisture, 

computed through the PCA), this procedure made it possible for us to 

come up, anyway, with the identification of 2D thresholds. 

 The investigation of the potential rainfall-induced landslide modeling 

improvements using 3D slope stability analysis and optimization 

algorithms at the catchment scale (i.e., Chapter 5), allowed obtaining a 

better prediction of landslide prone areas, leading to greater True Skill 



Chapter 7 – Conclusions 

 

134 

 

Statistic (TSS) value if compared with one obtained for the 1D approach. 

This is to be attributed to the proposed optimization process, which 

allows a greater gain of performance passing from the 1D to the 3D 

simulation, in comparison to other studies, where no optimization has 

been applied. Furthermore, the 3D approach is able to reduce the number 

of false and missing predictions and, although the overestimation of the 

unstable areas in comparison with the infinite slope approach, it was 

revealed to be more accurate with regard to the slip surface prediction. 

 The analysis of post-failure dynamics using the free open source 3D 

research code SPHERA (Amicarelli et al., 2020b, 2017) based on WCSPH 

(i.e. Chapter 6) allowed resolving the vertical velocity gradients of the 

landslide resulting from its unsteady non-uniform dynamics. Also, the 

resolution of the vertical velocity gradients leads to a consistent 

representation of the landslide dynamics and, possibly, of the related 

impact force on the downstream wall. The comparison with available 

survey data after deposition shows that SPHERA was able to well 

represent the characteristic depth of the final deposit. Even if measures of 

the impact load are not available for model comparison, the time 

evolution of the resultant impact force on the downstream wall is 

compatible with the timescale of this kind of debris flow. These aspects 

are fundamental for obtaining a reliable estimate of the risk level 

associated to the landslide and supporting the design of reliable 

protection measures. Furthermore, the sensitivity analysis has been 

finally carried out to assess the possible uncertainties affecting relevant 

geotechnical parameters, and obtained results are consistent with the 

theoretical expectations. 
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7.2 Limitations and future perspectives 

The study presented in this thesis has highlighted some issues which need to be 

deeply investigated and constitute opportunities for future research. These open 

issues can be summarized as follow, according to the three main issues covered 

in this thesis: 

 With regard to the identification of the regional landslide triggering 

thresholds, the reasons behind the drop in performance when reanalysis 

rainfall is used should be better investigated. Overcoming this issue 

allows to exploit the larger availability of the reanalysis rainfall, avoiding 

the difficulties related to the point rain gauges. Besides this, being able to 

identify the optimal parametric thresholds for more study areas, would 

surely allow to better assess the general performance gain obtainable 

with the proposed methodology. 

 Even if the 3D slope stability analysis (SCOOPS3D) together with the 

multi-objective optimization for the model parameterization allowed a 

more reliable prediction of prone areas, it needs to be more investigated 

to improve performance. A way to achieve this is probably assessing the 

input initial conditions of the TRIGRS model integrating soil moisture 

information, in order to obtain a more reliable hydrological response 

which can be used as input in the 3D slope stability analysis. 

 Concerning the analysis of the post-failure dynamics, future 

developments can be devoted to coupling the code SPHERA with a 

rainfall-induced landslide triggering model, capable of estimating 

landslide volume, starting from data concerning rainfall pattern and 

initial soil conditions. This triggering model could be just SCOOPS3D, 

which, providing the terrain elevation pre- and post- failure, indirectly 

yields the landslide volume. 
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List of symbols 

Chapter 4 

I mean rainfall intensity  

D rainfall duration 

𝛼 power law threshold intercept parameter 

𝛽 power law threshold slope parameter 

E total event rainfall  
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θ  soil water content   

CW warm period in a year  

CC cold period in a year  

GS resolution of the rain gauge  

 A principal components’ loadings (i.e., coefficients) table 
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𝜎1 
percentage of variance explained by the first principal 

component 

 𝜎* percentage of variance explained threshold 

 𝑥0, 𝑥1, 𝑦0, 𝑦1 optimal threshold’s parameters 

 𝑎ij generic loadings value for the PCA  

 P number of observed landslides 

 N number of non-landslides 

 

Chapter 5  

Z vertical downward coordinate 

t time 

𝜃(𝑍, 𝑡) soil water content 

𝜓(𝑍, 𝑡) pore pressure 

K(𝜓) hydraulic conductivity  

𝜕 ground slope surface 

Ks saturated hydraulic conductivity 

𝛼 inverse height of the capillary rise 

𝜃𝑟 residual water content 

I infiltration  

P precipitation rate  

Ru runoff rate from the upslope cells 
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Rd runoff the downslope cells 

𝜑′ soil friction angle for effective stress 

c’ soil cohesion for effective stress 

𝛾𝑠 soil unit weight  

𝛾𝑤 unit weight of groundwater 

𝛿 slope angle 

s average shear resistance (strength) 

𝜏 shear stress 
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u pore-water pressure acting on the shear surface 
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𝑊𝑖𝑗 weigh of the trial slip surface 

𝑢𝑖𝑗 pore-water pressure of the trial slip surface 

𝑐𝑖𝑗 cohesion of the trial slip surface 

𝜑𝑖𝑗 angle of internal friction on trial slip surface 

𝑚𝑎𝑖𝑗
 

part of the computation of normal force acting on the trial 

slip surface of the i,j column in a potential failure mass, used 

in Bishop’s simplified method  

Keq 
term related to the option to simulate earthquake or seismic 

loading effects 

𝑒𝑖𝑗 
term related to the option to simulate earthquake or seismic 

loading effects 

∆𝑟 radius increment to explore trial surfaces 

zs,min 
minimum elevation of the search-lattice nodes with respect 

to the DEM elevation 

zs,max 
maximum elevation of the search-lattice nodes with respect 

to the DEM elevation 

amin 
minimum horizontal surface area for potential failure 

masses 

amax 
maximum horizontal surface area for potential failure 

masses 

𝛼 Gardner’s parameter  

ymin minimum values of effective soil depth 

ymax maximum values of effective soil depth 

xi slope angle at point i 
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Chapter 6 

u mixture velocity 

g gravity acceleration 

𝐵𝜌 boundary contributions for mass balance equations  

𝐵𝑢 boundary contributions for momentum balance equations  

c mixture pressure 

m particle mass 

𝜌 mixture density 

Wi,j compact supported central kernel function of the relative 

distance between a generic fluid particle, denoted by index 

i, and each one of the N neighbouring particles, denoted by 

index j 

𝜋𝑖,𝑗 Monaghan artificial viscosity term 

𝝉 viscous stress tensor 

D strain rate tensor 

𝜇𝑓𝑟 apparent viscosity 

𝜎′ effective stress 

𝜑 angle of internal friction 

IID strain rate tensor 

h smoothing length related to particle size dx 

c sound speed 

CFL Courant–Friedrichs–Lewy number 

𝜇𝑚𝑎𝑥 maximum (or threshold) viscosity 

𝜇0 limiting viscosity 

𝛾𝑠𝑎𝑡 saturated unit weight 

𝜗𝑠 saturated volumetric water content 

dx particle resolution 

𝛼𝑀 artificial viscosity coefficient 

𝜌𝑠 solid phase density 

e effective porosity 

h0 maximum initial landslide height 

l r-u run-up length on the downstream wall 

𝜏 non-dimensional time 

𝜉 non-dimensional front position 
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