Journal of Environmental Management 408 (2026) 129892

Contents lists available at ScienceDirect

Joueaa of
Environmental
Management

Journal of Environmental Management

e 4

ELSEVIER

journal homepage: www.elsevier.com/locate/jenvman

Research article

Flood risk to population in Italy: a synoptic overview based on fatality data

Paola Salvati " ®, Mina Yazdani >“®, Cinzia Bianchi *®, Mauro Rossi®

2 CNR IRPI, National Research Council Research Institute for Geo-Hydrological Protection, Via Della Madonna Alta 126, Perugia, 06128, Italy
> KWR, Water Research Institute, Nieuwegein, the Netherlands
¢ Soil Physics and Land Management, Wageningen University & Research, Wageningen, the Netherlands

ARTICLE INFO ABSTRACT

Keywords: Floods continue to pose a threat to human life despite the major advances in managing flood risk. To quanti-
Flood tatively assess potential loss of life, we present a statistical approach to model societal flood risk from sparse,
Fatalities point information on fatal floods in Italy. At this end, the Zipf distribution and its parameters were estimated over
::::::ilomk a regular grid covering the national territory. Despite the difficulties in modelling sparse data, we tested the

Return period approach using a detailed record of 667 fatal floods at 652 different sites for 345 major or minor meteorological
Sparse data events during the 78-year period 1946-September 2023. The results provide new insights into the spatial vari-
Italy ability of societal flood risk across the national territory and into the expected return periods associated with
different numbers of fatalities. Model validation indicates a slight decrease in the return periods of fatal floods in
the validation dataset. This suggests a possible increase in the frequency of localized events, such as flash floods
or high-volume torrential floods causing at least one fatality, potentially linked to changes in rainfall regimes
rather than to urbanization. The findings can contribute to refining institutional flood-risk zoning and to sup-
porting mitigation strategies aimed at reducing loss of life. The proposed framework may also be applied to other

countries where sufficiently detailed information on fatal flood events is available.

1. Introduction

Floods are a widespread hazard with significant societal and eco-
nomic consequences worldwide (CRED and UNDRR, 2021). Despite
major advances in flood risk management, floods continue to pose a
threat to human life and health (Papagiannaki et al., 2022). Identifying
the drivers that increase flood risk to the population is therefore crucial
for developing effective governance frameworks and enhancing societal
resilience (Wang et al., 2022), particularly as exposure to flooding is
expected to triple by 2050 due to increasing population and economic
assets in flood-prone areas (Merz et al., 2021). This need is highlighted
by the frequent occurrence of catastrophic floods, such as the 2025
Texas flash flood, as well as by recent events in Italy, including the
Emilia-Romagna flood in May 2023 (Cremonini et al., 2024; Arrighi and
Domeneghetti, 2024). In addition to such extreme events, more frequent
but less severe floods also contribute significantly to societal risk (Salvati
et al., 2012). Reducing the loss of life and the number of people affected
by natural disasters, including geo-hydrological hazards, is a key
objective of the Sendai Framework for Disaster Risk Reduction
2015-2030 (UNISDR, 2015). When loss of life is the focus, risk analysis
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seeks to estimate the probability that a hazardous event will cause fa-
talities. Fatalities provide a direct quantitative measure of event in-
tensity and can therefore support the assessment of both individual and
societal risk (Cruden, 1997; Fell and Hartford, 1997; Baecher et al.,
2015; Strouth and McDougall, 2021). Societal risk expresses the rela-
tionship between the frequency of hazardous events and the severity of
their consequences, usually through F-N curves and captures the po-
tential for multiple fatalities from a single event (Ball and Floyd, 1998;
Baecher et al., 2015). It therefore provides a basis for defining accept-
able or tolerable risk levels and risk-informed decision-making (Evans
and Verlander, 1997; Reid, 2000; Sui et al., 2020;Sim et al., 2022). Over
the past decades, societal risk assessment has evolved from conceptual
and regulatory formulations to increasingly quantitative,
hazard-specific, and decision-oriented applications. Foundational con-
tributions by Fell and Hartford (1997), and Ball and Floyd (1998), later
expanded by Fell et al. (2005), defined individual and societal risk,
introduced acceptable and tolerable criteria, and formalized the use of
F-N curves. These concepts were later translated into operational
guidance, particularly for industrial facilities (HSE 2001), dam safety
(ANCOLD, 2003; USBR, 2003, 2011; FERC, 2016), for landslide (AGS,
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2007a) while Saw et al. (2009) consolidated a broader multi-hazard
perspective. A major step forward was the shift from general criteria
to quantitative life-loss estimation and population-based assessment. In
Italy, Guzzetti et al. (2005) and Salvati et al. (2010) used historical fa-
tality data to quantify risk to exposed populations at national and
regional scales for both landslide and flood hazards. In the flood domain,
Jonkman et al. (2024, 2011, 2016), Jongejan et al. (2010); Maaskant
et al. (2010), and de Bruijn et al. (2014) developed increasingly
advanced methods for estimating societal flood risk, demonstrating their
relevance for Dutch flood safety policy and delta-scale management;
Tang et al. (2021) extended these approaches to scenario-based urban
flood applications in China.

Societal risk approaches are most developed for landslides. Key ad-
vances include their incorporation into land-use planning and regulation
(AGS, 2007b; Porter and Morgenstern, 2013), refinement of acceptable
and tolerable criteria (Macciotta and Lefsrud, 2018; Sim et al., 2022),
application of F-N curves and quantitative risk assessment in case
studies (Wang et al., 2022; Winter and Wong, 2020), explicit treatment
of uncertainty in practical calculations (Macciotta et al., 2019), and
predictive spatial modelling of societal risk (Rossi et al., 2019). Recent
reviews synthesized the field and clarified the relationship between in-
dividual and societal risk in landslide analysis (Strouth and McDougall,
2021, 2022). Overall, the literature shows a shift from a mainly con-
ceptual and regulatory notion to a quantitative, multi-hazard, and
policy-relevant framework for life-safety assessment. Within
geo-hydrological hazards, this framework is now well established for
landslides, whereas flood applications, despite important methodolog-
ical advances, remain relatively limited. Most flood risk assessments are
still based on the hazard-exposure-vulnerability framework and are
commonly expressed in terms of return periods (e.g. Schanze et al.,
2007; Merz et al., 2010, 2014; Winsemius et al., 2013; Arnell and
Gosling 2016; Wing et al., 2018; Kundzewicz et al., 2019; Li et al., 2023;
Zhang et al., 2021; Tabasi et al., 2025). These approaches have led to
significant advances in identifying flood-prone areas and understanding
and modelling flood hazards and risks from the local to the global scale.
However, they often rely on hazard maps and may not fully capture the
probability and consequences of flood events in terms of loss of life. This
limitation is particularly relevant where hazard information is incom-
plete. In Italy, for example, several fatal flood events have occurred in
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areas not covered by institutional hazard maps (Marchesini et al., 2021),
suggesting that approaches based on observed impacts can provide
valuable complementary information.

In this study, we explore the application of a societal risk approach to
assess flood risk to the population using historical fatality data in Italy.
The novelty of this work lies in the development of a uniform and
comparable framework for evaluating societal flood risk at national
scale, based on sparse but systematically collected fatality data. The
method provides statistical indicators that allow the ranking of areas
according to the expected number of fatalities and the estimation of
return periods associated with fatal flood events. Unlike traditional
approaches based on predefined return periods, the proposed frame-
work derives return periods as a function of event magnitude. Finally, to
strengthen the robustness of the approach, we perform an independent
validation of the model. The aim of the study is to provide a compre-
hensive and spatially consistent overview of societal flood risk in Italy
and to generate geographically distributed risk scenarios based on the
expected number of fatalities.

2. Data and methods

Fig. 1 shows the sequence of steps and processes, along with their
outputs, used to model, validate and represent societal flood risk levels
across Italy. The analysis is based on a spatially distributed statistical
framework that employs the Zipf distribution (Zipf, 1949) to model the
frequency-magnitude relationship of fatal flood events. The approach is
applied over a regular grid covering the Italian territory using a dataset
of historical flood fatalities. The methodology builds on previous ap-
plications of the Zipf distribution to landslide risk (Rossi et al., 2019)
and is supported by evidence that floods and landslides exhibit similar
frequency-magnitude behaviour, while they differ significantly from
those associated with earthquakes and volcanic events (Salvati et al.,
2012). Both geo-hydrological hazards are typically triggered by intense
rainfall and are influenced by comparable environmental conditions. On
this basis, we assume that the same statistical framework can be applied
to flood fatalities.

The georeferenced catalogue of flood fatalities (1946-2023 sept.) is
first analysed in relation to CORINE Land Cover (CLC) to verify that the
distribution of fatal floods was not concentrated in urban and
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Fig. 1. Workflow of the methodological framework adopted to estimate societal flood risk in Italy. The scheme summarises the input data, analytical steps, and
model outputs, including the split of the flood-fatality database, model calibration and validation, estimation of the Zipf distribution parameters, and the generation

of societal flood-risk scenarios and return-period maps at the national scale.
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anthropised areas compared to rural and forested areas. The dataset is
then divided into training and validation subsets. A moving-kernel
approach over a regular grid is used to estimate the parameters of the
Zipf distribution and to perform model calibration, sensitivity analysis,
and uncertainty evaluation. The calibrated model is then used to derive
societal risk scenarios for each grid cell and to produce national-scale
maps of potential fatal floods and their associated return periods.
Model performance and validation are assessed at both grid and
physiographic-zone scales.

2.1. Data on flood fatalities

Salvati et al. (2018, 2010) have consistently compiled and updated
the Italian catalogue of historical floods with direct human conse-
quences on the population, including deaths, missing persons, injured
people, homeless and evacuees. Data are available on different open
platforms (https://osf.io/sm8tv/files/osfstorage) and the most recent
ones are annually published in the periodic report on flood and landslide
fatalities on https://polaris.irpi.cnr.it/. The procedures used and the
challenges encountered in compiling the catalogue are described in
Guzzetti et al. (2005) and Salvati et al. (2010, 2018). In this study, we
have used the updated catalogue for the period 1946-September 2023.
The geographical distribution of the fatal flood events is shown in Fig. 2a
with respect to the regional administrative subdivisions of the Italian
territory (Fig. 2b) and the eight major physiographic/morphological

1 M 408 (2026) 129892

Journal of Enviro

zones established by Guzzetti and Reichenbach (1994) (Fig. 2¢). (The list
of acronyms and abbreviations is provided in full in the §1 Supple-
mentary Materials).

Cumulatively, in the 78-year period 1946 -September 2023, 1269
people lost their lives due to 667 fatal flood events at 652 different sites
for 345 major or minor meteorological events (Triggers) that caused one
or more floods. This is an average of 8.5 fatal floods and 16.3 flood fa-
talities per year. For four of the 78 years in the record (5.1%) no fatal
events were registered. The various resources used to obtain information
allow us to determine the exact locations where a river breached its
levees, overflowed, and inundated roads or ground floors of buildings,
especially for more recent events. Therefore, it is possible to assign the
exact number of fatalities caused by a single flood phenomenon at
different locations. Fatal floods are relatively widespread across Italy,
although more critical areas can be identified, particularly in the narrow
valleys of the Alpine mountain chain that borders Italy to the north
(1—Alps in Fig. 2¢) and along the hilly and mountainous Tyrrhenian
coast (3—AlAp, 4—Apen, 5—Tyrr in Fig. 2c).

To analyse the geographical distribution of fatal events in relation to
land use, we performed a stratified analysis based on the CORINE Land
Cover 2000 (CLC2000) dataset provided by the European Environment
Agency (EEA, 2000). This analysis aimed to verify whether the spatial
distribution of fatal floods appears strongly influenced by land-use
patterns or by the presence of urbanised areas, and to assess whether
a clear imbalance exists between fatal floods occurring in urban and
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rural areas. The CORINE Land Cover classification includes 44
land-cover classes organised within a three-level hierarchical structure.

The histogram in Fig. 3a shows the number of fatal flood events
classified according to CORINE Land Cover (CLC) Level 3 classes, while
the map in Fig. 3b illustrates their geographical distribution, with flood
sites coloured according to the same CLC categories. This map reveals
that the fatal floods predominantly occurred in agricultural (dots in
yellow to orange), forest (dots in green), and water body areas (dots in
light blue). The geographical distribution of fatal floods in continuous
(CLC 1.1.1) or discontinuous (CLC 1.1.2) urban fabric (red dots) in-
dicates that these events mainly occur in urbanised areas along the
coasts, particularly along the Tyrrhenian coast. The histogram in Fig. 3¢
presents the data aggregated by the five Level 1 CLC classes. Fatal floods
occurred in territories classified as agricultural (yellow bar, n.301, 45%;
accounting for 590 fatalities, 40.2%), forest (green bar, n.121, 18.1%j;
accounting for 210 fatalities, 14.3%), and water body areas (light blue
bar, n.12, 1.8%; accounting for 17 fatalities, 1.2%), together account for
about 65% of the total fatal floods. The remaining 35% occurred in
urban areas classified as artificial surfaces (red bar, n.233; accounting
for 535 fatalities, 36%). Finally, Fig. 3d, shows that the average number
of fatalities per flood event is very similar across the five Level 1 CLC
classes. This pattern suggests that fatal flood events are not strongly
concentrated in either urbanised or rural areas, although the analysis is
not intended to establish causal relationships between flood fatalities
and factors such as population density, infrastructure, or the presence of

1.Artificial Surface
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buildings.

2.2. The model

To estimate societal flood risk in Italy, the Zipf distribution was
adopted, and the corresponding model parameters (E, F, s) were esti-
mated across the national territory. The choice of this distribution is
supported by previous studies by Salvati et al. (2010) and Rossi et al.
(2019), which analysed different catalogues of fatal natural hazard
events in Italy and showed that the relationship between event magni-
tude (number of fatalities, y-axis) and event rank (x-axis) follows an
approximately linear trend in log-log space, indicating power-law
behaviour.

Empirical datasets exhibiting power-law behaviour can be described
using different statistical models, including the Pareto, Zeta, and Zipf
distributions (Reed, 2001; Guzzetti et al., 2005; Newman, 2005; Rossi
et al., 2010). The Pareto distribution describes power-law probabilities
for continuous variables whose values can assume any real number
above a defined minimum threshold. In contrast, the Zeta and Zipf
distributions apply to discrete variables that take integer values equal to
or greater than one (Reed, 2001; Newman, 2005; Friedman, 2015). The
Zeta and Zipf distributions differ in their theoretical formulation: the
Zeta distribution assumes an infinite population, whereas the Zipf dis-
tribution is defined for finite populations (Newman, 2005). Because the
number of fatalities is inherently discrete and the maximum number of
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fatalities in a single event is finite, the Zipf distribution provides an
appropriate statistical framework for modelling the probability of events
producing a given number of fatalities. For these reasons, the Zipf dis-
tribution has been adopted here to model the statistical behaviour of
fatal flood events.

To estimate the Zipf distribution and its parameters we used the
dataset of flood fatalities over the past 78 years (1946-2023 September).
This data set is divided into two subsets, one from 1946 to 2010 (547
fatal events) used for the calibration of the model, and the second from
2011 to 2023 (September) (120 fatal events) for a comparison between
the two periods to look for possible differences in the frequency and the
return period values. The probability mass function (PMF), analogous to
the probability density function (PDF) for discrete data, is expressed as:

1

PMF(f;s,F) = ———

TR
where f € {1,2,...,F} is the number of fatalities caused by a flood,
denoting the magnitude of the fatal event. F represents the largest
number of fatalities caused by a single fatal flood (E) in the empirical
record, and s € R denotes the scaling exponent of the Zipf distribution
model that measures the proportion of small versus large magnitude

fatal events within the recorded data. Equations and description are
available in the supplementary materials (§2 Equations used).

eq. (1)

2.3. Model construction and geometric constrain

The approach involves dividing the entire Italian territory
(301,340 km?) using a regular square grid system of size g, in km.
Subsequently, at each grid point, flood data are identified using a cir-
cular kernel with a specified radius r in kilometers. From the empirical
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sub-set inside the kernel of radius r, the PMF was determined adopting
the Zipf distribution model. The Maximum Likelihood Estimation (MLE)
approach (Clauset et al., 2009) is used to estimate the value of the s Zipf
distribution parameter (White et al., 2008), and a bootstrapping
re-sampling technique (Efron, 1979; Davison and Hinkley, 1997) to
determine its variability (uncertainty) os. Lastly, we attributed to each
grid cell the three model variables {Fy, Ex, sk}, where Ex measures the
number of fatal floods in the selected sub-set, and “k” denotes values
computed for the geographical sub-set of the historical record inside the
kernel of size r.

To optimise the model parameters, a sensitivity analysis was per-
formed using different kernel sizes (r = 10, 25, 40, 55, 70, 85 and
100 km) over Italy, with a fixed grid spacing of 10 km. In a kernel-based
approach, the grid spacing must be sufficiently small to avoid spatial
gaps; thus, the chosen value ensures continuous coverage and high
spatial resolution. The 10 km spacing represents a compromise between
data availability and national-scale representativeness. In addition,
applied uniformly across heterogeneous settings (urban, rural, plains,
and mountains), it provides a consistent spatial discretisation of the
study area.

Fig. 4 summarized the results of the sensitivity analysis where the 6
plots (a-f) show the mean value of E (Fig. 4a) and s (Fig. 4b), the stan-
dard deviation (st.dev) of s values (Fig. 4c), the mean p-value of s values
(Fig. 4d), the mean values of the 2-sided-Kolmogorov-Smirnov test (KS)
p-value (Fig. 4e) and of D values (Fig. 4f) for each kernel radius. We
observe an increase in the mean number of fatal floods (E) as the kernel
radius increases (Fig. 4a), the same trend is present for the scaling
exponent of the Zipf distribution model (s) (Fig. 4b), as in a larger kernel
area, we expect a larger number of small magnitude floods with respect
to the number of floods of higher magnitudes. For smaller sampling
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kernels (smaller r), the algorithm selects a small number of events and
with very similar magnitude, (normally the very low magnitude events
that are the most frequent) thus moving from one grid point to the other,
the variability of the s parameter remains at a low value. This means that
for smaller samples, the geographical sub-set is not large enough to
describe the signal well. Enlarging the kernel up to a certain point
(r = 40 km), we observe that, after the maximum value in the standard
deviation of the s parameter o5 (Fig. 4c), it starts to decrease (r > 55 km),
indicating that we are getting closer to a less uncertain estimation which
is more aligned with reality. Fig. 4d depicts the mean value of the sig-
nificance of s parameter (s, p-value in the figure) which is obtained from
a Z test to verify the parameter difference from zero, where we observe
significant values (s, p-value <0.05) for kernel sizes with r > 70 km. This
is due to a larger number of empirical data being selected in larger
kernels for the estimation of the Zipf distribution models. Lastly, Fig. 4e
and f indicate the results of the 2-sided Kolmogorov-Smirnov test that
measure the difference between the empirical (observed) and the Zipf-
modelled data for different kernel sizes, and the relative p-value.
Notably, we observe that the KS p-value (Fig. 4e) starts to stabilize from
a radius of 70 km onwards. This result combined with those of the s p-
value (Fig. 4d) allowed us to identify 70 km as the optimal radius size.
Therefore, g = 10 km and r = 70 km were chosen as the most suitable
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parameters to build our geographically distributed predictive model of
societal flood risk in Italy. The model provides a spatial resolution of
10 x 10 km?, and the single Zipf models are determined at each grid
point using a kernel area of about 15,394 km? (r = 70 km). This means
that on average at each grid point, 19 fatal floods were selected to es-
timate the single Zipf model parameters (Table S1 in supplementary
materials provides the results).

3. Application of the model

The modelling process results in a regularly spaced estimation of the
societal flood risk over Italy, represented by the three parameters (E, F,
s) of the Zipf distribution. Collectively, the model results were computed
for 2918 grid cells covering 97% of the Italian territory and results
(Fig. 5) provide diverse, independent and complementary pictures of
societal flood risk in Italy. To ensure the statistical robustness of the Zipf
parameter estimation, the model was applied only to kernels containing
at least six fatal flood events. Kernels with fewer events were excluded
from the parameter estimation.

Fig. 5a represents results of the discrete Probability Density Function
(PDF) of the largest magnitude flood (F), in shades of orange, and the
corresponding Empirical Cumulative Distribution Function (ECDF), line
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Fig. 5. Spatial distribution of the parameters of the societal flood risk model. Top row (a—c) shows histograms of the Probability Density Function (PDF; coloured
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in black. The highest probability densities are associated with flood
magnitudes of 3 and 7 fatalities (with PDF values of 0.17 and 0.18,
respectively), while the probability density for flood events of magni-
tude 8 and higher drops below 0.05, except for the largest magnitude of
19 fatalities, the highest one recorded in the study period. On the other
hand, based on the ECDF graph, approximately 21% of the Italian ter-
ritory experienced the largest magnitude floods of exceeding 10 fatal-
ities (Fx > 10). As shown in Fig. 5b, the E distribution, illustrated in
shades of green, displays a skewed pattern. The highest probability
density is observed in areas that have encountered 11-12 fatal floods
(PDF = 0.057). According to the ECDF, approximately 31.3 % of the
Italian territory experiences a maximum of 12 fatal floods (Fx < 12).
Furthermore, high numbers of fatal floods (Fx > 40) are less frequent,
occurring in only 8.04% of Italy. The probability distribution of s, the
scaling exponent, as illustrated in Fig. 5S¢, is characterized with a peak of
0.83 corresponding to sy = 1.8. This indicates that 48.06 % of the na-
tional territory experiences s values sy < 1.8. These areas are charac-
terized by a higher prevalence of smaller magnitude floods with only a
few fatalities, and a proportionally lower occurrence of larger magni-
tude floods. In contrast, gentler model curves (sx < 1) were derived for
8.3% of Italy, where larger magnitude floods were more prevalent than
small magnitude ones. Much steeper model curves (sx > 2.24) are ob-
tained for nearly 20% of the territory. These areas are indicative of a
significantly higher proportion of small magnitude floods in comparison
to larger-scale events. A detailed discussion of the results across the
Italian territory and of Fig. 5 d, e, f, is available in the supplementary
materials (§4 Description of Zipf parameter results across Italy).

3.1. Flood risk scenarios

Starting from the Probability Mass Function (PMF, eq. (1)) of the Zipf
distribution, which describes the expected probability of observing a
fatal flood of a given magnitude f, it is possible to derive different sta-
tistics, useful for the analysis of societal flood risk (variables’ description
available in the supplementary materials). Scenarios in Fig. 6 have been
selected from all the results to concisely describe flood risk, including
PMF, yCCFDF - the yearly Complementary Cumulative Distribution
Function which gives the annual frequency of fatal floods of given
magnitude based on the length of the historical flood fatalities data
(T = 65 calibration period), and the expected return period for the fatal
ﬂOOdS, TCCFDF-

Results from the three scenarios were mapped across the entire
Italian territory using a green to violet colour scale, corresponding to an
increasing level of societal risk. Inspection of the 12 maps (Fig. 6) allows
for a comprehensive analysis of the modelled risk. In each column, from
top to bottom, the maps show the geographical distribution of the
selected scenarios for increasing numbers of potential flood fatalities, i.
e.f=1, 3, 5 and 10 fatalities (from left to right). The tables below each
map list the percentage of cells for the different risk levels useful to
quantify the potentially affected areas under the flood risk scenarios.

Although a detailed analytical description of the results (PMF,
yCCFDF, T1CCFDF) is provided in the Supplementary Materials (§5, Flood
risk scenarios across Italy), here we focus on one key outcome of the
method: the geographical distribution of the modelled return period
associated with a given event magnitude, expressed as the expected
number of fatalities. The Supplementary Materials also include the full
dataset and the values of the model parameters estimated within each
kernel during the calibration phase (calibration-model_data rew2. xlsx).

For the lowest magnitude floods (f = 1) the return period 7yccrpr is
always less than 50 (t < 50 years), since all of the Italian territory is
coloured by shades of light green (Fig. 6i). When f > 3 (Fig. 6j), for most
of the Alps (1—Alps), large parts of the Apennines range (4—Apen), the
Tyrrhenian borderlands (5—Tyrr), and large parts of the two islands
Sicily and Sardinia (7—Sici and 8—Sard) collectively (74.28%), the
return period is less than 200 (t < 200 years).

For medium magnitude floods (f > 5), 50.42% of the modelled areas
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resulted in T < 200 years in the NW and NE Alpine mountains (1—Alps),
in limited areas of the Tyrrenian Borderland (5—Tyrr), and in south-
ernmost part of the Apennine (4—Apen) including territories of Calabria
(18-CAL), Sicilia (19-SIC), and Sardinia (20-SAR). Conversely in a small
portion (2.29%) of Lazio region (12-LAZ) the return period increased to
more than 200 (t > 200 years). For large magnitude floods (f > 10), most
of Italy exhibit a very large return period (tyccrpr > 1000 years, light
blue colour), whereas limited portion of territories resulted in T < 200
years including Liguria (7-LIG), very localized portions of Emi-
lia-Romagna (8-EMR), Toscana (9-TOS) and Lazio (12-LAZ), north-
eastern Sicily (19-SIC), southern Calabria (18-CAL) and southern Sar-
dinia (20-SAR) in Fig. 6. In these areas, societal flood risk should be
considered high or very high.

These results, obtained for Italy, provide strong evidence supporting
the potential applicability of this method—and of the estimation of re-
turn periods for fatal floods of different magnitudes—to other regions
and countries with comparable territorial extent, where historical re-
cords of fatal floods and associated fatalities spanning at least fifty years
are available.

3.2. Performance of the model

To test the model capability, we attempt a validation of the societal
flood risk scenarios (Fig. 6) using the most recent data of the catalogue
spanning the 13-year period 2011~ 2023 (September) not used for the
calibration of the model. In this period 120 fatal floods caused 189 fa-
talities in the magnitude range 1 < f < 10, occurred at 120 sites. In
particular, the risk scenario tyccrpr for fatal floods of magnitude f > 1
(Fig. 61) has been considered for this purpose. Therefore, with the same
parameters as those employed in constructing our model (g = 10 km and
r = 70 km), the tyccrpr is calculated on the observed recent dataset. At
each grid point, using the same kernel radius of 70 km, fatal events with
at least 1 fatality (f > 1) are selected, and the relative annual frequency
of these events and the corresponding return periods t are estimated
with respect to the 13-year period of observation.

The purpose of the comparison was twofold: to validate the model
using the most recent observed data, and to verify and quantify any
differences between the respective return periods (i.e., modelled and
observed), with the ultimate aim of highlighting any trends in the fre-
quency of fatal events. Consequently, we performed the comparison
between the two periods across the eight Italian main morphological
subdivisions (Guzzetti and Reichenbach, 1994) (Fig. 2) based on de-
rivatives of altitude, visual interpretation of morphometric maps, and
inspection of small-scale geological and structural maps. The choice of
aggregating the results of the validation dataset over this morphological
subdivision is made to overcome the presence of a large number of cells
where the model did not perform due to lack of data on flood fatalities.
We acknowledge the imbalance in the length of the two periods (cali-
bration period: 1946-2010; validation period: 2011-2023) and in the
number and geographical distribution of fatal floods in these two
datasets, however, a large part of the complete and available dataset was
needed to obtain the optimal model calibration parameters based on the
sensitivity analysis (§3.1). A potential solution would have been
extending and shifting back the calibration dataset to before 1946, but
this approach was not pursued given the possible incompleteness of the
older historical records.

The comparison results are shown in Fig. 7. We have utilized box-
plots, as shown in Fig. 7a, where the return period t values of fatal floods
with a magnitude of at least 1 (f > 1), over the validation period are
depicted on the vertical axis, divided into seven time-intervals. This
categorization is based on the distribution of the t values calculated for
the validation dataset. On the horizontal axis, we have the corre-
sponding modelled t return periods over the calibration period (1946-
2010). In this manner, for each morphological zone, the box plot illus-
trates the distribution of the predicted return periods in comparison to
those of the validation ones. This representation allows an immediate
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visualization of the performances (positive and negative) of the model
applied to the risk scenarios.

Visual analysis of Fig. 7a reveals for all the morphological zones a
general overestimation of the modelled return period compared to the
observed one in the validation dataset. The zone that shows the best
correspondence between the t values is the 1-Alpine Mountain System
zone (1—Alps). Additionally, in this zone, a clear positive correlation
exists between the validation return periods and the modelled ones. A
weak positive trend is also observed in the 3-Alpine-Appenine transition
zone (3—AlAp), although in this area a low range of t values are
modelled and for which we do not observe t values > 4 years. This area,
covering 2.2% of the italian territory, accounts for the 7.3% of the total
number of fatal floods in the calibration period and 3.3% in the com-
parison dataset (Fig. 7d), indicating a high fequency of occurrence for
such events in such a limited area.

In 2-North Italian Po Plain (2—Popl) zone, an area which primarily
consists of lowlands and that covers the wide northern Italian plains
corresponding to the 15.5% of the italian territory, the behaviour is
different. For the validation return periods 3< 7 < 4 years, the median of
the corresponding boxplot (Median = 11 years) indicates an over-
estimation of the majority of the values: only those within the first

quantile coincide. The model performance improves for events with
larger return periods (lower frequencies) as in this zone, the model co-
incides with the validation values for 25% and 30% respectively for t
category of (4,6] and (6,13] years.

In 4-Apennines Mountain System zone (4—Apen), the range of the
values predicted by the model for each t category of the validation re-
turn period are much larger in comparison with the other zones. This
area, corresponding to the 27.2% of all Italy, extends along almost the
entire length of the national territory with a large variability in its width.
It is also evident that no positive correlation exists since the median of
the boxplots is almost costant except for T = lyear. A clear signal of
positive correlation is missing in the other morphological zones of 5-Tyr-
rehenian Lowland (5—Tyrr), 6- Adriatic Lowland (6—Adri), 7-South-
ern/Western Sicily (7—Sici) and 8-Sardinia (8—Sard) and the
overestimation of the modelled t compared to the observed period is
persistent. Lastly, around 0.4% of area covered by the grid system have
not been classified in any of the morphological zones (n.a. in Fig. 7c and
d). From this comparison, we can extrapolate that the best model per-
formance corresponds to the 1-Alpine Mountain System zone (1—Alps),
where the percentage of fatal floods in the calibration dataset is the
largest (Fig. 7d), and the proportion between the validation (7.5%) and
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the calibration (21.2%) datasets are balanced with respect to the extent
of the corresponding period (13 and 65 years respectively). On the
contrary, in other zones such as the 4-Apennines Mountain System zone
(4—Apen) a quite identical percentage of fatal floods is recorded within
the two periods with very different lengths. This confirms that in the
most recent period signals of increased frequency are present and not to
be ignored.

4. Discussion

Risk estimation is inherently complex, as it requires the integration
of numerous variables and typically represents the final stage of exten-
sive analytical and modelling efforts (Merz et al., 2014). When assessing
risk to the population, additional social and cultural factors must also be
considered (Tabasi et al., 2025), as they play a crucial role in shaping
vulnerability (e.g., Birkmann, 2007; Ciurean et al., 2013).

To develop our model of societal flood risk in Italy (Figs. 5 and 6),
based on the historical record of fatal floods (Figs. 1 and 2), we assu-
med—while acknowledging that this represents a strong sim-
plification—that three variables can jointly provide an informative
measure of flood risk to the population: the largest magnitude of fatal
floods, the total number of fatal flood events, and the scaling exponent of
the Zipf distribution model.

We recognize that these assumptions may influence the resulting risk
estimates. However, we consider it a reasonable compromise between a
purely hazard-based framework, which requires the explicit estimation
of hazard, exposure, and vulnerability components, and a risk-based
approach based on frequency-magnitude relationships.

This study aims to provide a nationwide, standardized overview of
the risk that floods pose to the population. The lack of homogeneous and
comprehensive hazard assessments across the Italian territory, together
with the limited availability of socio-economic data required to quantify
exposed elements and their levels of vulnerability, motivated the
adoption of this risk-based framework. A significant number of catch-
ments, primarily smaller basins, still lack a formal assessment of flood
hazard in Italy (Marchesini et al., 2021) although flood-related fatalities
continue to occur in these areas.

The approach presented in this study is supported by the underlying
data: a complete and standardized historical time series representing a
robust sample of the population affected by flood fatalities since 1946 —
(the post-World War II period in Italy) — together with the use of a
rigorous statistical framework. In addition, a substantial body of scien-
tific literature supports the applicability of societal risk criteria to nat-
ural hazards, including floods. The possibility of identifying potentially
catastrophic floods with a large number of fatalities, together with their
associated return periods, can provide a valuable tool for improving
flood risk management.

The application of the method to the Italian territory demonstrates
its applicability over large spatial domains and contributes to improving
knowledge of the risk posed to the population. The results provide
complementary information that supports the Flood Risk Management
Plans developed in compliance with the European Floods Directive (EU,
2007).

4.1. Considerations on societal flood risk level in Italy

In this study we modelled societal flood risk based on the record of
historical fatal floods that has temporal and geographical dimensions,
with both dimensions characterized by sparse point measures. The
geographical distribution of fatal floods (Fig. 2) and the estimated Zipf
variables (Fig. 5) confirm that flood events were abundant in most of the
Italian territory.

The ECDF of the E variables (Fig. 5b) show that almost 50% of the
territory experienced at least 20 fatal floods during the investigated
period, conversely, just over 10% of the national territory had experi-
enced high number of fatal floods (E between 35 and 65). At the same
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time, nearly 50% of the country suffered from floods with 1 < f < 7
fatalities per event (Fig. 5a-d). This confirms that, despite the high
frequency of these deadly events, their magnitude, expressed in terms of
the number of fatalities, is not so high. We explain these results
considering the complexity and variability of the flood mechanisms (e.g.
natural exceedance, defence exceedance etc.) that can occur as a
consequence of the same storm (trigger) simultaneously along one or
more river/stream channels affecting large areas. Consequently, the
spatial distribution of the fatal floods is sparse and fragmented in mul-
tiple localities, reflecting different morphological, physiographic and
anthropic settings contributing to the occurrence of fatalities. Further-
more, the likelihood that a flood will cause fatalities and, consequently,
the risk level to the population is a function of many socio-economic
variables that, together with the physical and hydraulic characteristics
of the flood phenomenon, affect the number of fatalities that each flood
may cause. First the behaviour of people can further influence whether
or not the fatal condition occurs (Salvati et al., 2018; Hamilton et al.,
2020; Petrucci, 2022). Secondly, the type of building, its characteristics
and the presence of basements influence the number of fatalities
(Diakakis and Papagiannaki, 2021). Furthermore, the alert systems and
other forms of reducing risk in Italy, as at global scale (Jonkman et al.,
2024), improved flood risk management practices over recent decades
leading to a downward trend in the number of deaths per event.

To account for possible relations between the land use and the oc-
currences of fatal floods, the latter were analysed versus the land cover
data from the CORINE project (2000) (Fig. 3c and d). It emerged that
there is no a great difference between the average number of fatalities
per event in the urbanised areas and rural and forested areas. We are
aware that the time span of the historical records, used to model the
societal flood risk, does not overlap with that of the CORINE Land Cover
(CLC). This means that the social and industrial transformations that
have taken place in some areas of the national territory may not be
captured by our analysis. A broad overview of land use changes in Italy,
and in particular of the relationship between land-use/land-cover
changes and human population changes in Italy has been studied by
Falcucci et al. (2006). The authors found that from the 1960s to 2000 in
Italy forest increased, replacing mainly agricultural areas and pasture
and agriculture remained mostly unchanged. Since 65% of the fatal
floods occurred in rural and forested areas, (Falcucci et al., 2006), the
histograms in Fig. 3 could provide an accurate representation of the
distribution of fatal floods according to land use over the forty-year
period. Therefore, changes in land cover did not greatly influence the
geographical distribution of fatal floods. While this result supports the
applicability of our method in both urbanised and rural contexts, as no
significant differences were observed in the distribution of fatalities, it
also raises an important issue regarding the outcomes of the validation
process. If the observed increase in the frequency of local floods cannot
be primarily attributed to territorial anthropisation, other potential
drivers should be considered.

4.2. Validation process

The validation exercise provides an important test of the robustness
of the proposed modelling framework. When comparing the return pe-
riods of fatal floods estimated by the Zipf-based model (Fig. 6) with
those observed in the independent validation dataset (2011-2023), the
modelled return periods appear systematically longer than those derived
from the validation data (Fig. 7).

Part of this discrepancy can be explained by the different temporal
length of the calibration and validation datasets. The validation dataset
covers a much shorter period, which may lead to biases in the estimation
of return periods based on frequency analysis. Nevertheless, the com-
parison highlights that fatal flood events occurred more frequently in the
recent period than predicted by the model calibrated on the historical
record. This discrepancy may reflect changes in the underlying condi-
tions influencing flood impacts on the population. Although the present
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modelling framework does not allow direct attribution of these changes
to specific drivers such as urbanization, infrastructure characteristics, or
risk perception, the results suggest that the societal risk associated with
floods may have increased in recent years. This outcome represents an
important result of the validation process. Rather than indicating a
weakness of the modelling framework, it may suggest that the under-
lying conditions influencing flood impacts on the population have
changed in recent decades.

One possible explanation relates to changes in precipitation regimes.
Several studies have shown that, across Italy, the number of wet days has
decreased while the total annual precipitation has remained relatively
constant (Brunetti et al., 2001, 2004; Caporali et al., 2021; Avino et al.,
2024). This pattern indicates an increase in precipitation intensity in
recent decades. For landslides the increase in the frequency and in-
tensity of severe rainfall events, a primary trigger of rapid-moving
landslides causing many landslide fatalities, can be result in an in-
crease in the number of people exposed to landslide risk (Gariano and
Guzzetti, 2016). Intense rainfall events are a primary trigger for floods
and are often associated with rapid hydrological responses, particularly
in small mountain catchments where flash floods can occur, although
there is not abundant evidence to suggest that increases in heavy rainfall
would result in similar increases in streamflow (Wasko and Sharma
2017; Zhang et al., 2021). Moreover, existing scientific literature (e.g.,
Bloschl, 2022) highlights the considerable complexity involved in un-
derstanding how rainfall extremes, and rainfall more generally, translate
into flood generation. Despite the challenge of establishing a clear
connection between a specific extreme event and climate change
(Pendergrass et al., 2017), which is not the focus of our work, climate
projections for Europe seem to indicate a general increase in heavy
rainfall with a 1-30-year return period (Tabari, 2020) as well as an in-
crease in short-duration extreme precipitation for all return periods
under both RCP4.5 and RCP8.5 (Hosseinzadehtalaei et al., 2020).
Additional evidence also points evidence of future increases in hourly
precipitation extremes (Kahraman et al., 2021). If these trends are
already emerging, they may have contributed to an increase in the fre-
quency of low magnitude fatal flood events (with very few fatalities).

Another possible explanation relates to the non-stationarity of the
processes controlling flood impacts. If the frequency and intensity of
triggering rainfall events have changed over time, the model calibrated
on historical data (1946-2010) may not fully represent current condi-
tions. The issue of non-stationarity in hazard modelling and validation is
widely discussed in the literature (e.g., Kley et al., 2019).

In the present study, the limited spatial and temporal density of fa-
tality data does not allow explicit modelling of non-stationarity effects,
for example through detrending approaches (Ryan et al., 2025). To
partially address this limitation, model parameter uncertainty was
evaluated through resampling techniques. Despite these limitations, the
validation exercise highlights an important result: fatal flood events in
the recent period appear to occur more frequently than suggested by the
historical record used for model calibration. This finding reinforces the
relevance of continuously updating societal risk assessments as new data
become available. However, we recognize the importance of collecting
additional data in order to recalibrate the model using recent data
representative of the current stationarity trends. Currently, recalibrating
the model is neither simple nor feasible, as we cannot yet be certain that
a new state of stationarity has been reached. Finally, the results of the
proposed framework allow the identification of areas characterized by
high expected numbers of fatalities or relatively short return periods.
These areas may represent priorities for more detailed local-scale in-
vestigations, including hydraulic modelling and vulnerability assess-
ments tailored to the appropriate spatial scale.

4.3. Societal vs social risk

It is important to note that the estimation of societal risk does not
correspond to an assessment of social risk, as the two concepts refer to
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different analytical perspectives. While societal risk quantifies the
probability of events causing multiple fatalities, social risk generally
refers to the broader social consequences and vulnerabilities associated
with hazardous events. These two concepts are sometimes mistakenly
interpreted as equivalent concepts (Baecher et al., 2015). In addition,
societal risk criteria are largely based on the concept of risk aversion,
reflecting society's tendency to be more concerned about accidents (or
disaster) that cause many simultaneous fatalities than about the same
number of fatalities occurring individually over time (Vrijling et al.,
1998; Jonkman et al., 2008). In this study, societal risk describes the
relationship between the frequency of hazardous events and the number
of people affected, typically expressed through frequency—fatality re-
lationships. However, in a broader interpretation the concept of societal
risk may also encompass wider societal impacts, including the social and
political responses that major disasters can generate (Strouth and
McDougall, 2021). As highlighted in previous studies on risk in haz-
ardous industries (Ball and Floyd, 1998), the term itself has often been a
source of ambiguity, as it has been used to describe both the statistical
relationship between event frequency and the number of affected in-
dividuals and, more broadly, the societal consequences that may follow
major disasters. In the context of this work, our estimates should
therefore be interpreted strictly as measures of societal risk in its prob-
abilistic sense, rather than as comprehensive assessments of social risk.

5. Conclusions

In this work, we characterize societal flood risk in Italy by adopting a
statistical approach in which the spatial distribution of the societal risk
is determined based on historical, sparse data on flood fatalities covering
a 78-year period 1946-september 2023. The Zipf distribution, was
adopted to describe the frequency-magnitude relationship of fatal flood
events. The geographical distribution of the Zipf variables (Fig. 5)
highlight that the three Zipf parameters—E (number of fatal floods), F
(largest recorded magnitude), and s (scaling exponent)— capture
different facets of societal flood risk. Their combined interpretation
provides a more comprehensive representation of the spatial variability
of flood impacts on society. The analysis shows that the most probable
magnitudes correspond to events with 3-7 fatalities while the spatial
distribution of E is strongly skewed, with about 31% of the cells not
exceeding 12 fatal events during the entire observation period. Nearly
half of the national territory (48.02%) exhibits values of the Zipf
exponent s < 1.8, indicating a prevalence of small-magnitude events,
whereas areas with s < 1 indicate a relatively higher contribution of
large-magnitude events. Based on these parameters, societal flood risk
scenarios were derived for four increasing fatality thresholds (f=1, 3, 5,
10) and represented through spatially distributed maps (Fig. 6). The
approach estimates the likelihood of flood events of varying magnitudes
in terms of number of fatalities (f). Starting from the probability mass
function (PMF), we derived both the yearly complementary cumulative
distribution function (yCCFDF), representing the annual frequency of
fatal floods of a given magnitude, and the expected return period 7,
describing the average recurrence interval between fatal floods of a
given magnitude. For most of the Italian territory, the estimated return
period is generally T < 50 years, indicating frequent occurrences of low-
fatality flood events across the country, whereas high-magnitude fatal
floods remain rare and spatially concentrated in specific physiographic
regions.

The performance of the spatially distributed Zipf-based model was
evaluated by comparing modelled scenarios, derived from the calibra-
tion period (1946-2010), with independent observational data spanning
the validation period (2011-September 2023) (Fig. 7), across eight main
morphological subdivisions of Italy.

The comparison indicates a general tendency for the modelled return
periods to be slightly overestimated relative to those observed, with the
exception of the Alpine Mountain System. This suggests that fatal floods
have occurred more frequently in recent decades than predicted by the
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long-term model.

Overall, the results indicate that while the model performs reliably
under stationary assumptions, recent changes in flood occurrence
highlight the need for periodic model recalibration and continuous data
integration. These findings also emphasize the importance of further
investigating the potential non-stationarity of extreme events in order to
improve the predictive capacity of societal flood risk assessments.

Furthermore, the objective of this study is to provide a synoptic,
homogeneous, and standardized framework for evaluating the risk that
floods pose to the population. This objective can be achieved by
applying the same methodological approach consistently across the
entire territory. The resulting analysis can therefore offer valuable in-
sights for identifying areas characterized by different levels of risk and
for supporting the planning of mitigation strategies aimed at protecting
the population.

Our work confirms the model's ability to accurately represent spatial
patterns and recurrence scales of societal flood risk, revealing emerging
signals of a recent increase in the frequency of impacts, highlighting the
need for regular data updates and close integration between modelling,
monitoring and risk reduction policies. Nevertheless, the combined use
of scenarios and morphological comparisons makes it possible to clearly
identify geographical areas on which to prioritise structural and non-
structural prevention measures e.g. planning, warning systems, risk
education and exposure management.
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