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Summary
This paper describes the methodology used to create a database of the physical and mechanical properties of the soils within the 

Perugia Province, for the application of probabilistic predictive models at large scale. Starting from an extensive data collection from 
previous geotechnical campaigns, provided by the Civil Protection and Structural Control Office of the Perugia Province, the geosta-
tistic Kriging technique was applied to obtain: (i) a spatial distribution of the mechanical characteristics of the soil within the selected 
study area, taking into account the collected measurement points and their spatial correlation; (ii) an evaluation of data reliability 
on the basis of the computed experimental variograms for the main types of soil identified. After this large-scale characterization, an 
application of the probabilistic physically–based model PG_TRIGRS [SALCIARINI et al., 2017] for rainfall–induced shallow landslide 
assessment over a selected study area in the Perugia Province is presented, in order to demonstrate the importance of the availability 
of quantitative and geo-referenced information concerning the mechanical properties of soils to apply predictive tools.

1. Introduction

One possible approach for landslide risk miti-
gation is represented by the so-called non-structural 
interventions, based on early warning systems, to in-
form in real time the population at risk. The most 
recent developments of these technologies, when 
they operate over large areas (for example entire Re-
gions), include the integration of predictive physi-
cally-based (PB) models to evaluate slope stabil-
ity (i.e., able to describe the physical processes oc-
curring during the evolution of the system through 
mathematical laws) with meteorological forecast-
ing models. Some successful examples are provided 
by SCHMIDT et al. [2008]; SEGONI et al. [2009]; PONZ-
IANI et al. [2013]; SALCIARINI et al. [2013]; THIEBES et 
al. [2013]; SEGONI et al. [2015]. In the last decades, 
a quite large number of PB models have been devel-
oped and successfully applied (see e.g., Baum et al., 
2002, 2008; CROSTA and FRATTINI, 2003; SALCIARINI et 
al., 2006]. In these early applications a deterministic 
approach has been adopted, that is, the safety level 
of the considered slopes is quantified by a single sca-
lar quantity, the Factor of Safety (FS), computed as 
the ratio of shear strength and mobilized shear stress 
along the potential failure surface, starting from de-
terministic input data.

However, when facing large-area slope-stability 
analysis, a critical element in the application of PB 
models is always represented by the reliability of the 
input data necessary for the model itself, such as: the 
slope geometric characteristics (inclinations, depth 
of potentially unstable covers, slope layering, etc.) 
and the physical and mechanical properties of ma-
terials (permeability, shear strength, etc.). In parti-
cular, the latter may be affected by a high level of un-
certainty, due to limitations in the accurate knowled-
ge of the data, both for technical and economic rea-
sons [see. e.g., NADIM, 2007]. It is therefore advisable 
to move towards a probabilistic approach of the pro-
blem, which includes an assessment of the level of 
uncertainty of the data.

Probabilistic approaches have been adopted 
in the implementation of PB models by HANEBERG 
[2004]; PARK et al. [2013]; RAIA et al. [2014], and SAL-
CIARINI et al. [2017] to cope with the very common 
lack of input data in practical applications (in par-
ticular, soil properties), needed to correctly charac-
terize any study area. In such an approach, the input 
data are provided in terms of random variables, e.g., 
variables with a given Probability Density Function 
(PDF). The safety level of the slope is then evaluated 
as the Probability of Failure (PoF), i.e. the probability 
that FS ≤ 1 [HARR, 1987]. 

To provide the spatial distributions of the statis-
tical values of the relevant soil properties over a se-
lected study territory (in terms of PDF), geostatistical 
techniques can be used, starting from a limited num-
ber of available information obtained from site in-
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vestigations carried out in the study area [see, e.g., 
FANELLI et al., 2015].

The paper is organized as follows: first, a brief 
presentation of the early warning systems is provid-
ed (Sect. 2); then, the synthetic parameters that can 
be used by decision-makers to issue alarms along 
with the approaches for their computation are intro-
duced (Sect. 3). In section 4 the geostatistical tech-
niques for managing dataset at large scale are pre-
sented. In section 5 applications of these methodol-
ogies are provided for a study area in central Italy, 
showing the procedure followed to create a spatial-
ly distributed database of relevant soil properties. 
Finally, in section 6, the probabilistic PB model PG_
TRIGRS [SALCIARINI et al., 2017] has been applied us-
ing the input data created as described in section 5 
and considering idealistic short-term rainfall fore-
casts, to understand the potentiality of the model in 
early warning system setups.

2. Non-structural measures for landslide risk 
mitigation: early warning systems 

When the realization of control works is not pos-
sible or simply too expensive, the installation of Early 
Warning Systems (EWSs) can support the protection 
of the local population from landslide occurrences. 
The working scale of the EWSs is an important fac-
tor that strongly influences the forecasting method-
ologies and the alerts that can be issued [THIEBES and 
GLADE, 2016].

Site-specific EWSs are able to provide high qual-
ity information as they can be based on the monitor-
ing of the landslide itself, and not just on its trigger. 
They are generally based on horizontal movement 
and/or hydrological monitoring systems. Thus, 
alarms are related to the overcoming of critical 
thresholds, such as: measured displacements, satura-
tion conditions, level of the water table, etc., which 
may automatically lead to protective actions, such as 
road closures or evacuation of hazardous areas. 

The EWSs operating over large-area are general-
ly managed by the Civil Protection Offices, to have a 
preliminary screening of the whole territory. At this 
scale, the most common (simplified) approach re-
lies on the application of rainfall intensity and du-
ration thresholds (see, e.g., GUZZETTI et al., 2008) or 
satellite–based InSAR monitoring (see, e.g., PETLEY et 
al., 2002). More recent approaches are based on the 
integration of meteorological forecasts with slope 
stability analyses [SCHMIDT et al., 2008; SEGONI et al., 
2009; PONZIANI et al., 2013; SALCIARINI et al., 2013; THIE-
BES et al., 2013; SEGONI et al., 2015]. 

Since the decision of issuing a warning is at the 
core of EWSs, and this can be performed on the ba-
sis of different indicators (typically, a single parame-
ter that synthetically express the stability conditions 

of the examined slopes), the following section 3 will 
be devoted to further discuss this aspect.

3. Synthetic parameters for EWSs operating 
over large-area: possible approaches

3.1. Empirical rainfall thresholds

A widely used approach for issuing alarms in 
an early warning system is represented by the com-
parison of the actual rainfalls with a reference value 
(called rainfall threshold) that triggered landslides in 
the past. In general, the term “threshold” indicates 
a minimum or maximum value of a given variable 
needed to trigger a process or a change [WHITE et al. 
1996]. A threshold may be thought as a limit between 
those rainfall events that cause a landslide and those 
that do not. The rainfall thresholds are relationships 
between the characteristics of a rainfall event (such 
as: intensity and duration, or rainfall depth and du-
ration, etc.) and the occurrence of landslides. In the 
most general form, they link the rainfall intensity, I, 
with rainfall duration, D, following a power law:

 I = aDb (1)

where a and b are parameters that, generally, vary 
with the considered climatic zones.

The empirical thresholds have been largely used 
because simple to obtain and to apply. They are ob-
tained by: i) collecting the records of rainfalls that 
have produced landslides; ii) analyzing the charac-
teristics of each event in terms of intensity and dura-
tion; iii) plotting the experimental points in a graph 
with the axes typically expressed in a log-scale; and 
finally, iv) drawing the threshold as the lower lim-
it of the experimental points. For the application: if 
a rainfall corresponds to a point below the thresh-
old, this does not cause landslides; vice versa, if it 
is above, it is highlighted as causing instability. Em-
pirical thresholds may be referred to areas that vary 
widely in size, from global to regional extensions up 
to much smaller scales (local thresholds). In the case 
of global thresholds, they tend to work in a very con-
servative manner, establishing a low limit threshold 
regardless of morphological, physical and mechani-
cal, and hydrological characteristics of the soil.

The first Author that provided a global Intensi-
ty-Duration (ID) threshold was CAINE [1980]. Start-
ing from a database of 73 rainfall events occurred 
around the world that caused shallow landslides 
and debris flows, a relationship between the values   
of rainfall intensity and duration that are critical for 
the triggering of landslide events was defined. In-
spired by the work of CAINE [1980], many Authors 
defined critical rainfall thresholds at different work-
ing scales [WILSON and WIECZOREK, 1995; GLADE et al. 
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2000; CROSTA and FRATTINI, 2001; ALEOTTI , 2004; CAN-
NON and GARTNER, 2005], up to the work by GUZZETTI 
et al. [2008] where they provided a review of the em-
pirical rainfall thresholds defined after CAINE [1980], 
analyzing a reach database of more than 2600 rainfall 
events that caused landslides and obtaining a glob-
al minimum threshold that constitutes a lower limit.

Although widespread, the empirical thresholds 
have objective limitations (as outlined, for example, 
in the works by CUOMO and DELLA SALA, 2013; SALCIAR-
INI and TAMAGNINi, 2015), due to the fact that they do 
not consider the influence of the key factors in the 
triggering process of landslides, such as:
– geometrical and morphological characteristics 

of the slope;
– physical and mechanical properties of soil (soil 

unit weight, degree of saturation, shear strength, 
deformability, permeability, etc.);

– ratio between rainfall duration and infiltration 
process duration.
To overcome such intrinsic limitations, physical-

ly-based methods can be used, as described in the 
following section 3.2.

3.2. Physically-based (PB) methods

An alternative method to the empirical approach 
for defining rainfall thresholds is represented by the 
physically-based (PB) methods, able to reproduce 
the physical phenomena that determine landslide 
triggering by means of mathematical equations. Also, 
they are capable to work over a wide territory, consid-
ering the spatial variation of the parameters affecting 
timing and location of a landslide. From this point of 
view they appear to be reliable tools, however, to pro-
vide trustworthy predictions, they need detailed in-
put data, which sometimes can be difficult to obtain 
for practical and economical reasons. 

The PB models can be used in an early warning 
system by integrating the real-time meteorological 
forecasts with a slope stability analysis coupled with a 
hydraulic model for rainfall infiltration. The models 
evaluate if conditions for issuing an alarm in the study 
area do exist or do not by computing one of these two 
indicators: (i) the Factor of Safety, Fs (better defined 
at section 3.3.1) or, alternatively, (ii) the critical rain-
fall intensity, Ic, which, for a given rainfall duration, 
D, represents the intensity causing landslides. 

In what follows, we will subdivide the PB methods 
into deterministic and probabilistic. In general, when 
uncertainties related to the prediction arise, it would 
be advisable to recourse to probabilistic approaches.

3.2.1. DETERMINISTIC APPROACHES

The PB deterministic approaches are based on 
the assumption that the variables   governing the 

landslide processes (soil physical and mechanical pa-
rameters, rainfall characteristics, etc.) are deprived 
of uncertainty, meaning defined by a single fixed val-
ue. Consequently, also the derived predictions (typ-
ically, given in terms of the Factor of Safety, Fs) are 
expressed by a single fixed value, without any uncer-
tainty.

Generally, the deterministic approaches couple 
a hydrological model for the assessment of the spa-
tial and temporal variation of soil pore pressure, with 
a mechanical model for the slope stability analysis, 
aimed at determining the Factor of Safety, Fs. This 
represents the ratio between the resistant and the 
mobilizing actions:

  (2)

where τf and τm are the soil shear strength and the 
mobilized shear stress acting along the slip surface, 
respectively. The soil shear strength, τf, can be de-
fined recurring to the Mohr-Coulomb strength crite-
rion, under the assumption of saturated soil and rig-
id-perfectly plastic behavior:

 f = c' + 'n tan ' = c' + (n –u) tan ' (3)

being c' the soil cohesion, ' the soil friction angle, 
'n the normal effective stress acting along the slid-
ing surface, given by the difference between the nor-
mal total stress n and the pore pressure u.

For simplicity, the hypothesis of infinite slope is 
adopted; while, for the computation of the hydro-
logic conditions in the soil, simplified static or more 
complex transient models can be used. Values of Fs 
greater than 1 indicates stable conditions; while the 
value of 1 indicates the limit equilibrium condition 
for the slope. 

A large number of spatially distributed, PB deter-
ministic models that predict rainfall-induced land-
slides at large-scale through the computation of Fs  
have been proposed in literature; among those, the 
following are widely known: TRIGRS [BAUM et al., 
2002; BAUM et al., 2008], SHALSTAB [MONTGOMERY 
and DIETRICH, 1994], SINMAP [PACK et al., 1998] and 
GEOtop [RIGON et al., 2006; ENDRIZZI et al., 2013]. 

As mentioned below, an alternative synthetic pa-
rameter that can be computed in the application of 
PB methods for slope stability assessment is the criti-
cal rainfall threshold. SALCIARINI et al. [2008] proposed 
a model, called CRF (Critical Rain-Fall) that can pro-
vide critical rainfall thresholds reversing the TRIGRS 
model [BAUM et al., 2002; BAUM et al., 2008] for satu-
rated soils. For a given rainfall duration, CRF com-
putes the rainfall rate that leads the slope to the limit 
equilibrium condition (Fs=1) at the end of the rain-
fall. Considering that the worst stability conditions of 
a slope occur, in general, with a certain time lag from 
the end of the rainfall, the updated version (CRF_v2) 
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by SALCIARINI et al. [2012] allows computing the criti-
cal rainfall intensity at the peak of pore pressure after 
the end of rainfall. A more recent development for 
the deterministic PB rainfall thresholds is given by the 
work by SALCIARINI and TAMAGNINI [2015], introducing 
the computation for more general conditions of the 
slopes that consider also the partial saturation.

3.2.2. PROBABILISTIC APPROACHES

As mentioned in the introductory section, the 
deterministic approaches for rainfall-induced land-
slide prediction do not consider any form of uncer-
tainty in their implementation and regard the input 
variables (as well as the dependent variables) as fixed 
value [MONTGOMERY and DIETRICH, 1994; IVERSON, 
2000; BAUM et al., 2002; SALCIARINI et al., 2006; BAUM et 
al., 2008; MONTRASIO and VALENTINO, 2008; SALCIARINI 
et al., 2008; CASCINI et al., 2010].

On the contrary, the probabilistic approaches al-
low modeling uncertainties by considering the input 
variables as random – defined by a Probability Densi-
ty Function (PDF) – and the dependent variables are 
described as random as well. 

To study the problem stochastically, several 
methods are suitable. The Monte Carlo (MC) ap-
proach represents a widely known and powerful 
tool. It consists in repeating a deterministic analysis 
varying each time the values of the input variables 
until the PDF of the output variable can be obtained. 
This method is largely used [ZHOU, 2003; CHO, 2010; 
WU, 2013], despite its main drawback that is relat-
ed to the high computational efforts required to car-
ry out the simulations over large-areas. Alternative-
ly, the Point Estimate Method (PEM), originally de-
veloped by ROSENBLUETH [1975], represents anoth-
er good possibility to face the problem. In the work 

by FANELLI et al. [2016] the MC simulations and the 
PEM have been compared and the best efficiency of 
the PEM method when facing large-area analysis was 
pointed out. For this reason, in this work an applica-
tion of this last one is presented at section 6. 

4. Geostatistics for the spatial analysis of data

Geostatistics is a term referring to spatial anal-
yses of data, originally developed for mining engi-
neering by KRIGE [1951] and successively formal-
ized in a proper theory by MATHERON [1963]. This 
approach was developed to maximize the extraction 
of gold from South Africa mines through the spa-
tial prediction of the mineral concentration from 
the knowledge of its presence only in certain points. 
Later, geostatistics has been extended to many other 
fields of application, from hydrology to meteorology, 
from geochemistry to geotechnics. 

Geostatistics is a fundamental support in all 
those cases where data (derived from direct meas-
urements), along with their discrete spatial distribu-
tion, are available and predictions of their values in 
other locations are needed. To estimate a physical 
variable at a given point within a study area, meas-
ures of such variable in neighboring points can be 
used, modeling the spatial correlation between da-
ta by assigning higher weights to closer measures 
and lower weights to measures that are more distant. 
This is funded on the concept that in Geosciences 
variables vary continuously in space and two points 
located at short distance from each other have more 
probability of having similar values than two points 
located at long distance (Fig. 1).

The results derived from the application of geo-
statistics techniques are maps that express the spatial 

Fig. 1 – Conceptual sketch of geostatistical analyses of data.
Fig. 1 – Analisi geostatistica di dati spaziali: ricostruzione del 
valore delle variabili in un punto a partire dalle misure in punti 
vicini.

Fig. 2 – Steps of the procedure to apply geostatistical techni-
ques.
Fig. 2 – Fasi della procedura per l’applicazione delle tecniche 
geostatistiche.
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variability of the values of a given variable. They are 
obtained in three steps (Fig. 2):
1) analysis of the available measures to define the 

correlation between them and to derive the so-
called “experimental variograms”, which express 
a level of confidence for the data: a higher corre-
lation means more reliable data (sect. 4.1);

2) choice of the best fitting mathematical model for 
the experimental variogram (sect. 4.2);

3) application of the Kriging technique for predict-
ing the values of the variable at locations where 
no measures are present (sect. 4.3).

4.1. Variograms

The experimental semi-variogram γ(h) provides 
quantitative information on the variation of the cor-
relation coefficient  with the distance h between 
two measure points. This is given by the following 
expression:

 γ =(h) ( (1
2n z(x ) )–

n 2
i=1 i z(x i h+Σ  (4)

where n is the set of all pairs of sample data separated 
by a lag distance h, while z(xi) and z(xi+h) are data val-
ues at location xi and xi+h. The variogram is twice the 
semi-variogram expressed from equation (4), howev-
er for simplicity it is common to refer to equation (4) 
as “variogram”. The variogram provides the variance 
of the difference between field values at two measure-
ment points. This increases, as predictable, with the in-
creasing of distance, since the more apart two measure-
ments points are located, the less correlated they are.

The procedure for the construction of an experi-
mental variogram starts with the definition of the lag 
distance h between two measured points at which the 
variogram is computed. Once defined a value h for 
the lag, a sample point is chosen and all the points 
at a distance h are considered; then, to construct the 
variogram (h), it is necessary to vary the value of h 
and to repeat this procedure until all the available 
points are examined. 

For obtaining the variogram, the choice of the 
lag value is very important since it affects the vario-
gram accuracy. As suggested by NOTI [2010], a good 
choice is a lag lower than the half of the maximum 
distance between all the measurement points.

The experimental variogram consists of a series 
of discrete points that define the spatial correlation 
between pairs of measurements at selected distanc-
es h. To get an estimate of the variogram that var-
ies continuously with h, it is necessary to transform 
the experimental variogram into a theoretical one, 
provided by a mathematical model that best fits the 
experimental curve (Fig. 3). The most used mod-
els are: spherical, exponential, Gaussian model, and 
power law [see, i.e. ROUHANI, 1996].

4.2 The Kriging technique

The Kriging technique is a geostatistical method 
that provides the predicted value of a variable Z(x0) 
in a point x0 deprived of measurement, using sample 
points at close locations where measures are present, 
deriving the weights from the variograms (obtained 
as described in Sect. 4.1), therefore on the basis of 
the distance between the sample point locations and 
the location of the unknown variable (Fig. 4). The 
Kriging provides the best linear unbiased estimate of 
Z(x0)characterized by: i) the expected value of the 
variable at the location where measures are missing; 

Fig. 3 – Example of an experimental variogram fitted by a 
theoretical grey line.
Fig. 3 – Esempio di variogramma sperimentale modellato 
attraverso un variogramma teorico (linea grigia).

Fig. 4 – Example of the Kriging technique: providing the 
predicted value of a variable in a point x0 where measure-
ments are not available, using sample points at close loca-
tions and weights depending on the distances.
Fig. 4 – Esempio di applicazione della tecnica del Kriging che 
consente di stimare il valore di una variabile in un punto xo in 
cui non sono disponibili misure, a partire dai valori noti che la 
medesima grandezza assume in punti dello spazio in cui è stata 
misurata.
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ii) the standard deviation of the prediction, which 
expresses the uncertainty of the estimation.

5. Database of soil physical and mechanical 
properties

Any attempt of creating a reliable database of 
spatially distributed physical and mechanical prop-
erties for soils of a wide study area, starts from an 
extensive data collection of in situ measurements. 
These can be realized ad-hoc for the specific objec-
tive of creating the database, either derived from sur-
veys previously conducted in the same study area, de-
posited at local or national Institutions devoted to 
store and archive such data/technical reports.

Either if newly obtained, or collected from past 
survey, the available data should be uniformly dis-
tributed in the study area and should be enough nu-
merous to apply geostatistical tools in a significant 
manner. Also, the following information should be 
contained and should be extrapolated:
– geographical position, necessary to locate accu-

rately the measurement points examined;
– brief description of the stratigraphy at locations 

where the measurements are done;
– value of the variables that need to be considered 

in the analysis;
– type of instrumentation/methodology used to 

obtained the value of the variables to be consid-
ered (both in the case of in situ tests, both for lab 
tests).
The collected data should be compared to any 

other available information for the study area, such 
as: geological maps, micro-zonation maps, etc. This 
comparison will limit the possibility of “material” 
errors, for example: sample points that are wrong-
ly localized, with a description that strongly differs 
from the lithological class indicated by the geologi-
cal map. Successively, variability range for the values 
of the considered variables can be selected in order 

to filter the sample points and exclude unrealistic 
values.

After these preliminary actions, the construction 
of the experimental and theoretical variograms can be 
achieved, and the Kriging technique can be applied.

5.1. Example of application in the Perugia Province

In this Section an application of the procedure 
to obtain a spatially distributed map of soil properties 
for a wide study area is presented. The study area is 
the entire Perugia Province, in central Italy (Fig. 5). 

The activities started with an extensive data col-
lection from the archives of the Civil Protection and 
Structural Control Office of the Perugia Province. 
More than 8,000 technical reports containing infor-
mation on geotechnical investigations – including: ge-
ographical locations, stratigraphy, quantitative infor-
mation on soil physical and mechanical properties, 
and description of the test used to obtain the prop-
erty values – were examined. From those, about 3,000 
records were considered and, then, digitized into a 
preliminary (discrete) database of the geotechnical 
properties of the covers of the Perugia Province. As 
expected, the data collected have a higher density 

Alluvium 848

Terraced alluvium 364

Clay 154

Eluvial deposit 160

Landslide deposit 204

Pyroclastic deposit 0

Gravel 126

Sand 235

Turbidite 483

Silt 149

Tab. I – Soil cover classes and number of data points for 
each soil cover class.
Tab. I – Classi considerate per i terreni superficiali e numero dei 
punti di misura disponibili per ciascuna classe.

Fig. 5 – Study area and locations of the collected measure-
ments (grey dots).
Fig. 5 – Area di studio e distribuzione spaziale dei punti 
di misura usati per la raccolta delle caratteristiche fisiche/
meccaniche dei terreni.
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in the towns, while they are sparser in less populated 
zones (Fig. 5). 

5.1.1. SUPERPOSITION OF THE DISCRETE DATABASE TO THE 
GEOLOGICAL MAP OF UMBRIA REGION

Considering the extension of the Perugia Prov-
ince area (6,337 km2), the collected data reflect the 
presence of a large number of soil typologies with 
very different physical-mechanical characteristics. 
The superposition of such data with the available 
Geological Map (at 1:10000 scale) allows detect-
ing possible incorrect data of the collection, that 
is, sample points with values very contradictory with 
the outcropping soils reported in the Geological 
Map.

With the aim of a practical use in any kind of 
quantitative evaluations requested by geotechnical 

engineering problems, the Geological Map was sim-
plified, reducing the high number of the lithotypes 
to a minimum number by grouping the outcrop-
ping formations into wide and more general cate-
gories on the basis of their mechanical character-
istics. Since the interest of this work is focused on 
the creation of a database for the implementation 
of predictive tools for rainfall-induced landslides af-
fecting the surficial soil covers, from here forward, 
the rock types will be excluded from the analysis 
(reducing further the considered categories to 10). 
The considered classes are shown in table I. In the 
same table, the number of the collected sample 
points that falls in each category is shown.

On the collected data falling within the consid-
ered 10 categories, FANELLI et al. [2015] performed 
preliminary statistical investigations to understand 
mean values and variances of soil parameters for each 

Fig. 6 – Variograms of cohesion and friction angle for the: a) terraced-alluvium soil class and b) alluvium soil class.
Fig. 6 – Variogrammi sperimentali e teorici della coesione e dell’angolo di attrito per i seguenti litotipi: a) alluvioni terrazzate; b) alluvioni.

Fig. 7 – Variograms of cohesion and friction angle for the: a) clay soil class and b) eluvial deposits soil class.
Fig. 7 – Variogrammi sperimentali e teorici della coesione e dell’angolo di attrito per i seguenti litotipi: a) argille; b) depositi eluviali.

a) b)

a) b)
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category. Also, the probabilistic distribution for the 
data for each category was defined [FANELLI, 2016]. 

5.1.2. CREATION OF VARIOGRAMS

Experimental and theoretical variograms for the 
collected data were created, by implementing the pro-
cedure into Matlab. The hypothesis of isotropy for the 
variograms (lag value, h, uniform in all the directions) 
was considered. A lag  h 

 – of 20 km was adopted, since, 
given the high variability of soil properties also for 
short distance, finding correlation for distance longer 
than 20 km was considered meaningless.

As for the theoretical variograms, the best fitting 
with the experimental points was obtained by using 
the exponential model (Figs. 6-10).

All the variograms from figure 6 to figure 10 show 
an increasing trend with the distance h, up to reach 
in some cases a horizontal asymptote, confirming that 

the spatial correlation between sample points of the 
same class is high for small distance and reduces for 
increasing distance. The theoretical curves fit well the 
experimental data, with a very low mean quadratic er-
ror. Only in some cases the sample points are charac-
terized by an evident dispersion, although still char-
acterized by a trend that increases with h. This is the 
case of sample points for cohesion in the classes of: 
landslide deposits (Fig. 8a); gravels (Fig. 8b); and silts 
(Fig. 10), while the distribution of the sample points 
for the friction angle is more regular. This result is 
not surprising since the cohesion sample points have 
a variability range greater than those of the friction 
angle: this explains why the experimental variograms 
of the friction angle sample points are more easily in-
terpolated by means of an analytical curve.

Among the analyzed soil cover classes, only grav-
els show a marked difficulty in being interpolated 
from a theoretical variogram (Fig. 8b), in particu-

Fig. 8 – Variograms of cohesion and friction angle for the: a) landslide deposits soil class and b) gravel soil class.
Fig. 8 – Variogrammi sperimentali e teorici della coesione e dell’angolo di attrito per i seguenti litotipi: a) depositi di frana; b) ghiaie.

Fig. 9 – Variograms of cohesion and friction angle for the: a) sand soil class and b) turbidite soil class.
Fig. 9 – Variogrammi sperimentali e teorici della coesione e dell’angolo di attrito per i seguenti litotipi: a) sabbie; b) torbiditi.

a) b)

a) b)
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lar for the cohesion parameter. This may also be ex-
plained by the low number of sample points for grav-
els, compared to all other considered classes (Tab. I).

5.1.3. MAPS OF THE SPATIAL DISTRIBUTION OF SOIL STRENGTH 
VALUES

The construction of the theoretical variograms for 
the soil covers of the Perugia Province constitutes an es-
sential step to realize geotechnical maps of the spatial 
distribution of strength properties (cohesion and fric-

tion angle) within the study area, accounting for the 
spatial correlation between close measurement points, 
through the spatial prediction of the Kriging tech-
nique. The difference between “deterministic” maps 
and maps obtained by applying the Kriging technique 
is the following. In the first case the territory is subdi-
vided into a given number of soil classes and for each 
of them a uniform mean value of cohesion and fric-
tion angle is assigned, meaning that all over the wide 
territory considered each class has always the same 
mean strength property values. This is quite unrealis-
tic as experimentally observed, since measurements of 
the same soil property even in two close sample points 
of the same soil class may vary greatly. On the contra-
ry, maps obtained through the application of the Krig-
ing technique allow studying the variability of soil pa-
rameter values in a continuous manner, also within the 
individual soil units. Preliminary tests of the accuracy 
of the approach were done in the work by FANELLI et 
al. [2015] where, to validate the reliability of the Krig-
ing technique prediction, a sample study area within 
the Perugia Province with small size (6 km x 5 km) was 
considered. In this area only 70% of the measurement 
points were used for the prediction of strength prop-
erty values, while the remaining 30% were used to ver-
ify the accuracy of the assessment, with a very satisfying 
agreement.

For a better readability, here we show the maps 
of the spatial distribution of the cohesion (Fig. 11) 
and friction angle (Fig. 12) for a squared area in the 
Perugia Province. The same study area will be used 
later in section 6 for applications of rainfall-induced 
landslide predictive tools.

Fig. 10 – Variograms of cohesion and friction angle for the 
silt soil class.
Fig. 10 – Variogrammi sperimentali e teorici della coesione e 
dell’angolo di attrito per i limi.

Fig. 11 – Map of the spatial distribution of the cohesion, produced by the application of the Kriging technique, within the 
study area.
Fig. 11 – Distribuzione spaziale della coesione ottenuta per l’area di studio selezionata attraverso la tecnica geostatistica del Kriging.
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6. Application of a probabilistic landslide pre-
dictive tool in the Perugia province

In this Section the application of the probabil-
istic PB model named PG_TRIGRS [SALCIARINI et 
al., 2017] is presented. This model is a probabilistic 
version of the widely known deterministic TRIGRS 
code [BAUM et al., 2002; BAUM et al., 2008]. The mod-
el implements the PEM to compute the Probability 
of Failure (PoF) for the considered slopes and it is 
fed with random input variables for the relevant soil 
properties of the study area.

The original version of the PEM considered n cor-
related and symmetric random variables, for each of 
whom two estimate points are selected. 2n values of 
the dependent variable are computed by combining 
the input point estimates: for each of them a weight-
ing function is evaluated. Using the values of the de-
pendent variable and the corresponding weighting 
functions, its statistical moments and, hence, its PDF 
can be assessed. The version of PANCHALINGAM and 
HARR [1994] incorporates both skewness and correlat-
ed random distributions. It does not require the exact 
probability density function of the random variables, 
but only their first three statistical moments (mean , 
standard deviation  and skewness coefficient ) and 
their correlation coefficient.

In this work, we consider a number n=3 of ran-
dom variables, namely the effective cohesion c’, the 
effective friction angle ’, and the saturated hydraulic 
conductivity ks. Following the work by FANELLI [2016], 

they are described by: the beta distribution, the nor-
mal distribution, and the lognormal distribution, re-
spectively. Two points are chosen for each quanti-
ty and the dependent variable (the Factor of Safety 
Fs) is computed considering 2n permutations of c’, ’ 
and ks. For each estimate of Fs,i, a weighting function 
Pi is defined, which accounts for correlation between 
variables. As suggested by many authors [LUMB, 1970; 
WOLFF, 1996; LI and LOW, 2010], cohesion and friction 
angle are characterized by a negative correlation co-
efficient (=-0.5), while the correlation between satu-
rated hydraulic conductivity and the two soil strength 
parameters is assumed equal to 0. The expected value 
E[Fs] and the standard deviation of the Factor of Safe-
ty [Fs] are computed as follow:

 =[ [Fs FE
n
i=1 s,i ipΣ   (5)

 E E= –[ [Fσ s [ [Fs[ ( )[Fs
2 2  (6)

Once the expected value and the standard devi-
ation of Fs are determined, the Probability of Failure 
(PoF) can be extracted. More details of the model 
can be found in SALCIARINI et al. [2017].

The input required by the model (in the simpli-
fied hypothesis of saturated conditions for the slo-
pes) are: 
– the map of the spatial distribution of the slope 

angle (Fig. 13), computed from an accurate dig-
ital elevation model; 

Fig. 12 – Map of the spatial distribution of the friction angle, produced by the application of the Kriging technique, within 
the study area.
Fig. 12 – Distribuzione spaziale dell’angolo di attrito ottenuta per l’area di studio selezionata attraverso la tecnica geostatistica del 
Kriging.
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– the map of the spatial distribution of the soil 
strength properties (cohesion and friction an-
gle) obtained by the Kriging technique (Fig. 11 
and Fig. 12); 

– the estimated depth of the impervious lower 
boundary, dlb, computed as a function of the 
slope angle , by means of the relationship: 

dlb=14exp(–0.07) proposed by SALCIARINI et al. 
[2006]; 

– the estimated initial depth of the water table, dwt, 
which can be assumed, as an ideal assumption, 
in absence of any further information provided 
by monitoring systems and in view of the demon-
strative character of the study, as dwt=0.5dlb; 

Fig. 13 – Map of the spatial distribution of the slope angle within the study area.
Fig. 13 – Distribuzione spaziale della pendenza nell’area di studio selezionata.

Fig. 14 –  Map of the spatial distribution of the PoF within the study area, considering a rainfall of I=1 mm/h and D=6h.
Fig. 14 – Distribuzione spaziale della probabilità di collasso, PoF, nell’area di studio selezionata con riferimento a una pioggia di intensità 
I=1 mm/h e durata D=6 h.
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– the rainfall characteristics, as better discussed in 
the following subsection 6.1.

6.1. Example of application for EWSs

In the application for EWSs over large-areas, the 
model can be fed with input rainfalls provided by 
short-term meteorological forecasts. The result of 
the model is the display of the predicted rainfall-in-
duced landslide scenario produced in the territo-
ry by that specific rainfall. Let consider an ideal but 
realistic case, where the predicted rainfall has an in-
tensity I= 1 mm/h and D=6 hours. Provided all the in-
puts described in the previous section, the outcome 
of the probabilistic model, which combines the hydro-
logical-stability model with the rainfall information, is 
a map with the spatial distribution of the PoF for the 
considered slopes (Fig. 14). The map shows the loca-
tions with higher potentiality of failure, providing a 
screening of the territory highlighting the zones that 
can be considered hazardous. In Fig. 14 the PoF is sub-
divided into 3 categories (10%<PoF<25%; 25%<PoF 
<50; and PoF>50%) and the inventory of the actually 
occurred landslides is overlaid. As observable, the lo-
cations of the potentially unstable slopes are correctly 
captured by the model predictions (indicated with the 
color ranging from yellow to red on the basis of the 
PoF category), except very sparse unpredicted events.

Considering a rainfall with the same intensity and 
a more prolonged duration (D = 72 hours) the pro-
vided scenario of rainfall-induced landslides within 

the study area varies accordingly, as shown in the map 
of figure 15. As expected, the total number of poten-
tially unstable areas increases as well as the number of 
unstable slopes that belong to the most critical cate-
gory of PoF. For a better readability of this outcome, 
figure 16 shows the histogram of the number of unsta-
ble areas predicted by the model (in percentage, with 
respect to the toal number of cells in which the area is 
subdivided), partitioned into the 3 categories of safety 
above described, without considering the less signifi-
cant case of PoF<10%. As it can be noticed, more pro-
longed rainfalls provide a total higher percentage of 
unstable territory. Also, the histograms show that, the 
percentage of unstable cells that falls within the most 
critical class (PoF > 50%) increases more than those 
included in the less critical classes. For example, pass-
ing from D = 6 h to D = 12 h; the percentage of un-
stable cells included in the class PoF > 50% becomes 
double; the percentage of unstable cells included in 
the class 25% <PoF< 50% becomes 40% higher; the 
percentage of unstable cells included in the class 10% 
<PoF< 25% becomes 30% higher.

An important aspect of the application is relat-
ed to the computational time required by the mod-
el to perform the prediction, since any tool for EW-
Ss must provide the safety level estimations in a time 
sufficiently short to issue warnings/alarms to evac-
uate population. The presented model is based on 
a quite efficient probabilistic approach (PEM) that, 
compared to other widely used approaches (i.e., 
the MC simulation) is able to provide outcomes in 
a shorter time without loosing accuracy in the solu-

Fig. 15 – Map of the spatial distribution of the PoF within the study area, considering a rainfall of I=1 mm/h and D=72h.
Fig. 15 – Distribuzione spaziale della probabilità di collasso, PoF, nell’area di studio selezionata con riferimento a una pioggia di intensità 
I=1 mm/h e durata D=72 h.
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tion [FANELLI et al., 2016]. In particular, FANELLI et al. 
[2016], tested the performance of these two proba-
bilistic models in terms of computational time and 
accuracy of the results, by making a comparison on 
a unit cell, i.e., one column of soil with uniform and 
homogeneous morphological, hydraulic and geo-
technical characteristics. They showed that Monte 
Carlo method allows performing 1e4 simulations in 
4e-1 s, while PEM method in 1.4e-2 s. Thus, PEM can 
provide a time saving of an order of magnitude with 
respect to MC, which becomes a significant advan-
tage when an entire area of study is considered.

7. Conclusions

The paper has presented a methodology that 
combines geostatistical techniques for spatial analy-
ses of data and probabilistic tools for large-area rain-
fall-induced landslide predictions, developed with 
the aim of practical application in the EWSs.

Geostatistics allows obtaining reliable assessments 
of the soil strength properties distribution over the 
study territory, with values of cohesion and friction 
angle that vary continuously from point to point. 
These maps, compared to those obtained from the 
traditional approach that considers deterministic 
mean values for the different outcropping soils, are 
more reliable, as they are based on actual measure-
ments distributed in the territory and on the possibil-
ity of modeling the spatial correlation of the consid-

ered sample points. Also, as pointed out by ROUHANI 
[1996], geostatistics allows quantifying the uncertain-
ty related to data, which is always present when work-
ing with natural phenomena at large-scale. 

The probabilistic model, obtained by extend-
ing the TRIGRS code [BAUM et al., 2002; BAUM et al., 
2008] in order to account for the spatial variability 
of the soil properties, allows dealing with the uncer-
tainty and the variability of mechanical soil proper-
ties, which is an essential feature in wide-area appli-
cations, where a detailed definition of soil properties 
for every points of the study area is practically impos-
sible to obtain [SALCIARINI et al., 2017]. The probabil-
istic safety assessment is carried out using the Point 
Estimate Method (PEM) at large-scale, which, in the 
version of PANCHALINGAM and HARR [1994], allows 
working with correlated input random variables. 

Applications to real case studies of such a meth-
odology presented in this work and in previous ones 
[FANELLI et al., 2015; FANELLI et al., 2016] demonstrate 
that this is a very efficient and computationally low-
cost approach, which fully meets the needs of rapid-
ity and accuracy in the predictions required by any 
EWS. It configures, therefore, as an ideal model for 
setting up early warning systems for risk manage-
ment and real-time emergencies.
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Caratterizzazione dei terreni a scala 
vasta finalizzata alla messa a punto 
di interventi non strutturali per la 
mitigazione del rischio da frana 

Sommario 

In questo articolo si descrive la metodologia utilizzata per la 
costruzione di un database delle caratteristiche fisiche e meccaniche 
dei terreni della Provincia di Perugia, finalizzato all'applicazione di 
modelli per la previsione del rischio da frana a scala vasta.

Partendo da un’ampia raccolta di dati, derivanti da precedenti 
indagini geotecniche condotte nel territorio esaminato e fornite 
dall'Ufficio Protezione Civile e Controllo Costruzioni della 
Provincia di Perugia, sono state svolte analisi statistiche per una 
valutazione preliminare della loro qualità. Successivamente è stata 
applicata la tecnica geostatistica del Kriging al fine di ottenere: (i) 
la distribuzione spaziale delle caratteristiche meccaniche dei terreni 
nell’area di studio selezionata, tenendo conto dei punti di misura e 
delle loro correlazioni spaziali; (ii) la valutazione dell'affidabilità 
dei dati sulla base dei variogrammi sperimentali ottenuti per le 
principali tipologie di terreno individuate.

A valle di questa caratterizzazione a scala vasta, per dimostrare 
l’importanza della disponibilità di informazioni quantitative 
georeferenziate nell’applicazione di modelli previsionali, viene 
presentata un'applicazione del modello probabilistico fisicamente 
basato PG_TRIGRS [SALCIARINI et al., 2016] per la valutazione 
della pericolosità da frana pluvioindotta, con riferimento a un’area 
di studio selezionata all’interno della Provincia di Perugia.


