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Abstract Regional-scale forecasting of landslides is not a straight-
forward task. In this work, the spatiotemporal forecasting capabil-
ity of a regional-scale landslide warning system was enhanced by
integrating two different approaches. The temporal forecasting
(i.e. when a landslide will occur) was accomplished by means of
a system of statistical rainfall thresholds, while the spatial fore-
casting (i.e. where a landslide should be expected) was assessed
using a susceptibility map. The test site was the Emilia Romagna
region (Italy): the rainfall thresholds used were based on the
rainfall amount accumulated over variable time windows, while
the methodology used for the susceptibility mapping was the
Bayesian tree random forest in the tree-bagger implementation.
The coupling of these two methodologies allowed setting up a
procedure that can assist the civil protection agencies during the
alert phases to better define the areas that could be affected by
landslides. A similar approach could be easily adjusted to other
cases of study. A validation test was performed through a back
analysis of the 2004-2010 records: the proposed approach would
have led to define a more accurate location for 83% of the land-
slides correctly forecasted by the regional warning system based
on rainfall thresholds. This outcome provides a contribution to
overcome the largely known drawback of regional warning sys-
tems based on rainfall thresholds, which presently can be used
only to raise generic warnings relative to the whole area of
application.

Keywords Rainfall - Threshold - Susceptibility - Warning
system - EWS - Regional scale

Introduction

The large amount of casualties and damages caused in the world
by landslides (Petley 2012) make the forecasting of their occur-
rence by means of warning systems a widely discussed research
topic.

Physically based models can perform at the same time spatial
and temporal forecasting of landslides, since they can define when
and where a landslide will occur (Baum et al. 2002, 2010; Crosta
and Frattini 2003; Simoni et al. 2008; Lepore et al. 2013; Rossi et al.
2013). However, they can be adopted as forecasting cores of warn-
ing systems only if the physical properties of the terrain are known
in detail, and usually in small areas (e.g. tens/hundreds of square
kilometres) (Schmidt et al. 2008; Simoni et al. 2008; Segoni et al.
2009; Apip et al. 2010; Mercogliano et al. 2013).

However, in larger areas (e.g. thousands of square kilometres),
a reliable application of physically based models is hindered by the
computational resources needed (Baum et al. 2010; Rossi et al.
2013) and by the difficulty of assessing the spatial distribution of
the values of the hydrological and geotechnical input parameters
(Segoni et al. 2012). In such cases, landslide forecasting is usually
performed with other heuristic or statistical methods, and
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assessing at the same time both spatial and temporal forecasting
is not straightforward.

Regional-scale warning systems are often based on empirical
rainfall thresholds (Brunsden 1973; Keefer et al. 1987; Aleotti 2004;
Hong et al. 2005; Guzzetti et al. 2008; Tiranti and Rabuffetti 2010;
Baum and Godt 2010; Capparelli and Tiranti 2010; Cannon et al. 2013;
Jakob et al. 2012; Martelloni et al. 2012; Rosi et al. 2012; Segoni et al.
2014), which can be implemented to forecast the temporal occur-
rence of landslides. The empirical rainfall thresholds can be based on
a variety of rainfall parameters (see e.g. Guzzetti et al. 2007and
reference therein): intensity-duration thresholds are probably the
most used (see e.g. Guzzetti et al. 2008 for a complete review) and
are particularly established for shallow landslides; however, a con-
sistent number of operational warning systems are currently based
on the rainfall amount as measured over given time spans
(Chleborad 2003; Cardinali et al. 2006; Cannon et al. 2008, 2011).

The main drawback of the warning systems based on empirical
rainfall thresholds is a poor spatial resolution: a threshold overcom-
ing produces an alert for the entire area encompassing the events
used for calibration, while the location of expected landslides is
poorly constrained. To improve the spatial resolution of such
models, in recent years, some authors (Martelloni et al. 2012;
Segoni et al. 2014) proposed, instead of a single regional threshold,
a mosaic of several thresholds valid for limited areas: this approach
leads to relate the warnings to a more restricted areal extent but still
cannot forecast the exact localization of the landslides.

Conversely, landslide susceptibility maps are static instruments
that define, in a given area, the predisposition of the territory to be
affected by a landslide (Brabb 1984). In other words, susceptibility
maps are used to assess where a landslide should be expected, but
they do not contain any temporal information about when a land-
slide will occur. An overwhelming literature deals with landslide
susceptibility (e.g. Guzzetti et al. 1999 or Cachon et al. 2006), and
several approaches have been presented, including for example
bivariate or multivariate logistic regression (Chung and Fabbri
1999; Saha et al. 2005; Can et al. 2005; Lee et al. 2007; Choi et al.
2012), discriminant analysis (Carrara 1983),weights-of-evidence
methods (Bonham-Carter 1991; Pourghasemi et al. 2012), modified
Bayesian estimation(Chung and Fabbri 1999), weighted linear com-
binations of instability factors (Ayalew et al. 2004), landside nominal
risk factors (Saha et al. 2005), frequency ratio (Chung and Fabbri
2003, 2005; Choi et al. 2012), certainty factors (Pourghasemi et al.
2012), information values (Saha et al. 2005), modified Bayesian
estimation (Chung and Fabbri 1999), neuro-fuzzy (Sezer et al. 2011),
artificial neural networks (Catani et al. 2005; Choi et al. 2012), fuzzy
logic (Akgun et al. 2012; Ercanoglu and Gokceoglu 2002), sup-
port vector machines (Brenning 2005), and index of entropy
(Bednarik et al. 2012).

In literature, landslide susceptibility assessments range from
the local (Gokceoglu et al. 2005) to the continental scale (Van Den
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Eeckhaut et al. 2012) and are usually accomplished with the aid of
geographical information systems (Bonham-Carter 1991; Saha et al.
2005) or purposely developed software (Akgun et al. 2012).

The rationale behind the present work is that the pros and cons
of rainfall thresholds and susceptibility maps can compensate each
other, and the two approaches could be fruitfully integrated to
enhance the spatiotemporal forecasting capability of regional-scale
landslide early warning systems and thus the capability of civil
protection agencies (CPA) to manage the alert phases.

To accomplish this result, two state-of-the-art thresholds and
susceptibility models were coupled. The Emilia Romagna region
(Italy) was selected as a test site: the endorsed operational regional
warning system based on rainfall thresholds (Martelloni et al. 2012;
Lagomarsino et al. 2013) was integrated with a regional-scale
susceptibility map, purposely developed using the recently pro-
posed approach “Bayesian tree random forest” (Breiman 2003;
Brenning 2005; Vorpahl et al. 2012; Catani et al. 2013). The results
showed that the coupling of the two methodologies enhanced the
forecasting effectiveness of the warning system. The “Discussion”
section focusses on the possibility of applying the methodology to
other case studies and presents a multi-tier approach that im-
proves the warning system and can be used to assist civil protec-
tion agencies in managing the alert phases.

Materials and methods

Study area

The study area is the hilly and mountainous sector (about
13,200 km?®) of the Emilia Romagna region (Northern Italy) (Figs. 1
and 2). This is dominated by the Apennines, a fold and thrust belt
with a maximum elevation of 2,165 m, which is mainly constituted

by turbiditic deposits (flysch) where layers of massive rock (main-
ly sandstones and calcarenites) alternate with layers of pelites with
variable thickness. Other very frequent lithologies are clays and
evaporites.

The area is extremely prone to landslides (“Landslide invento-
ry” section); the most recurrent typology is the rotational/
translational slide, which is typical of the flysch geological forma-
tions, but also slow earth flows (typical of the clayey lithologies)
and complex movements (mainly slides evolving in flows) are
common. Shallow landslides and debris flows occur in smaller
numbers, but their occurrence has markedly increased in the last
few years (Martina et al. 2010). Even if a significant number of
landslides is triggered by snow melting (Martelloni et al. 2013),
rainfall is by far the main triggering factor: debris flows and
shallow landslides are triggered by short but exceptionally intense
rainfall, while deep-seated landslides and earth flows have a more
complex response to rainfall and are mainly influenced by mod-
erate but exceptionally prolonged (even up to 6 months) periods
of rainfalls (Ibsen and Casagli 2004; Benedetti et al. 2005).

The area has a typical Mediterranean climate, with a warm and
dry season (typically from May to October) alternating with a cool
and wet season (typically from November to April). The mean
annual precipitation averaged in the whole study area is about
1,000 mm, with localized peak values of about 2,000 mm encoun-
tered in the highest mountains (Martelloni et al. 2012).

Current regional landslide warning system

Sistema Integrato Gestione Monitoraggio Allerte (Integrated Sys-
tem for Monitoring and Managing Alerts, SIGMA) is the warning
system currently used by the Emilia Romagna Civil Protection
Agency to forecast rainfall-triggered landslides. SIGMA was
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Fig. 1 Subdivision of the Emilia Romagna region into eight alert zones (AZ) and 25 territorial units (TU); each TU is equipped with a reference rain gauge
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Fig. 2 Landslide inventory and morphometry of the Emilia Romagna region

designed and applied for the first time in 2005 (Benedetti et al.
2005), but it has undergone several modifications in recent years
(Martelloni et al. 2012; Lagomarsino et al. 2013) in order to meet
the need of the regional civil protection agency for managing the
hazard related to landslides with a single tool. Therefore, SIGMA
was purposely designed to take into account both landslides trig-
gered by short and exceptionally intense rainstorms (e.g. shallow
landslides) and landslides triggered by exceptionally prolonged
rainfalls (e.g. deep seated rotational slides and earth flows).

The final aim of the warning system, according to the civil
protection agency procedures, is to set on daily basis an alert level
among four possible ones (absent, ordinary criticality, moderate
criticality and high criticality) for each of the eight alert zones (AZ)
in which the Emilia Romagna region is subdivided (Fig. 1).

Each alert zone is monitored by means of a varying number of
rain gauges, each representative of a surrounding portion of ter-
ritory called a territorial unit (TU) (Fig. 1). Overall, the study area
is partitioned into 25 territorial units, each associated to a repre-
sentative rain gauge (RRG) (Lagomarsino et al. 2013).

For each RRG, the historical daily recordings were collected and
used to build the time series of rainfall accumulation from 1 to
243 days (the maximum accumulation period used by SIGMA).
The time series were analysed with a statistical procedure ex-
plained in detail by Martelloni et al. (2012) to define the o curves,
which are based on outlier values of cumulative rainfall, quantified
as multiples of the standard deviation (o, hence the name of both
the curves and the warning system).

Each representative rain gauge has its peculiar family of sigma
curves (10, 1.050, 1.10, 1.150,..., 3.50) based on its own time series,
and some of these sigma curves were selected as rainfall thresholds
used by a decisional algorithm. During a calibration procedure
(Martelloni et al. 2012), for each RRG, all sigma curves were
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compared to the rainfalls that triggered some landslides in the
reference territorial unit. This procedure allowed selecting as
thresholds of each RRG the sigma curves that minimize the errors
committed by the decisional algorithm within each territorial unit.
Because of the calibration procedure, for different rain gauges, the
thresholds can be based on different sigma values.

The decisional algorithm at the core of the warning system is
based on the comparison between the above mentioned thresholds
and the rainfall data (recorded and forecasted). Basically, high
values of sigma (from 3.00 to 3.50 depending on the TU) are
compared with the cumulative rainfall recorded for short periods
of accumulation (1, 2 and 3 days). Conversely, lower values of
sigma (from 1.50 to 1.95) are compared with longer cumulative
rainfall records (ranging from 4 to 243 days, depending on the
seasonality) (Martelloni et al. 2012; Lagomarsino et al. 2013). The
structure of the decisional algorithm is consistent with the trigger-
ing mechanism of landslides: in Emilia Romagna, landslides can
be triggered either by short and exceptionally intense rainstorms
or by exceptionally long (even if not particularly intense) rainfalls
(Martelloni et al. 2012), and SIGMA was purposely designed to
manage both kinds of rainfall with a single tool.

The decisional algorithm provides a daily criticality level for
each territorial unit using the four alert levels adopted in the civil
protection procedure.

Despite the SIGMA warning system having demonstrated a
good predictive capacity (Martelloni et al. 2012), it was observed
that at the TU level, the relationship between the severity of the
forecasted criticality level and the severity of the effects to the
ground (i.e. landslides number) is not strongly constrained. Ac-
cording to the analysed records, from one TU to another, and even
within the same TU, events characterized by the same criticality
level can be associated to a very different number of landslides.
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This outcome, together with the necessity of issuing alerts at the
AZ scale (according to the CPA guidelines), led to define a proce-
dure to aggregate the TU outputs at the AZ scale (Lagomarsino
et al. 2013). For each territorial unit, a weight was calculated
dividing its landslide area by the landslide area of the whole alert
zone. Then, the alert zone criticality index can be determined by
adding the criticality level of each TU (this value changes accord-
ing to rainfall) multiplied by its weight (this value is static): a value
from o to 3 can be obtained for the whole alert zone. This critical-
ity index was calculated for past and well-documented events, then
for each AZ, a correspondence was set between the criticality index
values, the number of expected landslides and the corresponding
criticality level at AZ scale according to CPA guidelines (o-1
landslides at the absent criticality level, 2-19 landslides at the
ordinary criticality level, 20-59 landslides at the moderate critical-
ity level and at least 60 landslides at the high criticality level)
(Lagomarsino et al. 2013). The warning system refers to “land-
slides” in general, as no distinction is made between the different
possible landslide typologies.

The warning system is completed by an additional forecasting
module that takes into account the effects of snow accumulation
and snowmelt (Martelloni et al. 2013), which can occasionally
trigger a significant number of landslides in the mountainous
territories.

As a consequence, the SIGMA warning system can be conve-
niently used to forecast the temporal occurrence of landslides and
the severity of the hazard scenarios (i.e. approximate number of
landslides expected in each alert zone). However, similarly to other
threshold-based models, SIGMA has a very coarse spatial resolu-
tion, because warning levels are issued for each alert zone, with a
typical areal extent of a few thousands of square kilometres. To get
more detailed information about where an event will occur, a more
accurate spatial prediction analysis is required.

Landslide susceptibility assessment

Landslide susceptibility maps represent the distributed relative
probability of occurrence of landslides in space, without taking
into consideration the probability of occurrence in time (Brabb
1984). An extensive literature exists on landslide susceptibility
techniques (see e.g. Cachon et al. 2006). At the regional scale, the
techniques most widely used are probably discriminant analysis
(Carrara 1983) and logistic regression (Garcia-Rodriguez et al.
2008; Van Den Eeckhaut et al. 2012; Manzo et al. 2013), but a
number of other techniques have proved themselves reliable and
in some cases more flexible, such as artificial neural networks
(Catani et al. 2005), linear regression (Atkinson and Massari
1998) or Bayesian methods (Catani et al. 2013).

In addition to the selected methodology, the quality of the
susceptibility map greatly depends also on the quality of the input
data, especially the choice of the explanatory variables of the
model and the quality and completeness of the landslide inventory
used to calibrate the susceptibility model.

In this work, a susceptibility map was developed with the
specific aim of obtaining a complete integration with SIGMA and
within the civil protection procedures. To ensure a conceptual
homogeneity between the rainfall thresholds and the susceptibility
map, a single susceptibility assessment was performed considering
all the landslide typologies encountered in the Emilia Romagna
region (“Study area” and “Landslide inventory” sections). Even if
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the scientific literature more frequently reports detail-scale studies
addressing a specific kind of landslide, in small-scale (e.g. regional
scale) studies, it is possible to consider various types of landslides
without distinction among them, still with acceptable results
(Cachon et al. 2006).

Landslide inventory

The landslide susceptibility model was calibrated and validated by
means of the Inventariodei Fenomeni Franosi in Italia (IFFI)
landslide inventory, the most complete landslide database avail-
able in Italy. In the Emilia Romagna, the IFFI database is charac-
terized by a very high degree of completeness (Trigila et al. 2010),
containing 70,037 landslide polygons mapped at the 1:10,000 scale,
for a total areal extent of 2,510 km? (11.35 % of the regional territory
and 23.15 % of the study area, which excludes the flat territory to
the north and east) (Fig. 2). According to the IFFI database, 44 %
of the landslides are classified as “rotational/translational slides”,
30 % as “slow earth flows” and 25 % as “complex movements”
(Cruden and Varnes 1996). Unfortunately, this classification does
not allow a complete characterization of the triggering mech-
anism: in landslide polygons classified as “complex move-
ments”, the combination of typologies involved is not
explicitly reported; moreover, the “rotational/translational
slides” class includes both deep-seated rotational slides and
shallow translational movements. The poor detail of the trig-
gering mechanism strengthens the necessity of performing a
single susceptibility assessment.

Explanatory variables

The choice of the variables to be used to obtain the best
susceptibility assessment is not straightforward. To reduce
subjectivity, a large number (25) of variables were initially
selected, then an automated procedure of forward selection
of the optimal configuration of the model based on quantita-
tive analyses was implemented (“Landslide susceptibility mod-
el” section). The 25 morphometric and thematic attributes
initially selected as possible variables of the susceptibility
model are presented in Table 1.

A grid raster of each morphometric or thematic attribute was
originally created with a 20-m resolution (the native resolution of
the DEM available), then these rasters were resampled at 100-m
resolution, as the final susceptibility map was conceived to be at
the 1:100,000 scale. During the resampling process, each attribute
was split into two variables: one considering the average value
encountered in the 100-m cell (mean value for numerical attri-
butes, or prevailing class for categorical values), the other consid-
ering its variability inside the 100-m cell (standard deviation for
numerical attributes or variety—i.e. number of classes—for cate-
gorical values).

Landslide susceptibility model

To generate the landslide susceptibility map, a random forest
implementation developed in Matlab was adopted (tree-bagger
object (RFtb) and methods). Random forest is a nonparametric
multivariate technique implemented by Breiman (2001). It is a
machine learning algorithm, where a large number of classification
trees are grown considering a subset of predictor variables ran-
domly chosen; the observations not used to build the model are
referred to as “out-of-bag” (OOB) (Breiman 2001). The number of



Table 1 List of the 25 parameters selected as possible explanatory variables of the susceptibility model

Attribute Variable

Elevation Mean elevation

Notes

Sd of elevation

Slope gradient Mean slope

Maximum slope

Maximum value encountered in the 100 100-m cell

Sd of slope
Flow accumulation (FAcc) Mean FAcc Ak.a. “upslope contributing area”: FAcc is a hydrology parameter
expressing the total area draining into each cell.
Sd FAcc
Mean log FAcc The logarithm is used to smooth the differences between the values
encountered in the valleys and those encountered in the crests.
Sd log FAcc
Topographic Wetness Index (TWI) Mean TWI TWI=In (FAcc / tan S), where S is the slope gradient
Sd TWI

Curvature Mean curvature

Sd curvature

Second derivative of elevation, computed in two directions (steepest
descent and normal to the steepest descent) and averaged

Variety of aspect

Mean profile Second derivative of elevation calculated in the direction of the
steepest descent
Sd profile
Mean planar Second derivative of elevation calculated orthogonally to the direction
of the steepest descent
Sd planar
Combo curvature Prevailing Shape of the hillslope, described in terms of nine possible combinations
- of planar and profile concavity/convexity/flatness
Variety
Land use Land use Nine classes (artificial surfaces, crops, pastures, heterogeneous agricultural
Vari areas, broad-leaved forest, forests, shrubs, bare rocks, wetlands) from
ariety a 1:25,000 thematic map
Lithology Lithology Eight classes (hard rocks, sandy flyschs, politic flyschs, marlstones, granular
- - soils, cohesive soils, clays, evaporites) from a 1:10,000 thematic map
Variety of lithology
Aspect Aspect Eight classes were derived from the 20-m DTM and were centred on the

cardinal points (N, NE, E,..., NW)

Sd standard deviation

trees chosen to build the model is fundamental for the stability of
the model: an ensemble of trees yields better predictions than a
single tree (Strobl et al. 2008). However, it is necessary to consider
that a high number of trees can lead to an excessive computational
effort. In our case of study, 200 trees were used, as Catani et al.
(2013) showed that above this number, only negligible ameliora-
tions can be expected.

The methodology adopted has the advantages of not requiring
assumptions about the distribution of the data, and both numer-
ical and categorical variables can be used. Furthermore, it can
account for interactions and nonlinearities among variables
(Bachmair and Weiler 2012).

The susceptibility model was trained using a random sample of
the 10 % of the cells in which the study area was subdivided. An
independent dataset of the same size was used for the validation.
To get an idea of the dimension of the samples used for statistical
analysis, it is worth pointing out that 104,350 random points were
used for training and another 104,350 were used for validation,
without a predetermined proportion between landslide points and
no-landslide points. Catani et al. (2013) demonstrated that such a

sampling strategy provides better susceptibility assessments than
other strategies based on regular schemes.

Feature selection

RFtb allows identifying the classification power of each predictor
variable: the parameter importance can be estimated and ranked
by considering the increase in the prediction error when OOB data
for that variable is permuted while all others are left unchanged
(Liaw and Wiener 2002).

To find the optimal configuration of the parameter set (i.e. how
many and which variables have to be taken into account by the
susceptibility model), the training points are used to build the
model with the complete parameter set (full configuration). Then,
iteratively, the least important parameter is removed and the
feature subset is applied to the test points. The optimal configu-
ration is that which involves the lowest value of misclassification
probability (Catani et al. 2013).

The outcomes of the feature selection procedure are summa-
rized in Fig. 3: starting from the full configuration (25 parameters),

Landslides 12 ¢ (2015) | 777



| Original Paper

PLANAR CURVATURE
PLANAR CURVATURE STD
PROFILE CURVATURE |-
PROFILE CURVATURE STD

Variable
importance
max

min

LCV NUMBER

Fig. 3 Scheme representing the forward selection of parameters; parameters are ranked based on the relative importance for each configuration. The black box

represents the optimal configuration, obtained considering 21 parameters

and pruning one parameter at each iteration, the relative impor-
tance of the parameters is expressed by the colour ranging from
yellow to red. In each iteration, the least important parameter
is discarded and assumes the grey colour in the figure. The
black box indicates the best configuration (i.e. the one with
the lowest prediction error), obtained using 21 parameters.
This configuration makes use of all the parameters listed in
Table 1, except for variety of lithology, combo curvature,
combo curvature variety and land use variety, which were
excluded from the model.

Regional susceptibility map

The optimal configuration identified during the feature selection
procedure was applied to the whole study area and produced a
raster map with a 100-m resolution, in which each pixel is
characterized by a continuous value between o and 1 that
expresses its probability of being affected by a landslide.

According to Begueria (2006) and Frattini et al. (2010), a re-
ceiver operating characteristic (ROC) curve (Swets 1988;
Fawcett 2006) was built comparing the landslides in the IFFI
database and the susceptibility value in the study area
(Fig. 4). The area under curve (AUC) value is o0.71 and
indicates that a significant portion of the region could be
affected by landslides in the future.

To ease the interpretation of the map and the integration in the
regional early warning system, the probability values were
reclassified into four classes, following a subdivision similar to
the criticality levels used by the warning system SIGMA: low,
moderate, high and very high susceptibility (Fig. 5). The identifi-
cation of the class breaks was obtained comparing the cumulative
density function of the susceptibility values encountered within
the landslide polygons (cdfL) with the cumulative density function
of the susceptibility values encountered in the whole area (cdfT).
The plot of the difference between the derivatives of cdfL and cdfT
can be used to identify those susceptibility values where a sudden
increase in the cdfL curve is not accompanied by a similar increase
in the cdfT (Fig. 6). These values were selected as class breaks,
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since they suggest a major change in the relationship between
mapped landslides and susceptibility values (Catani et al.
2005).

Integration between susceptibility map and rainfall thresholds

Spatial match

The susceptibility map and the rainfall thresholds used in the
SIGMA warning system were calibrated using two different land-
slide datasets: the IFFI inventory and a regional inventory made
up of official records of the regional civil protection agency, re-
spectively. The two databases pertain to two distinct periods, as the
first is updated to 2006 and the second spans from 2004 to 2010.
Moreover, the two databases contain different landslides mapped
with different approaches and purposes. Therefore, the regional
CPA landslide database was overlain to the susceptibility map to
provide a first and not obvious proof of the possibility of coupling
these two methodologies. In addition, independent of the timing
predictions, this operation is useful to know how many landslides
of the regional CPA database were correctly located by the suscep-
tibility map. On a total of 1,680 landslides, almost half is located in
highly susceptible areas, 35 % in very highly susceptible areas, 13 %
in moderately susceptible areas and only 2 % of them fall in the
low susceptibility class (Table 2). Furthermore, the landslide den-
sity (expressed as the number of landslides per square kilometre)
is directly related to the severity of the susceptibility class (Table 2).
These statistics can be considered an indicator of the effectiveness
of the susceptibility map and a proof of the possibility of coupling
the susceptibility map with the rainfall threshold-based warning
system.

Integration in the spatiotemporal prediction

To obtain a full integration between susceptibility mapping and
rainfall threshold-based warning system, we propose a quantita-
tive correlation between the dynamic criticality levels forecasted
by SIGMA and the static subdivision of the territory into suscep-
tibility classes.
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The proposed correlation scheme is based on the generic assumption
that increasing the severity of the rainfall event (the criticality level of a
warning system), the conditions that lead to the triggering of landslides
can be reached at progressively lower susceptibility classes.

Following this assumption, when SIGMA provides a zero crit-
icality level (Co) in a territorial unit, no landslide should be
expected. When a territorial unit has a low criticality level (C1),
landslides should be expected only in those areas classified as very
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Fig. 6 Plot of cdfL, cdfT and the difference of their derivatives used to define the susceptibility classes

Results

To validate the effectiveness of the proposed approach, the correlation
between criticality levels and susceptibility classes was checked for all the
landslide events recorded by the civil protection agency from 2004 to
2010. Table 4 sums up how effective this correlation scheme is in refining
the spatial resolution of SIGMA. In bold are the number of landslides
predicted by SIGMA and occurred in a suitable susceptibility class (thus,
landslides for which the proposed interpretation provided a successful
improvement of the spatial resolution). In italics are the number of
landslides not correctly predicted by SIGMA (as erroneously assigned to
an absent criticality level), for which the integration with the suscepti-
bility map could not be applied. The other numbers refer to landslides
occurred in a criticality level/susceptibility class combination that does
not meet our hypothesis. The statistics based on the 7-year record at our
disposal shows that when SIGMA correctly forecasts a landslide, the
integration with the susceptibility map correctly refines the spatial
location of the landslide in 83 % of the cases.

Discussion
Reproducibility perspectives
A similar approach could be easily adjusted to other cases of study

where a warning system is based on a number of different alert

Table 2 Landslides from the SIGMA database found in each susceptibility class

levels and a susceptibility map is reclassified with the same num-
ber of susceptibility classes. Consequently, other yes/no matrixes
different to the one proposed in Table 3 could be taken into
account. As an instance, YES cases could be extended to the C1/
S2 and S1/C2 combinations. This would bring the advantage of a
higher percentage of correct predictions (96 % in our case of
study), but the drawback of a relevant reduction of the spatial
resolution improvement, as the landslides would be expected on a
much wider territory.

Another important issue that should be addressed when
implementing the proposed methodology in other cases of study
is the landslide typology involved. It is important to have a full
correspondence between the rainfall thresholds and the suscepti-
bility map. Therefore, if a rainfall threshold warning system is
conceived for a specific landslide typology (e.g. intensity-
duration thresholds for shallow landslides), the landslide suscep-
tibility assessment should be based on the same landslide

typology.

Multi-tier integration in civil protection procedures

Given the satisfactory results obtained in the validation procedure,
the proposed integration between rainfall thresholds and suscep-
tibility map could be fully integrated into the procedures of the

Susceptibility classes

S1 (low) S2 (moderate) S4 (very high)
Landslides 41 222 823 594

2% 13 % 49 % 35 %
Landslide density (number of landslides per square kilometre) 0.003 0.080 0.15 0.25
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Table 3 Combination of the criticality levels provided by the SIGMA warning system with the classes of the susceptibility map
SIGMA criticality level

Susceptibility class SO No No No No
S1 No No No YES
S2 No No YES YES
S3 No YES YES YES

This scheme suggests, for each criticality level, in which portions of the territory landslides should (YES) or should not (NO) be expected

civil protection agency. A multi-tier approach that considers dif-
ferent spatial resolutions of the forecasting results is proposed
(Fig. 7).

The first and coarser resolution uses alert zones as basic spatial
units and corresponds directly to the final outputs of the state-of-
art SIGMA warning system (Fig. 7—first tier). It is important to
take into account this resolution level because at this stage, the
warning system outputs are closely related to a quantitative hazard
scenario (i.e. number of landslides expected). The interpretation of
the SIGMA output is directly put in correspondence with the CPA
guidelines; therefore, CPA can use this information to start coor-
dinating the personnel and to send preliminary warnings to other
authorities.

Territorial units (TU) are subdivisions of the alert zones and,
on one hand, they represent a finer level of resolution
(Fig. 7—second tier); on the other hand, they are the basic spatial
units at which the forecasting core of the SIGMA warning system
works. Despite this strict connection, the criticality level forecasted
by SIGMA at the territorial unit level does not give an exact
scenario of the expected level of hazard. Nevertheless, this infor-
mation can be used to select the territorial units with the most
critical situations, because the reference rain gauges provide a
direct feedback of the severity of the rainfall event.

The subsequent stage of spatial resolution takes into account
municipalities as the basic spatial unit (Fig. 7—third tier). Munic-
ipalities are the finest level of the Italian Civil Protection structure:
Mayors are expected to make decisions and are supposed to know
in detail the territory of their municipality and the main elements
exposed to risk; moreover, each municipality has a specific emer-
gency plan. Therefore, the regional susceptibility map was
resampled to give an averaged susceptibility index to each munic-
ipality: this static information can be used to rank the municipal-
ities according to their landslide susceptibility. In this way, during

the operative scenario, the municipalities with the relatively
highest level of hazard can be identified and the communication
procedures can be optimized to focus the operational efforts based
on a defined rank of priorities.

The last and finest stage of resolution is the 100-m pixel of the
susceptibility map (Fig. 7—fourth tier). Even if this is static infor-
mation, it can be coupled with the outputs of SIGMA to better
localize the portions of the territory where the probability of
having a landslide is higher. The localization of the pixels most
exposed to landslide hazards can be used for a preliminary iden-
tification of the threatened assets, settlements and infrastructure;
therefore, this information can be used as a valuable tool to assist
the personnel managing the emergency.

The system and the procedure are open to further develop-
ments towards a real-time risk assessment: the most hazardous
spots identified with the proposed procedure could be overlaid in
a GIS system to thematic maps of the elements at risk, with the aim
of defining more precisely risk scenarios for every expected
rainstorm.

Spatial resolution improvement

The proposed multi-tier approach allows a consistent improve-
ment of the spatial resolution of the regional-scale early warning
system.

As shown in Fig. 8, the SIGMA warning system output provides
an indication of the approximate number of landslides expected in
each alert zone, without any indication on where these landslides
are more likely to be triggered (Fig. 8a). The integration with
susceptibility mapping proposed in this work considerably cir-
cumscribes the spots where landslides should be expected, espe-
cially in those AZ where low or moderate criticality levels are
forecasted (Fig. 8b). The main outcome of the research presented
in this paper is represented by the generation of dynamic maps as

Table 4 Number of landslides occurred in each possible combination between susceptibility classes and criticality levels
SIGMA criticality level

Susceptibility class S0 16 5 12 8
S1 61 24 65 72
S2 226 98 288 211
S3 147 83 171 193

Bold numbers: correct predictions of the proposed integrated approach; italic numbers: SIGMA errors (the effectiveness of the proposed integrated approach is not evaluable); other

numbers: errors of the proposed interpretation
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TIER 1
SPATIAL RESOLUTION: Alert zone level (typically thousands of km?)
INTERPRETATION: Approximate number of landslides expected in each alert Zone (SIGMA state-of-art output).
ACTION: Start coordinating the personnel and send generic warnings to public authorities (SIGMA state-of-art).

TIER 2
SPATIAL RESOLUTION: Territorial unit level (typically hundreds of km?)
INTERPRETATION: Identification of the territorial units with the most critical situations (SIGMA state-of-art output)
ACTION: Focus on the most threatened areas, passage to the subsequent stage

ACTION: Mayors alerted

TIER 3
SPATIAL RESOLUTION: Municipality (typically tens of km2)
INTERPRETATION: Identification of the municipalities with the most critical situations

SPATIAL RESOLUTION: Pixel (100m x 100m)

of the regional civil protection authority (if needed).

TIER 4

INTERPRETATION: Identification of the possible spots where landslides could be triggered
ACTION: Mayors expected to take countermeasures according to their municipality-specific emergency plans; aid

Fig. 7 Multi-tier approach to integrate the proposed methodology within civil protection procedures

those shown in Fig. 8b, where pixels highlighting the possibility of
landslide occurrence turn on and off depending on the rainfalls
interesting each territorial unit.

Figure 9, using as an example the event of 24 November 2007 in
Emilia Romagna, shows how the spatial resolution enhancement is
progressively incorporated in the proposed multi-tier approach:

- Alert zone level: SIGMA forecasts a high criticality in alert zone
G (about 3,000 km?) (Fig. 9a).

- The highest impact is expected in territorial unit 20 (606 km?),
as its reference rain gauge provides the highest criticality level
(Fig ob).

- The susceptibility assessment highlights the municipality of
Varsi (79 km?®) as the most susceptible to landslides (Fig 9c):
the mayor can be promptly alerted.

- Based on the integration between SIGMA output and suscep-
tibility classes, landslides are expected in S2, S3 and S4 classes.

SIGMA criticality level
co

yos
Cc1 ! N

e e <§

| = .|

0 125 25 50 km

In a municipality highly susceptible to landslides like Varsi, this
does not bring an important restriction of the possible area of
occurrence (77 km?, Fig. 9d). On the contrary, in those territo-
rial units where the criticality level is lower, the spatial resolu-
tion is more markedly improved: in TU 21 (212 km?), a
moderate criticality is forecasted by SIGMA (Fig. ob); therefore,
landslides are expected only in S4 class, restricting the possible
extent to 15 km?® in the whole territorial unit.

Conclusion

Although rainfall thresholds are widely used to forecast the timing
of landslides and susceptibility maps are a widespread tool to
assess where landslides are more likely to occur, to our knowledge,
the two methodologies have never been integrated in an opera-
tional regional-scale warning system for rainfall-induced land-
slides. This work shows a first attempt of coupling these two

50 km N

b) 0 12525
I

Landslide

[
[

No

Yes

Fig. 8 Comparison between a map provided by the state-of-art warning system SIGMA (a) and the integrated map proposed in this manuscript (b): while the first
forecasts a generic alert level, the latter forecasts where landslides should be expected
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Fig. 9 Different levels of spatial resolution considered in the integrated approach, as for the 24 November 2007 event: a the region is subdivided into alert zones, and
SIGMA forecasts a criticality level for each of them; b the subdivision of the most critical alert zone into territorial units is shown; ¢ the susceptibility index allows ranking
each municipality based on the relative predisposition to landslides; d the 100-m-resolution susceptibility map of the most susceptible municipality is shown

methodologies to enhance the predictive capability of a regional
warning system.

A regional-scale warning system (SIGMA—Martelloni et al.
2012; Lagomarsino et al. 2013) was used to approximately forecast
how many landslides are expected in each subdivision of the study
area, while a regional susceptibility map was purposely developed
to subdivide the region into four susceptibility classes of increas-
ing probability of being affected by landslides.

A procedure to correlate the criticality levels forecasted by SIGMA
and the susceptibility classes provided by the map was proposed. The
interpretation of the results is straightforward, easy to perform by
the civil protection personnel and could be easily applied to other
cases of study. Basically, the higher the criticality level forecasted by
the rainfall thresholds, the lower the minimum susceptibility class in
which landslides could be expected and, thus, the larger the portion
of the territory to be considered exposed at risk in the reference area
of each rain gauge. The 100-m-resolution susceptibility map can
easily identify these portions of the territory. Although the proposed
methodology is still far from obtaining a pinpoint localization of the

landslides, it represents an important advance in the spatial resolu-
tion of regional-scale warning systems based on rainfall thresholds.
A validation test performed using civil protection data collected in a
7-year time span highlighted that the proposed methodology could
define a more accurate location for 83 % of the landslides correctly
forecasted by the SIGMA warning system. This outcome provides a
contribution to overcome the largely known drawback of regional
warning systems based on rainfall thresholds, which presently can be
used only to raise generic warnings relative to the whole area of
application. Moreover, the coupling of these two methodologies
allowed setting up an interpretation procedure that can assist civil
protection agencies in managing the alert and the emergency phases.

Open Access This article is distributed under the terms of the
Creative Commons Attribution License which permits any use,
distribution, and reproduction in any medium, provided the orig-
inal author(s) and the source are credited.
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