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2. ABSTRACT 

Activities in this task are mostly connected to the goals and outcomes of the Spokes 4 and 8, where most of 
the climate change effects are envisaged. New instances of hazard mapping are proposed for the increasing 
climate risks, as those related to windstorms and wildfires. 
This deliverable describes the products that were developed within the RETURN project to address these goals, 
which can be summarized in: 

• remote sensing-based datasets of the wind hazard along critical infrastructures (Section 3.3.a); 
• a national-scale evaluation of the impact of extreme rainfall events on the residual risk assessment for 

hydraulic infrastructures, complemented with some general guidelines (Section 3.3.b); 
• dynamic maps of the pluvial flooding under current and future climatic conditions (Section 3.3.b); 
• a methodology for improving rainfall monitoring in urban areas by integrating crowdsourced personal 

weather stations into official networks (Section 3.3.b); 
• national-scale evaluation of temporal trends in short-duration rainfall extremes (Section 3.3.b); 
• probabilistic risk assessment for isolated areas in connection to forest fires (Section 3.3.c); 
• new method for wildfire hazard mapping and consequent hydrological risk management (Section 

3.3.c); 
• reservoir and water supply management under drought conditions, including analysis of future 

scenarios of water availability and user demand (Sections 3.3.d.1 and 3.3.d.2); 
• assessment of water shortage hazard on urban water distribution users (Section 3.3.d.3). 

 
The second part of the deliverable will instead focus on the application performed and the main results 
achieved. 
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3.3 Reports on climate-related service interruption threats over 

critical infrastructures 

3.3.a Enhanced methodology for wind hazard mapping over 

network CI - Remote sensing-based mapping of the wind hazard 

along CI 

3.3.a.1 Introduction 

Determining the design wind speeds is the first and key constituent ring of the ‘Alan G. Davenport Wind 

Loading Chain’ (Davenport, 1961). The wind speed design at a given site is traditional and still obtained 

using a two-stage, forth-and-back approach. The first stage is transparent to the designer. It consists of 
zoning the synoptic extreme winds at the lower bound of countrywide macroscale resolution (hundreds of 
km) based on suitable extreme statistics of time series records measured at land anemometric stations. The 
stage includes the acquisition, correction, transformation and probabilistic analysis of the measurements 
(see e.g. Ballio et al., 1999; Safaei Pirooz et al., 2021, for applications to Italy and New Zealand, 
respectively). Resulting wind maps are available to designers in standards (e.g., DM 17-01-2018, CNR-DT 
207 R1/2018, AS/NZS 1170.2:2021 (2021), for the Italian and New Zealand in force standards, 
respectively). The second step is conversely directly entrusted to the designer using the so-called ‘return 

criterion’ (Ballio et al., 1999) to recover from the reference mapped speed (also called 𝑣𝑏0 in e.g. EN 1991-
1-4:2005) the design value (also referenced to 𝑣𝑚 in e.g. EN 1991-1-4:2005) accounting for the site and 
construction local characteristics, i.e. altitude above the sea level, aerodynamic roughness, orography and 
distance from the shoreline, reference height of the construction. The basic principles of the approach above 
were laid out in the early Sixties by Davenport (1960), further developed during the 20th century and 
applied in different Countries by other funding fathers of Wind Engineering (e.g. Solari et al., 1991a, 1991b 
and Ballio et al., 1999, in Italy). It should be considered as the accomplishment of a pioneering and brilliant 
modelling effort to provide a practical design tool based on relatively scarce, uneven, point-wise 
anemometric measurements available at that time. Despite such an effort, both stages of the ‘map-and-
return’ approach are affected by some weaknesses early pointed out by Davenport himself (Davenport, 
1960) and later faced by scholars in a panoply of informing studies. 

3.3.a.1.1 Literature review and gap analysis of wind hazard along Critical Infrastructures 

The two-phase 'map-and-return' approach, definitively established by Ballio, et al. (1999), is schematized in 
Figure 1b. 

 

Figure 1. Location of the 69 stations (Ballio et al., 1999), their areas of competence, and the resulting Italian wind map 
(DM 17-01-2018, 2018; CNR-DT 207 R1/2018, 2018) (a), schema of the current coded 'map-and-return' approach 

(b). 
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The mapping stage, ‘map’, involves the acquisition of the 10-minute average wind speed v measured at local 
anemometric stations spaced at various intervals (denoted as its statistics and average value). This speed is 
then corrected vc, transformed vt, and subjected to a probabilistic analysis of extreme values vref,0. This 
process is not necessarily disclosed to the designer except for its final codified outcome (DM 17-01-2018, 
2018; CNR-DT 207 R1/2018, 2018), which is the national wind map. This map groups climate zones—9 
for Italy—spanning areas ranging from a few dozen to hundreds of kilometres (and its statistics in Fig. 1a). 
The second phase, on the other hand, is directly entrusted to the designer through the so-called “return 
criterion” (Ballio et al., 1999). This criterion derives the design wind speed (vb,0 ; EN 1991-1-4:2005) from 
the mapped reference speed (𝑣𝑚 ; EN 1991-1-4:2005). The derivation considers the local characteristics of 
the construction site: elevation above sea level, aerodynamic roughness, topography, distance from the 
coastline, and reference height of the structure. On the one hand, this innovative study represented the 
culmination of a brilliant and pioneering modelling effort to provide a practical design tool based on 
ground-based anemometric station measurements, which were relatively scarce at the time - approximately 
10 million data points from 69 stations (Ballio et al., 1999). On the other hand, the dissemination of the 
method (Ballio et al., 1991a, 1991b) and its subsequent incorporation into standards (DM 17-01-2018, 
2018; CNR-DT 207 R1/2018, 2018; EN 1991-1-4:2005) had an extraordinary impact on the design of wind-
exposed structures, becoming a shared cultural asset among Italian and European engineers and architects. 
Despite such successes, both phases of the “map-and-return” approach present certain critical issues, 
previously highlighted by Davenport (1960) and Ballio et al. (1991a, 1991b). These issues are briefly 
revisited below, with separate references to the mapping and return stages. 

  

 

Figure 2. Average horizontal resolution of anemometric stations (a) and average duration of time series (b) used to 
define national maps of design wind speed for Canada (Hong and Ye, 2014), China (Mo et al., 2015), Australia 

(Spassiani and Mason, 2021), France (Sacrè, 1993). 

The critical issues in the map stage stem directly from the quantity and quality of available anemometric 
measurements, i.e., the spacing of the ground measurement stations, the duration of the time series, the 
local characteristics of each station's installation site, and the specifications of the measuring instruments. 
The station spacing, hereafter referred to as the 'horizontal resolution' L, over the portion of Earth's surface 
of interest, such as a single country, is often low. Figure 2a diagrams the value of L̅ averaged over the 
stations that define the national maps of extreme wind speed in 9 countries. The value averaged further over 
all nations, L̅̅, is on the order of magnitude of 100 km, while the average value for Europe is about 66 km. 
Furthermore, L is usually non-uniform within a single country. For example, Figure 1a maps the Voronoi 
tessellation of Italian territory concerning the 69 stations used to define the extreme winds of Italy, and 
Figure 1b shows the statistic of where the area of the i-th tessellation. The measurement time series T length 
is usually shorter than the return period of the reference wind speed for the design wind of interest and 
varies between stations. Despite the guidelines of the World Meteorological Organization (World 
Meteorogical Organization, 2021), the actual configuration of anemometric stations is not necessarily 
homogeneous in space or constant over time. Although anemometers should be positioned at a height of 10 
meters above the ground and situated in open, flat terrain within a 2 km radius to avoid local effects on the 
measured wind, their actual position, height above the ground, and the aerodynamic roughness of their 
surroundings are not necessarily standardized, uniform in space, or constant over time. Regarding the 
anemometer itself, numerous characteristics can affect the measurement (Picozzi et al., 2022): type, model 
and related specifications, acquisition threshold value, resolution, degradation of accuracy during its service 
life, and data acquisition chain.  
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The critical issues in the return stage indirectly reflect those in the mapping stage, making it necessary for the 
designer to model the specific characteristics of the project site and their effects on the wind. These include 
the subjective and challenging evaluation of aerodynamic roughness (Yu et al., 2023), variations between 
different terrain categories and their corresponding 𝑧0 values in the design codes, and estimating the effects 
of local terrain orography. It is indeed difficult for the designer to unambiguously link the construction site 
to the terrain categories, which are often qualitatively described in the design codes (Ballio et al., 1991a; 
Ballio et al., 1991b), adopt a value of 𝑧0 in the face of different provisions for the same nominal terrain 
category (e.g., 𝑧0 = 0.003 m and 𝑧0 = 0.01 m for coastal areas in Eurocode 1 and DM 2018, respectively), 
and refer to simplified two-dimensional scenarios to evaluate the local effects of the site's real, three-
dimensional orographic features. Each of the critical issues highlighted can translate into a source of 
measurement error or modelling uncertainty that affects the accuracy of the evaluation of the design wind 
speed. More than thirty years later, vast computational and satellite-based databases and innovative analysis 
methods offer the possibility of a paradigm shift in the definition of current and extreme wind maps for 
Italy. These methods and data have been developed over the last 25 years by the atmospheric physics 
scientific community. The author's contribution to this study lies in adapting a small portion of this 
knowledge to the needs of Structural Engineering to refine the modelling from synoptic winds, which were 
previously considered with spatial scales of hundreds of kilometres, to those at the mesoscale, down to its 
lower limit of about 2 km. 

3.a.1.2 Aims and goals of the present study 

The present study aims to shed light on three main issues: 

i. Is reanalysis, eventually coupled with down-scaling by deterministic interpolation or by a higher 
resolution climate model, suitable to map current and extreme winds accurately? 

ii. Are reanalysis datasets suitable for all wind spatial and time scales and for all orographical and 
exposure types? If not, what is their smallest threshold scale for application? 

iii. Can reanalysis offer the opportunity to conceive an approach to design wind mapping that is an 
alternative to the in-force codified two-stage ‘map-and-return’ approach based on land anemometric 

stations? If yes, what are the advantages and limitations? 

To answer the above questions, we consider three reanalysis datasets. Their performances in predicting current 
and extreme wind speeds with different return periods are assessed concerning the measurements at 
multiple land anemometric stations critically analysed and selected. The Italian land is adopted as a well-
adapted, particularly challenging benchmark because of its geomorphological features, where roughness 
and orographical high variability ubiquitously occur along extensive coastal and mountainous zones. An 
alternative reanalysis-based approach is finally proposed, qualitatively and quantitatively compared with 
the traditional codified one currently in force in Italy (DM 17-01-2018, CNR-DT 207 R1/2018). 

3.3.a.2 Wind modelling and reanalysis approach 

The reanalysis approach, generally called ‘REA’ in the following, blends observations with past short-range 
weather forecasts rerun with cutting-edge weather forecasting models. Modern climate reanalysis has at 
least four main recognized potentials: 

i. it “delivers a complete and consistent picture of the past weather” (Thépaut et al., 2018), “relying on 
a numerical weather prediction model to assimilate historical observations (e.g., from satellite, in situ, 
multiple variables) that are not homogeneously distributed around the globe” (Raffa et al., 2021); 

ii. over time, it secures long term time series, eventually continuously updated to account for climate or 
exposure changes; 

iii. over space, it offers ‘maps without gaps’ having horizontal resolution higher than the codified extreme 

wind maps in Wind Engineering, with global worldwide covering to avoid conflicts of the national 
wind maps at boundaries (Miller, 2003); 

iv. datasets are easily accessible in open access via institutional web-based repositories to guarantee 
analysis repeatability. 
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Apart from the potentialities above, the accuracy of reanalysis models versus anemometric field measurements 
is not univocal and currently debated, namely concerning current wind speed in the fields of climatology 
(e.g. Molina et al., 2021; Doddy Clarke et al., 2021; Gumuscu et al., 2023) and renewable energy (e.g. 
Gualtieri, 2021, 2022). Reanalysis predictions are found to significantly depend on the quantity of interest 
(e.g. 1, 6, or 24-hour current wind speed), height above the ground (the conventional 10 m level, or e.g. the 
height of tall wind turbine towers), exposure type (e.g. offshore, flat onshore, coastal or mountainous sites), 
beyond the adopted reanalysis model. To provide a general key to understanding such variable 
performances, in Fig. 4, we explicitly refer to the average horizontal and time resolutions of the ECMWF 
REA models to the space and time scales of the atmospheric processes initially set in meteorology 
(Orlanski, 1975; Fujita, 1986) and well-known in Wind Engineering as well (Dyrbye and Hansen, 1996). 
Since the release of the first global reanalysis in 1997 (ERA-15, Gibson et al., 1997) to the very last one in 
2023 (ERA5, Hersbach et al., 2020), the ECMWF models progressively refined their horizontal resolution 
from 𝐿 ∼ 187 km to 𝐿 ∼ 31 km, i.e. crossing the whole range of meso-𝛽 scales. Correspondingly, the time 
resolution increased from 6 hours wind speed (meso-𝛽 time scale in ERA-15, -40, -Interim) to 1-hourly 
(meso-𝛾 time scale in ERA5), and the duration of the historical time series increased from 𝑇 = 14 years in 
ERA-15 to 𝑇 = 83 years in ERA5. In parallel, reanalysis evolved in physical models and observation 
assimilation systems. Thanks to such a reading key, it is clear that ERA5 reanalysis is expected to be 
sufficiently reliable at locations with orography and land cover homogeneous fetch over about dozens of 
km (lower bound of the m-𝛽 scale), such as offshore or nominally flat onshore locations (Gualtieri, 2022). 
However, further spatial downscaling is required to cover, both in figurative and strict use, the ‘last mile’, 

i.e. to reach the lower bound of the meso-𝛾 scale (2 km) and potentially describe corresponding winds (e.g. 
thunderstorms, sea or mountain breezes) over mountainous and coastal sites, where current wind speed is 
under- and over-estimated, respectively, even by the best-performing global reanalysis models such as 
ERA5 (Gualtieri, 2022). Different approaches to regional downscaling of the reanalysis are proposed in the 
literature. Among these, two approaches move from ERA5 as input: the ERA5-Land reanalysis (ERA5L in 
the following) and the Very High-Resolution REA over Italy (VHR-REA_IT, VHR in the following) 
convection-permitting RCM. It is clear from Fig. 3 that both datasets can resolve the meso-𝛾 scale, even if 
to a different extent, i.e. to account for winds over sites with discontinuous roughness and orographical 
changes at the mesoscale. Fig. 3 also shows, for the sake of comparison, the statistics of the horizontal 
resolution 𝐿𝑠𝑡𝑎𝑡,𝑇  and the time series duration 𝐿𝑠𝑡𝑎𝑡,𝐼𝑇 of the anemometric stations used to set the map of the 
Italian extreme wind speeds. ERA5, ERA5L, and VHR models equal anemometric stations sampling 
period. At the same time, they are competitive with stations in terms of time series duration and spatial 
resolution, i.e. able to fully cover the meso-𝛾 scale by equal or longer observations. 

The wind speed datasets considered in the present study result from the three REA models above. All the 
models are quite large and complex, encompassing decades of development. The detailed description of 
each model is largely beyond the range and scope of this paper. In the following, reference is made to the 
parent papers/documentation. The specific features of the three REA models are recalled first. Then, a 
comparative analysis of common issues is carried out. For a comprehensive review of the features and 
relative performances of REA models besides the ones discussed here, interested readers can refer to the 
comprehensive survey by Gualtieri (2022), where the performances of multiple global reanalysis models 
(MERRA, CFSR, NCEP/NCAR R2, ERA5, among others) and several regional downscaling models 
(NARR, COSMO-REA2, MÉRA, HARMONIE, among others) are compared in predicting the averaged 
wind speed for wind energy applications. 
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Figure 3. Space and time scales of the atmospheric processes, synopsis of the time series duration 𝑇, horizontal 
resolution 𝐿 and sampling period 𝛥𝑡𝑠 of the reanalysis models [REA, specifically ERA-15, ERA-40, ERA-Interim 

(ERA-I), ERA5, ERA5-Land (ERA5L), VHR-REA_IT (VHR)], and of the Italian land anemometric stations used in 
Ballio et al. (1999) to draw the Italian wind map (DM 17-01-2018). 

3.3.a.2.1 Forecast-reanalysis-downscaling models 

ERA5 is the fifth-generation reanalysis developed by ECMWF (Hersbach et al., 2020). It covers the whole 
Earth globally with a horizontal resolution equal to 𝜃 = 0.28°, i.e. about 𝐿 ≈ 31 km. ERA5 combines a 
numerical weather prediction model of the atmosphere's dynamical and moist thermodynamical state with 
empirical observation data properly assimilated. About 95 billion observations were assimilated within 40 
years from 1979 to 2019, i.e. 65 million per day on average (Hersbach et al., 2020). Wind observables at 
high altitudes come from radiosondes, weather meteorological balloons, wind profilers, and aircraft-based 
instruments. With regard to wind velocity components at 10 m height, measurements made near the sea 
surface on ships and drifting/moored buoys are retained only, while assimilated observations at land airport 
weather stations are limited to surface pressure. The land characteristics are described in ERA5 using 
several time-invariant fields, the land-sea mask, the lake cover and depth, the soil and vegetation type, and 
the vegetation cover, among others.   
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Figure 4.Voronoi cell of the anemometric station in Torino Caselle airport, sampled by the horizontal grids of ERA5 (a, 
22 cells), ERA5L (b, 169 cells) and VHR (c, 2425 cells). 

ERA5L is a reiteration of the land component of the ERA5 reanalysis at a horizontal resolution equal to 𝜃 = 
0.1◦, i.e. about 𝐿 ≈ 9 km (Muñoz Sabater et al., 2021). ERA5L model is driven by the atmospheric forcing 
resulting from ERA5 near-surface meteorology state and flux fields, including air temperature, specific 
humidity, surface pressure, wind speed, downward shortwave and longwave radiation and liquid and solid 
total precipitation. These ERA5 fields are interpolated to the 9 km resolution via a linear interpolation 
method based on a triangular mesh (Muñoz Sabater et al., 2021). VHR results from the dynamical 
downscaling of ERA5 reanalysis to the so-called convection-permitting scale, allowing for explicit 
resolution of convection on the model grid (Raffa et al., 2021). Initial conditions and lateral boundary 
conditions (updated every 3 h) are set by interpolating ERA5 data from the ERA5 coarse grid to the finer 
VHR grid. The regional downscaling covers a domain around Italy (lon = 5°:20° E, lat = 36°:48° N) with 
a horizontal resolution equal to 𝜃 = 0.02°, i.e. about 𝐿 ≈ 2.2 km. The dynamical downscaling is carried out 
with the regional climate model COSMO-CLM, i.e. a non-hydrostatic and limited-area model designed for 
dynamically downscaling simulations at different horizontal resolutions varying from the meso-𝛽 to the 
meso-𝛾 scales (Adinolfi et al., 2023). Land use, surface elevation and soil type are determined through the 
GLC2000 (Bartholomé and Belward, 2005), GLOBE, and FAO Digital Soil Map datasets, respectively.  

For visual comparison purposes, Fig. 4 exemplifies the grid by ERA5, ERA5L and VHR over the Voronoi cell 
of a single station in Italy. All the REA models above require the setting of 𝑧0, assuming it as homogeneous 
over each cell face adjacent to the ground. We stress that setting the exposure is one of the most crucial 
tasks in determining the design wind speed (Yu et al., 2023), in charge of the designer in the map-and-
return approach (e.g. EN 1991-1-4:2005). Conversely, REA models directly consider explicitly mapping 
𝑧0 over land and sea surfaces. ERA5 and ERA5L set 𝑧0 as a function of the vegetation type over land, while 
the wind-wave interaction effect is considered to estimate 𝑧0 over sea. Conversely, VHR defines 𝑧0 as the 
sum of two contributions, namely, the roughness associated with the subgrid-scale variance of orography 
according to the GLOBE Digital Elevation Model (Hastings et al., 1999) and the roughness associated with 
the land-use category according to GLC2000 (Bartholomé and Belward, 2005). It follows that 𝑧0 differs 
between ERA5 and VHR models in terms of both definition and value. To highlight such differences, 𝑧0 is 
mapped according to ERA5 and VHR models in Fig. 5a and 5b.  Despite the striking difference in 
resolution, the horizontal distribution of 𝑧0 qualitatively follows an analogous pattern, i.e. 𝑧0 is higher in 
correspondence with the Alpine region and along the Apennines. Some closeup views pairing 𝑧0 contours 
with the VHR cell centres of the region around Rome and more closely around the stations of Roma 
Fiumicino, Genova Sestri and Trieste Lanterna are shown in Fig. 5c, 5d, 5e, 5f, respectively. VHR enriches 
the resolution of 𝑧0 and can catch changes in 𝑧0 induced by vegetation and urban fabric (Doms et al., 2013). 
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Fig. 5c shows how the resolution of VHR allows to clearly distinguish zones with very low 𝑧0, such as lakes 
(i.e. Bracciano lake) and sea, and zones with high 𝑧0, such as Rome conurbation and forests (i.e. Castelli 
Romani and Castelporziano). The close-up view of Roma Fiumicino station (Fig. 5d) shows homogeneous 
𝑧0. In contrast, the closeup views of the Genova and Trieste stations (Fig. 5e,f) reflect its rapid transition 
from the sea, low 𝑧0 values to urban and forest terrain, large 𝑧0 values. All the REA models above are 
inevitably affected by assumptions and multiple potential sources of errors, as usual in Computational Wind 
Engineering (CWE, e.g. Bruno et al., 2023). On the one hand, physical and mathematical models inevitably 
take with them hypotheses and approximations. On the other hand, further approximations and related 
errors result from discretization methods, computational grids and numerical schemes.   

  
Figure 5. Mapping of 𝑧0 according to ERA5 (a) and VHR (b, courteously provided by CMCC Foundation). Detailed 

view around the whole Rome region (c), and further closeup views around the anemometric stations at Roma 
Fiumicino (d), Genova (e), and Trieste (f). 

3.3.a.2.2 Critical analysis of the selected in situ measurements 

Historical time series of in situ measurements at land anemometric stations (‘stat’ in the following) are adopted 

as a term of reference to assess the relative performances of REA models in terms of 

i. representativeness, i.e. REA performances under different mesoscale types of climatic zones, site 
orography and exposure, and 

ii. relative accuracy, i.e. the scatter between REA results and stat measurements. 

21 Italian anemometric stations are selected among the 129 available in the Met Office Hadley Centre’s 

Integrated Surface Database (HadISD, Dunn et al., 2016; Dunn, 2019), an open-access global sub-daily 
dataset based on the ISD dataset from NOAA’s NCDC. The a priori selection of the stations and the 

subsequent critical analysis of the measurements are intended to pursue both the above goals. 

I. Representativeness. Station locations are primarily selected to attain the first goal based on two criteria: 

(I.a) they are as evenly distributed as possible over the Italian land to catch the largest number of climatic 
zones concerning the current wind zoning defined in DM 17-01-2018, CNR-DT 207 R1/2018; 

(I.b) they are potentially representative of qualitatively different orography and exposure conditions at 
mesoscale: Torino, Milano Malpensa, Bologna and Firenze Peretola are located in nearly flat onshore sites; 
Bolzano and Monte Paganella in mountainous sites; Genova Sestri, Messina Torre Faro and Reggio 
Calabria along mountainous coastlines, the remaining stations along coastal zones with almost flat 
surrounds. 
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II. Relative accuracy. The setup and dataset of each station are further analysed to judge the comparability 
between them and the REA approach as a required precondition to achieve the second goal. Comparability 
is discussed regarding data quality and climatological representativeness at the mesoscale of the stations. 

(II.a) Data quality. The observations in the ERA5 reanalysis were thoroughly quality-checked. Analogously, 
all the stat time series from the HadISD database guarantee a fully automated QC by running 15 tests to 
flag the poorest records as invalid data 𝑉𝑖 (Dunn et al., 2012). 

(II.b) Station WMO-compliance. REA models do not inherently change in time, do not systematically account 
for microscales because of their maximum resolution in time and space, and the resulting datasets are 
standardized and without gaps. The stat WMO-compliance is clearly not trivially guaranteed in the light of 
the previous studies on the weaknesses of the mapping stage. We critically discuss and quantify any 
discrepancies between the setup/measurements of the selected stations and the WMO provisions. In such a 
way, we also indirectly point out the possible systematic differences between REA and stat datasets. To do 
so, we propose a synthetic compliance index 𝐶 ∈ [0, 1] in its very general form as: 

          (3.3.1) 
where 𝐼𝑗 ∈ [0, 1] are 𝑛 partial, maximum-normalized inconsistency indices related to time series 
completeness (𝐼l = 𝐼v), steadiness of station setup within 𝑇 (𝐼2 = 𝐼s), uniformity of flat orography over the 2 
km radius fetch (𝐼3 = 𝐼t), uniformity of roughness over the same fetch as above (𝐼4 = 𝐼r), anemometer height 
(𝐼5 = 𝐼h), and 𝜇j ∈ [0, 1] are the corresponding weighting factors. It follows that 𝐶 = 1 denotes a station fully 
compliant with WMO provisions and fully comparable REA and stat datasets, while other values are 
generally intended to relatively rank the stations among the selected ones. For the sake of simplicity, all 
weights are set 𝜇j = 1 in the present study, i.e. all inconsistencies are considered equally important.  

Given the above, the compliance index in Eq. 3.3.1 is systematically evaluated for each station with 𝑗 = 2:5 
and 𝑛 = 4. The synthetic compliance is plotted in Fig. 6.  

 

 
Figure 6.  Resulting compliance indices for yearly maxima 𝑐(𝑣̂) and averages 𝑐(𝑣̅). 

3.3.a.2.3 A novel reanalysis-based approach 

The REA modelling approach's specific features and promising performances allow us to imagine a novel 
‘reanalysis-and-height adjust’ (REA-HA) approach as an alternative to the in-force codified ‘map-and-
return’ one. The first ‘reanalysis’ stage, including Numerical Weather Prediction, Reanalysis, Downscaling, 

and EVA, is entrusted to the specialist in charge of drawing the map, while the ‘height adjust’ stage is 

entrusted to the designer, in analogy with the two-step ‘map-and-return’ codified approach. The proposed 
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approach involves some conceptual and technical advantages concerning the in-force codified approach. 
At the reanalysis stage: 

i. forth-and-back across scales, and transformation of non-homogeneous, scattered data are no longer 
needed; 

ii. every effect, including the orographic one, are consistently and explicitly accounted for up to the meso-
𝛾 scale, while microscale effects are knowingly excluded; 

iii. the high horizontal resolution offers the designer detailed ‘maps without gaps’ of the wind speed and 

aerodynamic roughness, including values evaluated quite close to the design site. 

At the height adjust stage: 

i. the designer is relieved of some tasks that require specialized know-how in wind engineering, namely 
the obligation to evaluate the aerodynamic roughness at the design site subjectively, and to ascribe the 
actual, 3D, sometimes complex site orography to simplified schemes and related orographic 
coefficients; 

ii. the designer is made conscious of what the approach accounts for and what it does not, i.e. microscale 
effects of local site features inside a 2 km radius fetch. 

Given the above advantages, the REA-based extreme wind speed modelling generally underestimates 
measurements. As such, REA-based extreme wind speed estimates shall be adjusted employing a suitably 
tuned model correction factor. As a result, the design wind speed vm(hd) is expressed in REA-HA as: 

        (3.3.2) 
where 𝛾m is the model correction factor, 𝑉𝑅𝐸𝐴(𝑥d , 𝑦d ) and 𝑧0(𝑥d , 𝑦d ) are the wind speed and aerodynamic 
roughness at the design site position (𝑥d , 𝑦d ) as mapped in the REA stage, ℎ𝑑 is the reference design height 
relevant to the structure under consideration, ℎref = 10 m is the reference height at which 𝑉𝑅𝐸𝐴 is mapped. 
In other words, the designer is only called upon to select the return period relevant to the design, apply the 
related model correction factor 𝛾m and adjust the height. In the following, a first exploratory step towards 
the estimate of 𝛾m is proposed. 
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3.3.b Enhanced methodology for defining pluvial flood hazard and 
risk over network CI, under CC 

3.3.b.1 Updating Residual Risk Assessment for Hydraulic Infrastructures: Evaluating the 
Impact of Extreme Rainfall Events in Italy 

3.3.b.1.1 Introduction 

Water-related disasters, especially floods and storms, are the most frequent and impactful natural hazards 
globally (CRED, 2023). Their impacts are projected to intensify due to population growth, urbanization, 
unsustainable land management, and climate change (Singh et al., 2023, Treppiedi et al., 2023, Kreibich et 
al., 2023). 

Understanding and modeling extreme rainfall is crucial for mitigating these effects, prompting countries to 
invest in resilience strategies. Various methods have been developed for modeling and analyzing extreme 
rainfall, both as a scientific approach to understanding the impacts of severe weather events and as a 
practical tool for civil and environmental engineering design (Forestieri et al., 2018). Extreme event 
analysis is typically carried out using probabilistic techniques based on historical data, where the main 
objective is to link the magnitude of an event to its probability of occurrence. Assuming independence and 
identical distribution conditions (i.i.d.), it is possible to estimate the frequency of rare events, including 
those exceeding the observed data. In Earth sciences, the frequency of an event with a specified magnitude 
is often described using the concept of the return period (𝑇). This is defined as the reciprocal of the 
exceedance probability or the average time interval over which an event of that magnitude is expected to 
occur (Volpi, 2019). The upper portion of a probability distribution, commonly referred to as the right tail, 
determines both the magnitude and frequency of extreme events. As a result, it significantly influences the 
estimation of design rainfall values. Consequently, evaluating precipitation tails at regional and global 
scales is of critical importance. Numerous researchers have explored various approaches to identify the 
most effective methods for modeling extremes, including examining sample selection techniques, choosing 
probability distribution functions, estimating parameters, and conducting Goodness-of-Fit tests (for a 
comprehensive review, see Nerantzaki and Papalexiou, 2022). Recently, there has been a growing 
consensus among researchers advocating for the use of heavy-tailed distributions to characterize rainfall 
extremes (Villarini, 2012; Papalexiou et al., 2013; Cavanaugh et al., 2015; Gupta and Chavan, 2021; 
Moccia et al., 2021a, 2021b). Relying on light-tailed distributions can significantly underestimate the 
extreme rainfall amounts with a consequent possible miscalculation of the risks posed to structures and 
infrastructure. Risk is formally defined as the convolution of three factors: i) the hazard, which refers to the 
likelihood of a dangerous event occurring, ii) the exposure, encompassing the assets at risk, including 
economic values and human lives, and iii) the vulnerability of the land exposed to the hazard 
(Koutsoyiannis, 2022). 

Risk reduction measures are typically categorized into two types: structural interventions, which aim to 
mitigate the hazard, and non-structural interventions, designed to simultaneously reduce both exposure and 
vulnerability. Structural protection measures are engineered to withstand extreme events with a 
predetermined annual exceedance probability, often expressed as a return period (Volpi and Fiori, 2014). 
Events whose intensities exceed the design values of these structures are referred to as cases of overload. 
Such occurrences are associated with the probability of failure, also known as residual risk, which is 
mathematically formulated as: 

𝑅 = 1− (1− 1/𝑇𝑑)𝑙          (3.3.3) 

where 𝑇𝑑 represents the design return period and 𝑙 is the design (or expected) lifespan of the structure (Chow 
et al., 1988). The probability of failure is defined as the likelihood that at least one overload event occurs 
during the structure's design life (Hartmann et al., 2021). From Equation 3.3.3, when the design return 
period equals the design life (𝑇𝑑 = 𝑙) and approaches infinity, the probability of failure converges to 0.63 
(Read and Vogel, 2015). This indicates that, in hydraulic structure design for water control, it is implicitly 
accepted that a structure may fail to perform its intended function due to an overload event.  



 

19 
 

In this work we emphasize the importance of updating design variables over the lifespan of structures and 
infrastructure to manage the probability of failure effectively and adopt a risk-based approach for 
management and intervention planning (Moccia et al., 2024). 

3.3.b.1.2 Methodology 

3.3.b.1.2.1 Fitting Procedure 

In this study, we first identify the most suitable probability distribution to model extreme daily rainfall across 
Italy. Specifically, we extract the Annual Maxima (AM) samples from rainfall time series and evaluate the 
performance of four commonly used bi-parametric probability distributions for rainfall extremes: Lognormal 
(LN), Weibull (W), Gumbel (G), and Fréchet (F). The cumulative distribution functions (CDFs) for these 
distributions are provided in Table 1.  

Table 1. Cumulative distribution functions of the four tested probability distributions. 

. 

The four distributions exhibit different tail heaviness. Fréchet, Lognormal, and Weibull (with 𝛾 < 1) are 
considered heavy-tailed, whereas Gumbel and Weibull (with 𝛾 ≥ 1) are classified as light-tailed (El 
Adlouni et al., 2008). To assess and compare the performance of these distributions, we employ a robust 
and widely used metric: the minimization of a modified norm of the mean square error (MSEN; Papalexiou 
et al., 2013; Moccia et al., 2021a). The MSEN metric (Equation 3.3.4) provides a reliable method for 
evaluating the fit of the tested distributions, enabling an objective comparison of their effectiveness in 
capturing the statistical properties of extreme rainfall events: 

𝑀𝑆𝐸𝑁 =
1

𝑁
 ∑ (

𝐹𝑁 (𝑥𝑖 )−𝐹(𝑥𝑖 )

1−𝐹𝑁 (𝑥𝑖 )
)2 𝑁

𝑖=1         (3.3.4) 

3.3.b.1.2.2 Monitoring procedure of the probability of failure 

The quantile function of the best-fitting probability distribution enables the estimation of rainfall values 
corresponding to specific return periods (or probabilities of exceedance). These values, referred to as design 
values for hydraulic works (ℎ𝑑,𝑇𝑑 where d stands for design), are used in the planning and construction of 
hydraulic structures. At the design time, only historical rainfall data are available for determining these 
quantiles. However, after construction and throughout the design life of the structure, new observations can 
be incorporated into the analysis. 

In this study, we use daily precipitation as a design variable, though the outlined methodology is equally 
applicable to other hydrological variables (e.g., peak flows) and different time scales (e.g., sub-daily data). 
To illustrate, consider a 30-year observation period used to estimate rainfall quantiles for designing a 
hydraulic structure. This 30-year period is chosen based on best practices in time series statistical analysis 
(World Meteorological Organization, 1988; Li et al., 2018). In practice, however, these best practices are 
not always satisfied due to challenges in acquiring reliable, long-term rainfall records. During the design 
phase, the design variable is determined for a fixed return period, and the design life of the structure is 
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established, which allows for the calculation of the probability of failure. Over the design life, the 
probability of failure decreases yearly as the term 𝑙 in Equation 3.3.3 diminishes. Nevertheless, as new 
observations of the design variable become available, they can be added to the original dataset, enhancing 
the statistical robustness of the analysis. The yearly updating process for evaluating the probability of 
failure, with 𝑦 = 1, . . . , 𝑁 − 30 can be summarized in the following steps: 

1. Add the 𝑦𝑡ℎ recorded annual maximum (AM) rainfall value to each subsample; 
2. Refit the probability distribution function to estimate the updated rainfall quantile associated 

with the design return period (ℎ𝑢,𝑦 where 𝑢 stands for updated); 

3. Quantify the updated return period (𝑇𝑦) corresponding to ℎ𝑢,𝑦 using the original 30-year 

probability distribution parameters; 
4. Evaluate both the design probability of failure 𝑅𝑑,𝑦 = 1 − (1− 1/𝑇𝑑)𝑙−𝑦 and the updated 

probability of failure 𝑅𝑢,𝑦 = 1− (1− 1/𝑇𝑦)𝑙−𝑦; 

5. Calculate the differences in probability of failure 𝛥𝑅𝑦 = 𝑅𝑢,𝑦 − 𝑅𝑑,𝑦 and design rainfall 

𝛥ℎ𝑦 = ℎ𝑢,𝑦 − ℎ𝑑 . 

This procedure is illustrated in Figure 7, providing a clear visual representation of the steps involved. The 
iterative updating process ensures that the design remains robust and reflective of evolving climatic and 
hydrological conditions, enhancing resilience against extreme rainfall events. 

  
Figure 7. Probability of failure updating procedure. 

3.3.b.2 Dynamic maps of pluvial flooding under current and future climatic conditions 
 
3.3.b.2.1 Introduction 

Over the past decades, urbanization has led to the expansion of impervious surfaces, which reduces the soil’s 
natural ability to absorb rainfall. This increase in impervious areas raises the volume of urban runoff, 
thereby overwhelming drainage systems and leading to more frequent flooding events (Hammond et al., 
2013). 

In addition to urbanization, climate change also contributes to the increased occurrence of urban pluvial 
flooding. Rising global temperatures have led to more intense and frequent rainfall events, stressing the 
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capacity of urban drainage systems and causing surface water to accumulate in low-lying areas 
(Zimmermann et al., 2016). The impacts of urban flooding are multifaceted, encompassing both direct and 
indirect consequences. It significantly affects societies, infrastructure, economies, the environment, and 
public health. One of the most critical public health concerns is the contamination of water supplies, which 
facilitates the spread of waterborne diseases. In many urban areas, intense rainfall has led to severe flooding, 
resulting in extensive damage to critical infrastructure such as transportation networks, energy systems, and 
healthcare facilities. Among the others, we can list the issued caused to the railway in Swarzędz, Poland, 

where the drainage system was unable to handle the extreme rainfall events (Kundzewicz & Pińskwar, 

2022). Similarly, Denmark presented several pluvial flooding events due to extreme rainfall, causing 
significant disruption to critical infrastructure (Rosenzweig et al., 2019). Urbanization determines dramatic 
increases in human exposure and vulnerability. Furthermore, urban flooding may be exacerbated by the 
social context, as it may disproportionately impact vulnerable communities. Consequently, effective urban 
flood disaster management demands integrated approaches that combine both structural and non-structural 
mitigation measures to enhance urban resilience against flooding (Tingsanchali, 2012). 

In this context, understanding the population exposure to floods is essential for effectively mitigating pluvial 
flood risk. A valuable tool in this regard is the use of dynamic maps, which assess flood impacts as 
spatiotemporally variable. These maps are particularly critical in urban areas, where the convective nature 
of rainfall events and the fluctuating presence of populations in space and time necessitate a dynamic 
approach. Dynamic mapping involves the representation of flood hazard, vulnerability, and exposure over 
varying time periods in a specific area. It integrates temporal changes in environmental conditions (e.g. 
rainfall intensity, water levels, and storm surges), human activities (e.g. population movements and daily 
routines), infrastructure status (e.g., drainage capacity and road networks), and other socio-economic 
variables (e.g. adaptive capacity and community resilience) to capture the evolution of flood risk over space 
and time (Cian et al., 2021; Deville et al., 2014; Islam & Meng, 2024; Simões et al., 2015). 

3.3.b.2.1.1 Optimal operating policies 

Dynamic hazard mapping methods typically use advanced modeling techniques to capture the time-varying 
nature of flood events. For example, hydrodynamic models, either 1D or 2D, simulate changes in rainfall 
intensity, storm surge and water levels progression over time (Simões et al., 2015; Thrysøe et al., 2021). 
Some approaches, such as stochastic rainfall generators combined with hydrodynamic models, enable the 
creation of probabilistic flood hazard maps that account for uncertainty and variability in rainfall patterns 
(Simões et al., 2015). These maps are continuously updated through the integration of real-time data, 
advanced weather forecasts, and sophisticated hydrological models, providing information for both 
immediate emergency response and long-term planning (Balistrocchi et al., 2020; Deville et al., 2014). 
However, these methods face several challenges, including the need for high-quality data and significant 
computational resources, which can limit their applicability, especially for real-time assessments. 

3.3.b.2.1.2 Dynamic vulnerability maps 

Dynamic flood vulnerability assessment involves the integration of spatial and temporal data, capturing 
changes in vulnerability over time. For instance, GIS and spatial clustering techniques are used to analyze 
socio-economic factors and their distribution across different areas, as demonstrated in studies examining 
minority communities in urban flood-prone areas (Islam & Meng, 2024). Other methods include using 
simplified dynamic models to simulate different flood and climate change scenarios, allowing stakeholders 
to explore various adaptation strategies (Giupponi et al., 2013). Additionally, multi-temporal Flood 
Vulnerability Indices (FVIs) are developed by integrating Earth Observation data with census information, 
capturing how urban growth and socio-economic changes impact vulnerability over time (Cian et al., 2021). 
Despite their utility, these methods often require extensive data and may be constrained by data quality and 
availability, particularly in developing countries. Moreover, the use of simplified indicators and aggregation 
methods may overlook complex socio-ecological factors, reducing the comprehensiveness of vulnerability 
assessments (Giupponi et al., 2013). 
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3.3.b.2.1.3 Dynamic exposure maps 

Dynamic exposure mapping assesses the temporal variation in exposure of population or assets to flood 
hazards. This approach often relies on real-time data, such as mobile phone records, to create spatiotemporal 
maps that reflect human movements and changing exposure levels (Balistrocchi et al., 2020; Giupponi et 
al., 2013). For example, dynamic population models combined with flood hazard maps can show how 
exposure varies between day and night, identifying periods characterized by higher risk to inform 
emergency planning (Smith et al., 2016). Similarly, analysing mobile phone data over daily and seasonal 
cycles may lead to capturing more precise dynamic exposure patterns (Deville et al., 2014). However, these 
methods can be limited by data availability and quality, particularly when relying on a single source or 
provider, which might not fully represent the population. Additionally, integrating dynamic human 
behavior with static flood hazard maps can create discrepancies in the overall exposure assessments 
(Balistrocchi et al., 2020). 

3.3.b.2.1.4 Infrastructure assessment 

Evaluating the vulnerability and exposure of infrastructure systems is one of the most challenging aspects of 
pluvial flood assessment. Assessing infrastructure vulnerability is inherently complex and 
multidisciplinary, necessitating the use of diverse methodologies to address the interconnected dimensions 
effectively (Papilloud et al., 2020; Pescaroli & Kelman, 2017). 

3.3.b.2.2 Methodology 

Flood modelling of urban areas can be particularly challenging due to the intricate and irregular topography, 
which is more complex than that of fluvial or coastal flood modeling. This complexity is heightened by the 
presence of buildings, drainage networks, and other critical infrastructure. The dynamics and non-linear 
interactions of hydrological, hydrodynamic, and hydro-morphological processes in such terrain present 
considerable modeling difficulties. Additionally, the heterogeneous nature of urban surfaces complicates 
the parameterization of urban flood models. A widely used approach for urban pluvial flood modelling is 
the coupling of 1D-2D hydrodynamic models, which enables the integration of urban drainage networks. 
This method allows for a two-way interaction between surface water and the drainage system: runoff enters 
the network through inlets, while excess water surcharges back onto the surface when system capacity is 
exceeded, contributing to urban flooding (Li et al., 2020).  

For this study, pluvial flood maps are developed by using the rain-on-grid model from HEC-RAS (USACE, 
2024), i.e. a 2D physically based hydrodynamic model designed to simulate surface water flow across a 
high-resolution grid-based terrain (Brunner, 2016). 

This direct rainfall application approach assigns precipitation to each cell of the Digital Surface Model (DSM), 
allowing runoff to be generated and propagated across the urban landscape. By modelling hydrological and 
hydraulic processes entirely within a 2D hydrodynamic framework, this method captures detailed 
interactions between rainfall intensity, topography, and surface flow dynamics, making it particularly well-
suitable for urban environments. 

To ensure an accurate representation of urban topography, a 1x1 meter resolution DSM is required. Special 
attention should be paid to the architectural characteristics of the study area's buildings, which may feature 
internal courtyards (or “kiosks”), that create artificial depressions in the model, leading to incorrect flood 

depth estimates. These courtyards can be erroneously interpreted as low-lying areas (30-50 meters deep), 
resulting in significant distortions in flood simulations. To correct these issues, internal courtyards are 
filled, aligning their elevation with the surrounding building heights. Additionally, rooftops were smoothed 
to prevent unrealistic water accumulation, and a 0.5-meter buffer was applied around building edges to 
reduce cupping effects that could artificially trap water. These preprocessing adjustments improved the 
realism of urban flow obstructions, enhancing the accuracy of rain-on-grid flood simulations. 

After defining the terrain, a land cover layer was generated using data from the Copernicus Urban Atlas Land 
Cover dataset (2018), which provides raster-based information at a 10x10 meter resolution. This dataset 
allowed the study area to be categorized into distinct land use types. To incorporate infiltration processes, 
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a curve number (CN) layer was integrated into RAS Mapper (USACE, 2024) to estimate the infiltration 
capacity based on of different land cover types and soil conditions. Thus, the land cover and infiltration 
layers provided the parameters required for simulating surface water flow and infiltration within the 
hydrodynamic model. 

Boundary conditions were classified into inflow and outflow components. The outflow boundary condition 
was defined using the normal depth method, based on the average slope of the study area (Brandimarte and 
Di Baldassarre, 2012). This approach ensures that excess surface runoff exits the model domain in a 
hydraulically consistent manner, allowing for realistic floodwater propagation across the urban landscape. 

Although reports of past pluvial flooding events exist, rainfall data from nearby monitoring stations showed 
low return periods (often <2 years), making them unsuitable for modelling critical hydraulic conditions. 
Therefore, synthetic rainfall inputs were preferred to ensure temporal coherence, consistent spatial 
distribution, and replicability across simulation scenarios. Synthetic design hyetographs, based on 
Intensity-Duration-Frequency (IDF) curves representative of the study area, were used to simulate the 
rainfall event that triggered the flooding and serve as the boundary conditions for the model. In urban areas, 
convective events, i.e. short and heavy rainfall, may significantly impact the society and the infrastructures. 
Therefore, two different scenarios are simulated, corresponding to rainfall events with 10 minutes and 1 
hour duration, respectively. Since the area is characterised by critical linear transportation infrastructures, 
i.e. high-capacity roads, we focused on events with 50 years return period. This value should be preferred 
in areas whereby flooding results in unacceptable levels of damage to human settlements and to the mobility 
(Becciu and Paoletti, 2010).  

IDF curves are estimated from raingauges data deployed in the case study area. Then, punctual information 
was spatially interpolated to create a gridded dataset over the study domain. The decision to use different 
rain gauges is driven by the need to optimize spatial representativeness and data reliability over the area 
under analysis, ensuring that the observed precipitation patterns accurately captured the hydrological 
response of the study area. The final study area selection adhered to the following criteria. 

1. Susceptibility to pluvial flooding. The selected area had to exhibit a documented history of pluvial 
flooding events. This was verified through the analysis of historical records, including photographic 
evidence and reports from local agencies and climate observatories. A key resource in this process was 
the Osservatorio Nazionale di Città Clima (Legambiente, 2025) which provides a climate risk map for 
Italian cities, allowing users to filter historical events by region, year, and flood type (e.g., intense 
rainfall-induced flooding vs. riverine flooding), as well as previous studies that specifically analyzed 
pluvial flood events in Rome (Di Salvo et al. 2017). 

2. Availability of rainfall data. Once a flood-prone area was identified, the next step involved verifying 
whether the extreme event had been recorded by one or more rain gauges within the proximity. This 
ensured that the observed precipitation data could be directly linked to the flooding event under 
analysis. 

3. Consistency with DSM coverage. The final selection of the study area had to ensure complete overlap 
between the flood-prone region and the available high-resolution DSM dataset. This requirement was 
essential to maintain the geospatial integrity of the model and allow for precise rain-on-grid flood 
simulations. 

By meeting these criteria, the study area was effectively delineated, ensuring that the hydrodynamic model 
was supported by reliable rainfall inputs, high-resolution topographic data, and validated historical flood 
evidence. 

It is worth noting that the model does not incorporate the drainage system, as this information is not available. 
Consequently, the presented results may be overestimated, particularly in areas where stormwater 
infrastructure could mitigate surface water accumulation. Additionally, while the Tiber River is present 
within the study area, it has not been explicitly modelled as part of the hydrodynamic simulations. This 
means that the river does not influence the hydraulic behaviour of the model, as the focus remains solely 
on pluvial flood dynamics.  

To enhance the robustness of the analysis, multiple simulation scenarios will be incorporated to assess the 
model’s sensitivity to key parameters. To address uncertainties related to land surface characteristics, a 
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sensitivity analysis was performed on the Manning’s roughness coefficients assigned to the three main land 
use categories in the study area: Green areas (GA); Buildings (B); Roads (R). 

The Manning’s roughness coefficients (n-values) for each land use type can be derived from literature (Chow 
et al., 1988; US Army Corps of Engineers, 1989) ensuring that the hydraulic resistance properties of 
different surfaces (e.g., roads, vegetation, and impervious areas) are accurately represented in the model.  

To account for uncertainty in land surface characteristics, several simulations were performed by varying 
Manning’s roughness coefficients across different land use categories. For each category (green areas, 

buildings, and roads), minimum, average, and maximum values were considered based on literature 
benchmarks. This sensitivity analysis supported the identification of roughness configurations that most 
significantly affect flood extent and water depth values. 

Each scenario was simulated using the HEC-RAS 2D rain-on-grid framework, producing a flood depth 
(hazard) raster. The resulting outputs were compared by computing differential flood depth maps (Δ-depth), 
which quantify changes in water accumulation across scenarios. By analyzing the Δ-depth distributions 
across the domain, the worst-case configuration was identified, defined as the scenario that consistently 
generated the greatest flood depth across the urban area. This configuration was then selected for 
downstream analysis, serving as a conservative input for the mapping of exposure, vulnerability, and 
potential flood-induced damage. 

Once the worst-case flood hazard scenario was identified, based on maximum flood depth corresponding to a 
50-year return period rainfall event, it was used to guide the spatial and temporal flood exposure and 
vulnerability assessment (Nasiri et al. 2016). The aim of this phase was to estimate the number of people 
potentially exposed to pluvial flooding throughout the day and to characterize the structural vulnerability 
of affected buildings, enabling a spatiotemporal understanding of risk. 

The analysis follows a widely accepted risk framework where damage (D) is conceptualized as the product of 
exposure (E) and vulnerability (V) (Dewan, 2013). Although no monetary estimation was performed, this 
formulation guided the integration of flood hazard, population exposure, and building vulnerability within 
a unified spatial workflow. 

Population exposure was assessed by applying hourly occupancy coefficients to each building, reflecting 
typical fluctuations in use (residential, commercial, recreational, etc.) (Wang et al. 2023). These values 
were then overlaid onto the flood depth raster to produce dynamic exposure maps, highlighting how the 
number and spatial distribution of exposed people change over time. The dynamic exposure model allows 
for the identification of critical time windows when population presence in flood-prone areas is highest, 
particularly in residential and recreational buildings located near potential water accumulation zones. 

Buildings vulnerability assessment was conducted based on building characteristics, including construction 
period, material, number of floors, and typology. This classification, derived from Taramelli et al. (2022), 
allowed the identification of structures more susceptible to flood damage due to age or fragility. Notably, 
the study area features numerous buildings dating back to the late 19th and early 20th centuries, which were 
assigned high vulnerability levels. 

This integrated approach enables: 

- the identification of critical hours of elevated population exposure; 

- the mapping of high-risk building types based on structural fragility; 

- the creation of dynamic population exposure maps to support urban resilience strategies. 

While no monetary loss estimation or infrastructure prioritization was performed at this stage, the framework 
provides a basis for future integration of such components and supports risk-informed decision making in 
urban flood management and climate adaptation planning. 
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3.3.b.3 Enhancing rainfall monitoring in urban areas by integrating crowdsourced personal 
weather stations into official networks 

3.3.b.3.1 Introduction 

Reliable rainfall predictions traditionally rely on long-term data from rain gauges, which have provided 
essential records for centuries. Italy, for example, hosts one of the oldest rainfall monitoring networks in 
the world. However, these networks face growing challenges, including decentralization, inconsistent data 
sharing, maintenance costs, and administrative limitations, which have contributed to a decline in the 
number of active stations (Moccia et al. 2024, Mazzoglio et al. 2020). Consequently, data gaps and outdated 
records hinder effective rainfall monitoring, particularly in urban areas where rainfall variability can be 
high. 

Emerging technologies, such as Personal Weather Stations (PWSs), offer a promising opportunity to address 
these challenges. PWSs are low-cost tipping bucket rain gauges installed by citizens for home automation, 
which use Internet-of-Things (IoT) technologies to share real-time rainfall data on online platforms 
(McCabe et al., 2017). These stations are increasingly popular due to their affordability, ease of installation, 
and ability to provide data in near real-time. They aggregate vast amounts of crowdsourced weather 
observations, forming an extensive and accessible data repository. However, PWSs were not initially 
designed for hydrological or hydroclimatic monitoring, and their accuracy is influenced by installation 
practices and other user-dependent factors. Despite these possible limitations, recent studies demonstrate 
the potential of PWSs to enhance traditional rainfall monitoring networks. Indeed, several researchers have 
explored various methodologies to validate, correct, and integrate PWS data with official rain gauge 
networks, yielding promising results (de Vos et al., 2017, 2019; Bardossy et al., 2021; Chen et al., 2021). 
These methods include real-time correction algorithms, geostatistical techniques, machine learning 
frameworks, and quality control systems (El Hachem et al., 2024). PWS data has also been used to refine 
radar precipitation estimates, highlighting its potential for improving spatial rainfall resolution (Overeem 
et al., 2024; Nielsen et al., 2024). 

In this study, we aim to improve precipitation monitoring in small catchments and urban areas, where 
traditional rain gauge networks might often fail to capture rainfall's spatio-temporal variability. By 
leveraging the widespread use of PWSs, which outnumber official rain gauges but suffer from data quality 
issues due to inconsistent deployment and maintenance, we aim at integrating PWS data with official 
datasets using robust and tailored quality control (QC) algorithms. Drawing on and refining existing QC 
methods from the literature, our framework will address errors arising from suboptimal installation and 
non-expert maintenance, adapting to Italy's diverse geographical and climatic conditions. Through 
validation across regions and timescales, the framework will standardize QC procedures, enhancing the 
reliability of PWS data for hydrological modeling, flood forecasting, urban planning, agriculture, and other 
sectors dependent on accurate rainfall information. 

3.3.b.3.2 Methodology 

Netatmo is one of the leading platforms for PWSs (https://www.netatmo.com/it-it/smart-weather-station), 
offering rain gauges that transmit data via wireless technology to an internal module. These measurements 
are sent to a cloud service every five minutes, allowing users to access them through an API. Despite their 
potential for enhancing rainfall monitoring, PWS networks face challenges. High spatial and temporal 
resolution is offset by systematic errors and a lack of standardized installation and maintenance, often 
compromising data reliability. QC procedures are therefore essential to ensure the suitability of PWS data 
for hydrological applications. 

In this study we aim at developing a framework to integrate PWS data with official monitoring networks to 
enhance spatial rainfall resolution. Our framework identifies eligible Netatmo PWSs in Italy and applies a 
two-step QC process. In a first step, measurements from the Netatmo and the official meteorological 
networks are compared to capture the correlation and deviations in recorded precipitation. Each PWS 
station is here compared to the closest official station. In a second step, by synthesizing and refining existing 
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QC methods from scientific literature and adapting them to the diverse geographical and climatic conditions 
of Italy, we aim to provide, assess and improve the reliability of PWS rainfall observations. 

3.3.b.4 Evaluation of temporal trends in short-duration rainfall extremes 

3.3.b.4.1 Introduction 

Over the past few decades, the frequency and intensity of extreme rainfall events have garnered significant 
attention on a global scale (Alexander et al., 2006; Westra et al., 2014; Guerreiro et al., 2018; Papalexiou 
and Montanari, 2019; Fowler et al., 2021; Poschlod and Ludwig, 2021). 

In the Mediterranean region, Italy represents a particularly intriguing case study due to its diverse and complex 
topography. In Italy, elevations range from areas below sea level in the Po River floodplain to peaks 
exceeding 4,800 meters in the Alps. Additionally, the geographic distribution of the country, with large 
portions shielded by the Alps while two-thirds of the territory is exposed to the Mediterranean Sea, 
introduces further complexity in understanding rainfall patterns. These factors make it challenging to 
achieve homogeneous results in analyses conducted at the national scale. 

Historically, comprehensive nationwide studies were constrained by the fragmentation of datasets, managed 
independently by various regional hydrological services. Despite these challenges, recent reconciliations of 
datasets have allowed for broader and more integrated investigations (Libertino et al., 2018; Mazzoglio et 
al., 2020). 

Regional-scale studies conducted over the past two decades have often found that trends in rainfall extremes 
(1 up to 24 h duration) lack statistical significance over large portions of Italy. These findings were 
consistent across numerous investigations, regardless of the dataset or method used (Crisci et al., 2002; 
Bonaccorso et al., 2005; Arnone et al., 2013; Persiano et al., 2020; Avino et al., 2021; Treppiedi et al., 
2021; Roseto et al., 2023; Avino et al., 2024). A closer examination of data reveals significant spatial 
heterogeneity: trends differ markedly even within small geographic areas, with distinct tendencies emerging 
for the same rainfall duration in neighboring locations (Crisci et al., 2002; Libertino et al., 2019; Mazzoglio 
et al., 2022; Roseto et al., 2023; Avino et al., 2024). Furthermore, rainfall durations such as 1, 3, 6, 12, and 
24 hours often exhibit opposing trends within the same region, highlighting the variability and localized 
nature of rainfall extremes. 

The timeframe of analysis also plays a critical role in the observed trends. For example, Crisci et al. (2002) 
identified a change in rainfall extremes in Tuscany during the 1970s. Using data from the 1970s up to 1994, 
they observed a pronounced increase in extreme events. However, when extending the analysis to include 
earlier records (1951–1994), negative trends dominated for shorter durations, illustrating the temporal 
sensitivity of trend analyses. Such variability underscores the importance of carefully defining the temporal 
window for any investigation into rainfall extremes. 

Italy’s fragmented datasets and the diversity of methodologies used in previous studies have posed challenges 

for synthesizing findings and making robust comparisons (Caporali et al., 2021). Despite these limitations, 
each investigation has provided valuable insights into the dynamics of rainfall extremes. The need for more 
comprehensive and unified research efforts remains critical to advance understanding of the temporal and 
spatial variability of extreme rainfall across the country. 

3.3.b.4.2 Dataset 

In this work, trends in short-duration rainfall extremes (1 to 24 hours) are evaluated across Italy using the most 
up-to-date version of the Improved Italian Rainfall Extreme Dataset (I2-RED) (Mazzoglio et al., 2020). The 
dataset’s coverage of both convective events (represented by 1-hour maxima) and stratiform events 
(captured by 12- and 24-hour maxima) provides valuable insights into different rainfall phenomena. 

This dataset comprises annual maximum rainfall depths from 5,563 time series (Figure 8), covering the period 
from 1916 to 2022 (Figure 9). Rain gauges included in this dataset are distributed across elevations ranging 
from -3 meters to over 3,000 meters above sea level. Compared to a previous dataset used in Libertino et 
al. (2019), this version includes over 28,000 additional records for each rainfall duration, significantly 
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enhancing the scope of the analysis. However, the dataset still contains discontinuities caused by station 
relocations, sensor upgrades, and malfunctions, which are inherent challenges in long-term hydrological 
datasets. 

 

 

Figure 8. Location of the rain gauges used in this work. 

 

 
Figure 9. Number of rain gauges active in each year. 

 

This rainfall observation dataset was selected because, within the framework of EXTRAFLOOD (Spoke VS1), 
an analysis was conducted comparing annual maximum precipitation values from a high-resolution 
convection-permitting model (CPM) named VHR-PRO_IT with observational data. The comparison 
revealed significant underestimations of the rainfall depths derived from the CPM, particularly in coastal 
areas. Additionally, the dataset starts in 1980. As a result, we deemed I2-RED the most suitable choice for 
our study. 
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3.3.b.4.3 Methodology 

To address these data fragmentation challenges, the study employs two complementary methodologies: 

i. the Mann-Kendall test for detecting trends, combined with Sen’s slope for estimating their magnitude; 

ii. a distributed quantile regression. 

The Mann-Kendall test is a widely used non-parametric method that evaluates the statistical significance of 
trends, while Sen’s slope provides a measure of their magnitude. The MK is based on the ranking of 

observations, and not on their absolute values; being nonparametric it does not require assumptions on the 
distribution of observations. To obtain meaningful results, the analysis requires time series with at least 30 
years of data. No constraints on the possible presence of missing data or different periods covered is put in 
place. However, to maximize the number of usable time series, data from rain gauges located less than 1 
km apart were merged, selecting the maximum recorded value in cases of discrepancies. This preprocessing 
step increased the number of usable time series from 1,562 to 1,614, enabling a more comprehensive 
analysis. Quantile regression, a robust method for analyzing trends across different quantiles rather than 
focusing solely on the mean, was employed to address issues of data fragmentation and variability. This 
approach allows for the examination of trends in the median (0.5 quantile), as well as in higher quantiles 
such as the 95th (0.95) and 99th (0.99) percentiles. By pooling data within specific spatial areas, quantile 
regression overcomes limitations caused by fragmented time series and allows for consistent analysis across 
the country. The analysis uses grid resolutions of 10, 20, and 25 km, with data pooled from circular areas 
with radii of 1.5 to 3 times the grid size. This method ensures that trends are assessed using a consistent 
time window (1960–2022) across all regions, enabling direct comparison of results. The chosen timeframe 
aligns with other European and national-scale studies, facilitating broader comparisons (Blöschl et al., 
2019; Persiano et al., 2020; Bertola et al., 2021). 
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3.3.c Enhanced methodology for analyzing forest fires impacts on 
network CI and on slope instability 

3.3.c.1  Probabilistic risk assessment for isolated areas in connection to forest fires 

Critical infrastructure – especially electricity networks and roads – are highly vulnerable to climatological 
threats and especially forest fires (Sfetsos et al., 2021). In this context, we analyse direct and indirect effects 
of forest fires on critical infrastructures according to two main processes: 

i. the effects of the fire on road networks in terms of disruptions or temporary lack of functionality, with 
the aim of analyzing the indirect effects in terms of risk of isolation for rural/remote areas; 

ii. the modifications induced by forest fires on the mountain environment, and the consequent 
modifications in hydrological risk conditions that could affect critical infrastructures. 

3.3.c.1.1 Introduction 

In this activity, we aim to identify, with a probabilistic approach, those areas (e.g. small towns) that can remain 
potentially isolated because of forest fire events. 

From the methodological point of view, the problem is analogous to the one analysed and described in D.3.1.1 
for flood events; therefore, many similarities are present in the two formalizations. The problem of 
identifying the potential isolation of (small) areas in connection to natural events is already well recognized; 
usually, it is studied in the context of the potential impacts of single events using classical approaches of 
network analysis (Taylor and Susilawati, 2012; Alasia et al., 2017). However, up to date we are not aware 
of studies that address the problem of isolation (that involves road functionality analysis) from a 
probabilistic point of view. The true value of probabilistic risk assessment (PRA) is often misunderstood, 
primarily because it is perceived as a complex and challenging method to implement and interpret. This 
complexity can create communication barriers when presenting results. However, a probabilistic risk profile 
should be viewed as a diagnostic tool, providing critical insights into potential hazards and their 
consequences. These profiles encompass all possible risk scenarios within a given geographical area, 
accounting for both low-frequency, high-impact events and high-frequency, lower-impact events. They 
quantify the probability of occurrence while incorporating all components of the risk equation—risk = 
hazard × exposure × vulnerability—along with their variability and associated uncertainties. Crucially, 
PRA also considers events that have never been recorded but could arise under future climate projections. 
This capability is particularly significant as climate change increases uncertainty about hazard patterns. By 
calculating worst-case scenarios, societies can better prepare for potential impacts. In this context, 
probabilistic analysis emerges as the only viable method to address such uncertainty in a practical, 
quantitative manner. For these reasons, this methodological paper presents the formalization of an approach 
for introducing the evaluation of isolation of remote areas in connection to forest fire events in the 
framework of probabilistic risk assessment. The methodological approach presented here is in line with the 
one described in activity D.3.1.1 for flood events. Differences arise in the approach for scenario generation, 
in the identification of areas that can be considered as homogeneous from the potential impact point of 
view, and in the integration of the vulnerability component. This work will start from summarizing the 
main characteristics of PRA; then, a possible decomposition of the isolation problem will be introduced, 
designed for its integration on the PRA framework. 

3.3.c.1.2 The Forest Fires Probabilistic Risk Assessment (PRA) framework  

In this activity we want to assess risk for isolated areas in a probabilistic way: to perform a scientifically sound 
probabilistic study it is necessary to produce a set of scenarios that result in a collectively exhaustive and 
mutually exclusive sample. Aim of the forest fires scenarios generation is the simulation of all the possible 
events that can affect different areas of the region/country with different intensities. The methodology for 
scenarios generation that is used in this project is based on a consolidated approach already applied and 
tested in several countries in Africa (e.g., Rudari et al., 2019; CIMA Research Foundation and Internal 
Displacement Monitoring Centre, 2024; Trasforini et al., 2024) in this case adopted and modified to assess 



 

30 
 

forest fires. The scenario generation process consists of two components: the first one is the event definition 
and selection and the second one is the probabilistic events generation. Events are selected where 
meteorological conditions could lead to the development of a wildfire. The meteorological variables 
considered are wind speed and relative humidity, as provided at the scale of the climate model. To simplify 
and optimize risk calculation, the spatial domain is divided in homogenous areas from a hazard point of 
view (HHAs).  The event selection is based on a consolidated approach that balances the need of capturing 
small scale events and the limited computational resources during the generations process. The event 
selection process is able to identify localized events affecting only one or few HHAs and more distributed 
ones affecting several HHAs contemporary. These events are the basis for the probabilistic scenarios’ 

generation.  The methodology that CIMA Foundation uses for the events generation relies on a multivariate 
statistical approach that takes in input the selected independent events and, by preserving their spatial 
correlation, it is able to simulate events not yet observed both in terms of intensities as well as geographical 
distribution. The approach used for the events generation covers all the possible range of intensities and 
spatial dependencies and assures that: 

• the spatial correlation of small- and large-scale events is preserved in the simulated event set; 

• the statistical properties of the observed events at each location is preserved in the simulated event set.   

The probabilistic approach applied for the scenarios’ generation is based on a probability domain perturbation 

of the selected events via a multivariate gaussian distribution and uses a gaussian transformation in the 
probability domain to improve the representation of the tail dependencies and overcome boundary issues: 
this approach allows to capture and describe very well the correlation between the different HHAs but, at 
the same time, the scenario generation allows to simulate events that never occurred but may occur in the 
future. The strength of this approach is linked with the capability of the scenarios modelling of preserving 
the statistical properties of what has been observed, on one side, but going beyond that, on the other side. 
The output of the scenario generation process is an event catalogue covering thousands of years providing 
information on climate conditions able to lead to the development of a wildfire. This event catalogue is 
then merged with the forest fire hazard map. This map is obtained as a combination of two elements: the 
wildfire susceptibility map, defined as the static probability of experiencing wildfires in a certain area, and 
fuel information. Fuel type maps can be defined starting from common land cover/land use maps; further 
details on the elements described in the following can be retrieved in (Fiorucci et al., 2024) Four fuel types 
(Table 2) are retrieved with the purpose of discriminating the potential fire behavior given the land cover 
characteristics.  

Table 2.  Fuel type of classification and empirical association with the potential intensity. 

 

The wildfire hazard map is obtained combining susceptibility and fuel information using a contingency matrix. 
The drafted contingency matrix reported below allow (Figure 10) to define six levels of hazard from very 
low to extreme.  

 
Figure 10. Contingency matrix for defining the wildfire hazard levels. 
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An example of wildfire hazard map is shown below (Figure 11) for Western Balkans and Turkey. 

 
Figure 11. Example of wildfire hazard map (Fiorucci et al., 2024). 

When climate conditions, provided by the event set catalogue, are capable in one or multiple HHAs to lead to 
a forest fire, it is possible to assess the impact that such fire can have on the exposed elements using 
vulnerability curves. Each exposure category has its own characteristics (physical, structural, etc.) thus they 
can be affected in a different way from a wildfire characterized by the same severity level. This implies 
using different vulnerability function depending on the asset and hazard level. An example of vulnerability 
table for physical infrastructure is shown in Table 3. 

Table 3. Example of vulnerability table for physical infrastructure. 

 

For each event included in the event catalogue it is possible to estimate direct losses that can be used to assess 
classical risk metrics (e.g., AAL and PML). In this activity the goal is to move from direct impacts to the 
road network to impacts to road network functionality. A description of the methodological approach to go 
from direct to indirect impacts is provided in the next session. 

3.3.c.1.3 Sub-problems at network level and formalization of the approach   

Road networks are a critical component of Critical Infrastructure (CI), essential for the transport of goods, 
people, and services. Recognizing their importance, international frameworks such as the Sendai 
Framework for Disaster Risk Reduction, the EU Commission's infrastructure initiatives, and the COP26 
agreements emphasize minimizing damage to CI and ensuring service continuity. 

Key elements for analyzing road networks as CI include: 

1. Structural Element: Examines physical damage to components like bridges and tunnels. 

2. Functional Element: Focuses on operational performance and disruptions to travel. 

3. Topological Element: Assesses network connectivity and resilience during failures. 

4. Logical Element: Investigates dependencies and how disruptions propagate. 

5. Dynamic Element: Considers temporal changes due to construction, urban development, or disasters. 

For isolated locations, it is crucial to evaluate the network's ability to maintain connectivity and functionality 
under specific hazardous events. The process involves addressing the following sub-problems: 
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- Identification of potentially isolated locations, based on the road network analysis. 

- Identification of centroids representative of service providing locations 

- Identification of optimal paths between pairs of origin and destination nodes 

- Assessing the Impact of Road Segment Loss on Network Connectivity and Functionality 

- Inclusion in the probabilistic risk assessment process 

The first three steps are not tied to any specific hazardous event, as they concentrate on defining and 
characterizing the road network. These steps are consistent with those outlined in Deliverable 3.1.1, which 
focuses on the impact of river floods. For a more detailed explanation of these preliminary steps, refer to 
the methodological report in D.3.1.1. In this context, we provide only a brief summary to avoid redundancy 
and ensure clarity. 

Identification of Potentially Isolated Locations (o): 

The identification of isolated locations using road network analysis involves assessing areas that exhibit limited 
connectivity and accessibility. Literature presents various approaches to defining and measuring isolation 
(Taylor et al., 2012, Alasia et al., 2017). Our analysis aims to pinpoint localities that are intrinsically poorly 
connected within the road network while hosting a resident population.  

These are nodes (o = 1, …, O, O ⊆ N) in the road network graph G = (N, A), where N represents nodes and A 
represents arcs. The focus is on population centers with limited connectivity, identified using metrics like 
the remoteness index or network-based measures. 

Identification of Service-Providing Locations (d): 

Service centers (d = 1, …, D, D ⊆ N) are defined as nodes in the network that attract or serve local populations. 
Metrics like the Population Weighted Index and Opportunity Weighted Index are used to quantify 
accessibility to these service centers (Wachs and Kumagai, 1973; Chen et al., 2015; Papilloud et al., 2021). 

Determination of Optimal Paths: 

Connections between origin (o) and destination (d) nodes are analyzed using the k-shortest paths 
(𝑃𝑜,𝑑

𝑘 , k=1,…,K), which represent the K most efficient routes between pairs of nodes. The analysis employs 
a generalization of Dijkstra’s algorithm (Dijkstra, 1959) to compute these paths, enabling the identification 
of alternative routes and redundancy in the network. The analysis focuses on the subset of the network 
composed of the K-shortest paths for each origin-destination pair. Disruptions to these paths because of 
forest fire events are evaluated to measure their direct and indirect effects on network performance. In the 
context of probabilistic risk assessment (PRA), direct impacts are typically evaluated using fragility or 
vulnerability curves/functions. These models are essential components of disaster risk assessments, as they 
link hazard intensity to the potential extent of damage or loss. A review of existing functions is behind the 
scope of this paper; nevertheless, we can assume that proper models for the area under analysis can be 
identified for forest fires, like the one introduced in Section 3.3.c.1.2. We evaluate direct impacts at the 
level of homogeneous hazard area (HHA), identifying with y = 1, …, Y the generic homogeneous hazard 
area, we can indicate as   

𝑃𝑜,𝑑
𝑘,𝑦            (3.3.5) 

the set of road links belonging to the k-shortest path between origin o and destination d, localized within 
homogeneous hazard area y. When considering a specific scenario event, characterized in terms of hazard 
level for each location, we can apply the proper vulnerability function and obtain a further sub-set of links, 
namely: 

(𝑃̅𝑜,𝑑
𝑘,𝑦

)
𝑒
           (3.3.6) 

the set of road links belonging to the k-shortest path between origin o and destination d, localized within 
homogeneous hazard area y and that are non-negligibly damaged by the event e. In addition, let’s define: 

𝛿(𝑖,𝑗)
𝑦,𝑒

=  {
1 𝑖𝑓 (𝑖, 𝑗) ∈  ⋃ ⋃ (𝑃̅𝑜,𝑑

𝑘,𝑗
)

𝑒𝑜,𝑑𝑘

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
       (3.3.7) 
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a Boolean variable assuming value equal to 1 if the arc (i,j) belonging to set A is part of any of the K shortest 
paths between origin o and destination d, it is localized homogeneous hazard area y and it’s non-negligibly 
damaged by the event e. 

A synthetic indicator of direct impacts at homogeneous hazard area y for the generic event e can be defined 
as: 

𝐷𝐼𝑒
𝑥𝑦

= ∑ 𝛿(𝑖,𝑗)
𝑦,𝑒

(𝑖,𝑗)∈𝐴          (3.3.8) 

In road network analysis, the impacts of an event are not confined to the footprint of physical damage but 
extend to broader connectivity disruptions. Therefore, it is crucial to explicitly account for these 
connectivity impacts using appropriate methodologies and metrics derived from network analysis. 

The concept of centrality, initially developed in social sciences, is particular useful in this context; 
conceptually, centrality measures how central an individual is positioned in a social network (Peng et al., 
2018). Several metrics for measuring centrality have been proposed in literature, as for instance 
betweenness and closeness. Betweenness centrality quantifies the frequency with which a node or edge 
falls on the shortest paths connecting other pairs of nodes in the network. Such a metric highlights critical 
points in the network whose disruption could significantly impact overall connectivity (Freeman, 1977). 
Closeness centrality, on the other hand, measures the average distance (in terms of the number of edges or 
their length) from one node to all other nodes in the network. It provides insights into how efficiently a 
node can access other parts of the network, emphasizing its role in maintaining overall connectivity. An 
overview on betweenness and closeness can be found in Bozzo and Franceschet (2013) and Newman 
(2010). For each vertex in the network, both betweenness and closeness centrality can be calculated to 
identify vulnerabilities and critical nodes. This approach helps to assess the cascading effects of disruptions 
beyond the physical damage area, offering a more comprehensive understanding of the event's impact on 
the road network. Let’s define: 

𝑐𝑖   ∀𝑖 ∈ 𝑁           (3.3.9) 

a value representing betweenness or closeness centrality of node i. A synthetic index representing the loss 
of connectivity for a generic event e for a homogeneous hazard area y can be defined as in the following: 

𝐶𝐿𝑒
𝑦

= ∑ 𝛿(𝑖,𝑗)
𝑦,𝑒

(𝑖,𝑗)∈𝐴 ∙ 𝑐𝑖 ∙ 𝑐𝑗         (3.3.10) 

Assuming that the k paths between each pair of potential origins and destinations are sufficiently representative 
of the actual connection between the corresponding locations, the non-functionality of one or more of these 
paths indicates possible isolation. Under the assumption that: 

𝜇𝑜,𝑑
𝑘,𝑦,𝑒

= {
1 𝑖𝑓 𝑃𝑜,𝑑

𝑘,𝑦
≠ 0   

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
         (3.3.11) 

That is, it takes the value of one only when, within the homogeneous hazard area y, there are links belonging 
to the k-shortest path that connects the pair (o, d). 

𝛾𝑜,𝑑
𝑘,𝑦,𝑒

= {
1 𝑖𝑓 𝑃𝑜,𝑑

𝑘,𝑦
≠ 0 𝑎𝑛𝑑 (𝑃𝑜,𝑑

𝑘,𝑦
)

𝑒
≠ 0  

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
       (3.3.12) 

That is, it takes the value of one only when, within the homogeneous hazard area y, there are links belonging 
to the k-shortest path that connects the pair (o, d), and at least one of these links is damaged by the effects 
of event e within the same area. 

The isolation index associated with a generic origin O, as a function of the effects of an event e within the 
homogeneous hazard area y, can be defined as: 

𝐼𝐼𝑜
𝑦,𝑒

= {

∑ ∑ 𝛾𝑜,𝑑
𝑘,𝑦,𝑒

𝑑∈𝐷
𝐾
𝑘=1

∑ ∑ 𝜇
𝑜,𝑑
𝑘,𝑦,𝑒

𝑑∈𝐷
𝐾
𝑘=1

 𝑖𝑓 ∑ ∑ 𝜇𝑜,𝑑
𝑘,𝑦,𝑒

> 0𝑑∈𝐷
𝐾
𝑘=1

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

      (3.3.13) 
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If the set of impacted links has a non-empty intersection with  , we can assume that such a path is no 
longer usable; consequently, the connection between o and d will be reduced, up to the extreme case where 
none of the k-shortest paths connecting o and d are functional. 

The fraction of functional paths serves as an index of potential reachability (indirect impacts).  

Integrating this type of network analysis, which captures both the direct and indirect impacts of forest fire 
events, into a Probabilistic Risk Assessment (PRA) framework allows to assess traditional risk assessment 
metrics, such as the Annual Average Loss (AAL) and the Probable Maximum Loss (PML). 

Specifically, this approach enables the calculation of the annual average loss of connectivity and functionality 
at various geographic scales, including provincial, regional, and national levels. Furthermore, it offers a 
detailed assessment of losses associated with specific return periods, such as 5, 10, or 25 years. By 
quantifying these metrics, stakeholders gain a comprehensive understanding of the systemic effects of forest 
fires on infrastructure networks and can identify critical locations where disruptions could significantly 
increase isolation risk. 

3.3.c.1.4 Conclusions 

The present study focuses on identifying areas, particularly small towns, that may become isolated due to forest 
fires, using a probabilistic risk assessment (PRA) approach. It builds on methodologies previously 
developed for flood events (Deliverable 3.1.1) while introducing refinements specific to forest fires. PRA 
is emphasized as a diagnostic tool for understanding hazards, integrating the probabilities of occurrence 
with exposure, vulnerability, and climate-change-related uncertainties. The objective is to incorporate 
isolation risks within the PRA framework by developing a formalized methodology, enabling a quantitative 
analysis to enhance societal preparedness.  

The methodological coherence in the event generation for PRA, and in the inclusion of network analysis 
elements, both for floods and forest fires open the floor to the possibility to develop a multi-hazard 
framework. A first step in this direction is the possibility to use coherent metrics, like AAL and PML, for 
both tha hazards, even if they are treated as indipendent. In addition, the scenario generator that is at the 
basis of the PRA allows for a wider integration of the two hazards, starting from the scenario generator: a) 
by considering the same climate model as direct input for the scenario generator for forest fires and as input 
for the hydrological modelling for floods b) by using the scenario generator for defining a set of multi-
hazard event, as in CIMA Research Foundation et al. (2023). 

3.3.c.2 New method for wildfire hazard mapping and consequent hydrological risk 
management 

3.3.c.2.1 Introduction 

The activity of the subtask is aimed at studying landslides hazard in relation to forest fires, by taking into 
account the modifications induced by forest fires on the mountain environment (e.g., loss of vegetation 
inducing erosion phenomena, modification of the soil infiltration rate). To this end, it is essential to define 
the timeframe for the restoration of pre-fire conditions and assess the stability of the affected area during 
this restoration period. 

The activity is divided into three lines: 1) identification of areas recently affected by fire by means of remote 
sensing techniques and assessment of the relative magnitude, possibly also through integration with existing 
forest fires static risk mapping; 2) experimental analyses in the laboratory to study - by means of controlled 
fire tests - the variation of hydrogeological parameters in the terrain; 3) use of literature models to verify 
the stability of slopes in burnt areas. The overall objective is to develop a dynamic hydrogeological model 
that allows the thresholds for the triggering of landslide phenomena in burnt areas to be defined, considering 
the variation of the hydrogeological characteristics of the site during the period of restoration of initial 
conditions. On the basis of this model, new EWSs will also be defined that take into account the legacy of 
the forest fire. 
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3.3.c.2.2 Literature and remote sensing analysis of area recently affected by wildfires 

Among the different types of landslides, shallow landslides and debris flows are the most influenced by climate 
changes, as their triggering is related to a rainfall regime and a particular predisposing factor expected to 
increase with the global temperature rise is the wildfire occurrence. Several scientific studies demonstrate 
the variation of slope stability after wildfires, highlighting also how this problem could increase in the 
future because of the climate change. For instance, Huang et al. (2015) showed that the occurrence of 
wildfires is highly sensitive to fire meteorology (such as temperature, precipitation, and relative humidity), 
vegetation type and coverage, as well as anthropogenic ignition sources. In specific, the authors investigate 
the potential impacts of climate change on wildfire frequencies over the period of 2000–2050 and 
demonstrate that the fire frequencies under the 2050 conditions would be projected to increase by 
approximately 27% globally relative to the 2000 levels. Significant increases in fire occurrence will be 
calculated over the Amazon area, Australia and Central Russia, while Southeast Africa will show a large 
decreasing trend due to significant increases in land use and population. In a different location, in a 
Mediterranean locality of NE Spain, Pinol et al, 1998 calculated two wildfire hazard indices based on daily 
meteorological data for a period from 1941 to 1994 and both increased as a consequence of increasing mean 
daily maximum temperature and decreasing minimum daily relative humidity. Cannon et al., 2009 showed 
that the increasing urbanization of the western USA (in specific southern California and the intermountain 
west of the USA), combined with the increased wildfire magnitude and frequency, provoke an increase of 
debris-flow occurrence. Parise et al., 2012 identified two primary processes for the initiation of fire-related 
debris flows: the first was the runoff-dominated erosion by surface overland flow and the second 
infiltration-triggered failure and mobilization of a discrete landslide mass. They studied a Mediterranean 
area in Western USA and stated that surficial landslide failures in burned areas most frequently occur in 
response to prolonged periods of storm rainfall, or prolonged rainfall in combination with rapid snowmelt 
or rain-on-snow events. Doerr et al. (2006) studied the effects of different fire severities on soil water 
repellency in eucalypt forest catchments in the Sandstone Tablelands near Sydney, burnt in 2001 and 2003. 
Their results demonstrate that existing fire severity classifications are not well suited to predict fire impacts 
on soil hydrological responses and highlight the need for a new fire severity evaluation scheme. A scheme 
encompassing not only foliage and ground cover status, but also changes to surface and subsurface soil 
hydrological properties, would provide a better prediction of the immediate hydrological effects of wildfires 
on catchments such as flash flooding and erosion. Giannaros et al. (2023) highlighted that fire weather is 
one prominent driver of fire activity and the relationship between fire weather extremes and burned area in 
Europe revealed that the number of extreme fire weather days per year correlates positively with the annual 
burned area over most of the study domain. Their analysis revealed that, at the regional scale, significant 
change-points occurred around the late 1990s and mid-2000s in the Mediterranean, marking an abrupt rise 
in the median of extreme fire weather days per year. 

As for the case studies discussed above, the relevance of the wildfire research for mountainous environments 
in temperate climatic areas, such as the Alpine region, is clear. Abbate et al. (2019) used a hydrological 
model to assess wildfire impacts on slope stability, comparing results with existing stability thresholds. 
Case studies in Italy (Ardenno, Province of Sondrio) and Switzerland (Ronco sopra Ascona, Locarno 
district) showed that post-fire conditions drastically reduce soil water absorption, making slopes more 
vulnerable to even light rainfall events. The results quantitatively indicated how the post-fire circumstances 
strongly modify the ability of the terrain to absorb rainfall water; this resulted in a persistently drier terrain 
until a corner point is reached, after which the stability of the slope could be undermined by a rainfall event 
of negligible intensity. Conedera et al. (2003) simulated with a good degree of reliability the debris flow of 
28 August 1997 which occurred in the Riale Buffaga, a torrent channel in the territory of the village of 
Ronco s./Ascona (Ticino, Switzerland) and early quantifies the possible consequences of a forest fire in 
terms of territorial safety. Hyde et al. (2016) provided a summary of the present knowledge of the processes 
involved in this postfire debris flow hazard cascade and identified uncertainties in terms of knowledge gaps, 
contradictions in current process understanding, stochastic system variables, and limits to data to support 
hazard prediction. 

The urgency of an in-depth analysis of landslide triggering after 28 wildfires arises in relation to the different 
characteristics of newly affected regions in terms 29 of vegetation, soil composition and climatic regimes. 
Wildfires have been widely recognised as a preliminary stage of a ripple effect that starts from the reduction 
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of vegetation coverage and often leads to a higher chance of slope instabilities (Cannon et al., 2009; Parise 
et al., 2012). The relationship between rainfall and soil hydrological response grows more intricate as the 
water balance alters with burning. The disruption of canopy interception influences a significant reduction 
of evapotranspiration, with a heightened solar radiation at ground level (Greppi, 2005), and a higher net 
rainfall amount that reaches the soil enhancing erosive processes (Doerr et al.,2006; Abbate et al., 2019; 
Rosso et al., 2007). The cumulative effect results in increased runoff, coupled with an accelerated velocity, 
due to the factors and the loss of terrain surface roughness. Additionally, infiltration capacity experiences 
a modification due to the pore clogging caused by ash deposition (Hyde et al., 2016) and the alteration of 
natural soil water repellency, as observed by many authors (Doerr et al.,2006; Larson-Nash et al., 2018). 
Depending on severity and duration of the fire, a shift of some centimetres down of this hydrophobic layer 
may occur (Doerr et al.,2006). As a result, the superficial burnt layer becomes wettable, and the layer below 
becomes impermeable. This leads to the potential for rapid saturation in the topsoil, which may evolve into 
a shallow landslide (Parise et al., 2012; Rengers et al., 2020). Considering the dynamic nature of the post-
fire environment, the assessment of possible slope instabilities should account for different recovery timings 
of vegetation species and possible interactions among phenomena (Stoof et al., 2012; Shakesby, 2011). In 
the case of burned slopes, the absence of vegetation and the burning of the soil represent two novel elements 
compared to the classical slope stability problem. 

3.3.c.2.3 Field case description 

The study focuses on an Alpine wildfire case to derive the impact on the hydrological conditions of the slope 
at different scales, and to evaluate the recovery time of soils to pre-fire conditions. Soil burning conditions 
and their evolutions were monitored after the wildfire over the span of three years by field surveys and by 
remote sensing analyses. The study area is located in Sorico municipality (province of Como), northern 
Italy, in Central Alps (Figure 12). Here, a wildfire event took place from the 30th December 2018 to the 17th 
January 2019, burning an approximative area of 1 km2. The burnt area is on a watershed exposed to south 
at an elevation around 1000 m asl. The area presents coniferous woods in the less steep part of the slope, 
and grasslands and shrubs where the slope is steeper (> 25°). Considering the geological setting, the area is 
covered by glacial deposits from the Last Glacial Maximum and by recent colluvial deposits. The regolith 
has a heterogeneous granulometry and has an average thickness of one meter. The outcrops consist of gneiss 
from the zone of Bellinzona-Dascio (BD), a high-grade metamorphic unit, composed by different types of 
gneisses, minor marble lenses, amphibolites and ophiolitic rocks. 

Several analyses with different working scales (from large to small) were carried out in this area: starting from 
remote sensing analysis to field and laboratory tests on different sample of soil collected in-situ. Sentinel-
2 images from the European Copernicus mission were implied for remote monitoring of the study area. 
Remote sensing allows burnt areas to be identified at larger scales throughout indices based on vegetation 
reflectance. Also, it enables to estimate fire severity, which is often difficult to derive because the 
temperatures reached are normally unknown and to investigate large areas, with a high temporal resolution 
and low cost, is not easy. Field test related to falling-head infiltration tests were performed to investigate 
also the soil hydrological properties of the three areas over time. At the same time, the collection of some 
sample of the un-burned and burned soil allowed to carry out different laboratory test by means of landslide 
and fire simulators. 
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Figure 12. Location of the study area and of the three sub-areas identified for monitoring (B is burnt woods, G is burnt 
grassland, Ub is unburned woods). Fire severity is also displayed as the difference of NDVI before and after the 

wildfire, according to Chafer et al. (Chafer et al., 2004). 

3.3.c.2.4 Remote sensing analysis 

The area monitored in Sorico was distributed over two different vegetation sub-areas inside the former wildfire 
perimeter, one characterized by burnt conifer woods and the other by grassland; the third monitored sub-
area was in a conifer woods, located outside the burnt area. The remote sensing analysis was performed 
through different remote sensing indices, computed from Copernicus Sentinel-2 raw bands (complete list 
in Table 4). These indices mainly consider spectral bands that refer to living vegetation characteristics (e.g. 
chlorophyll absorption peaks, the integrity of leaf cell structure, or the decrease of leaves water content 
related to the burning of vegetation). Specific indicators of fire occurrence were also considered, as the 
Normalized Burn Ratio (NBR) and as the Burned Area Index (BAI), which is related to charcoal presence 
on the ground. Fire severity and its change over time was also estimated, considering the difference of 
NDVI and NBR indices before and after fire, following Chafer et al. (2004) classification. Initial fire 
severity is shown in Figure 12. Sentinel-2 images were selected considering favourable meteorological 
conditions, with a maximum cloud coverage of 30%, and without snow cover, in order to avoid alterations 
in the moisture evaluations. 
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Table 4. Remote sensing indices taken into account for the burnt recovery analysis, referred to Sentinel-2 spectral bands 
(B3 is Green, B4 is Red, B8 is Near InfraRed, B8A is Narrow NIR, B11 and B12 are Short-Wave InfraRed). 

 

3.3.c.2.5 Experimental analysis: field test execution 

Falling-head infiltration tests were performed to assess post-fire infiltration capacity of soils in the three sub-
areas, and their potential change over time. The tests were carried out using a single ring infiltrometer and 
a double-ring infiltrometer (Figure 13). The single ring infiltrometer was a plastic tube with a diameter of 
12 cm and a height of 100 cm. The double-ring apparatus was composed by two stainless steel cylinders 
with a height of 15 cm and diameters of 30 and 60 cm. The main advantage of this kind of test is the low 
cost, particularly for the plastic single-ring infiltrometer. Falling-head method was preferred to the constant-
head method because of the lack of water supply in the nearby of the study area, given that falling-head 
tests require less water. The test procedure consisted in pouring water into the infiltrometer, and then 
measuring the variation of the hydraulic head over time. The obtained infiltration rate was corrected to 
exclude lateral flow divergence component by single-ring tests results, measuring the distance of lateral 
wetting as in (Bouwer, 1999). The resulting data of infiltration velocity versus test time are infiltration 
curves that follow the exponential model from Horton (Horton, 1941). 

𝑓 = 𝑓𝑐 + (𝑓0 − 𝑓𝐶) ∙ 𝑒−𝐾𝑓𝑡         (3.3.14) 

where fc is the field capacity, the asymptotic value of infiltration rate that is related to saturated hydraulic 
conductivity, f0 is the initial infiltration rate, which is inversely proportional to the initial soil moisture, and 
K is a decay constant. 

The obtained field infiltration rates were fitted to the following simpler exponential equation, where a is the 
difference between f0 and fc, and b corresponds to the decay constant K of Horton’s model: 

𝑉𝑖𝑛𝑓 = 𝑎 ∙ 𝑒−𝑏𝑡          (3.3.15) 

These fitting coefficients, a and b, and an approximated fc value, considered as the infiltration rate value at 
4000 s, were evaluated for the three zones over time. 
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Figure 13. Single (a) and double (b) ring infiltrometers used to perform falling head infiltration tests in Sorico. 

Hydraulic conductivity was also estimated as in the Lefranc infiltration test procedure (Norme Français, 2000). 
Moreover, during the first survey (October 2019), burnt and unburnt soil samples were collected to evaluate 
their saturated hydraulic conductivity in laboratory, using a falling-head permeameter (Olson et al., 1981). 
Relations between all the parameters measured on the field over time (a, b, fc, k) and some meteorological 
variables (cumulative rainfall of the ten and twenty days prior the survey, solar radiation, temperature and 
relative humidity) were also investigated by factor analysis (principal components analysis method) (Bro 
et al., 2014). 

3.3.c.2.6 Experimental analysis: laboratory test execution 

Focusing on a more detailed working scale, different laboratory tests were carried out on soil sample collected 
in Sorico study area. In specific, downscaled landslide simulators that are used in a controlled laboratory 
environment allow to mimic real-world slope conditions and simulate various landslide scenarios by 
applying different conditions (Wang et al., 2001, Wu et al., 2015). These experiments represent a good 
strategy to analyse better the influence of the different triggering and predisposing factors to land sliding, 
such as precipitation intensity and slope. A series of downscaled rainfall-induced landslide simulations 
were performed with a custom-built simulator where the reclinable surface hosting the material for tests 
has a size of 2 x 0.8 meters and can be inclined up to 45° (Figure 14). A geogrid positioned at the base of 
the flume serves to enhance traction between the inclined surface and the material susceptible to landslides. 
The structure incorporates a system of four sprinklers designed to emulate rainfall at diverse intensities, 
with each nozzle capable of delivering up to 20.6 mm/h. These sprinklers are arranged in two parallel rows 
on the structure’s top, positioned at a height of 0.6 meters. The distribution of rainfall spray is regulated to 
be uniform. A pressure reduction valve governs the discharge from the sprinklers and the rainfall intensity 
can be determined by referencing the pressure-discharge characteristic curve supplied by the manufacturer. 
This experimental setup provides a controlled environment to investigate the influence of varying rainfall 
intensities on slope stability, with the geogrid and inclined surface interacting with landslide-prone material. 
The precise adjustment of simulated rainfall is facilitated by the pressure-discharge characteristic curve, 
ensuring accurate measurement and control of the experimental conditions (more details of landslide 
simulator are provided in Ivanov et al. (2020) and Longoni et al. (2022) studies). The simulator was outfitted 
with a range of monitoring instruments to provide real-time and comprehensive information on parameters 
such as water content, infiltration, pore water pressure, and degree of saturation. The analysis of these 
parameters enables a detailed assessment of the progression of infiltration, filtration, and fracture formation 
processes leading up to collapse. During the tests, the following monitoring tools were employed:  

-        Time – Domain Reflectometer (TDR)Sensor: Installed for continuous calculation of volumetric 
water content. 
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-       Tensiometers: up to three devices were utilized to calculate pore water pressure. 

In addition to these techniques, geophysical and photogrammetric approaches were employed to cross-
compare the information gathered from the sensors. The downscaled landslide body was reconstructed by 
loading material onto the simulator in three 5-cm-thick layers, compacted to approximately 15 cm thick 
(with variations depending on the material type), and adopting a trapezoidal shape as illustrated in the 
Figure 4.  

 
Figure 14. Landslide simulator setup. 

The experiments involved different types of the previous collected materials, in fact, tests with un-burnt and 
burnt soil were compared with tests carried out with homogeneous sand. This comprehensive monitoring 
and testing approach provides valuable insights into the dynamic processes leading to landslide collapse. 
Other typology of tests carried out in laboratory deals with fire-controlled test on soil samples. In specific 
samples of soil are included in a steel cylinder with diameter lower than 50 cm and height of approximately 
50 cm, with a vertical lateral opening. Thermocouples are installed every 10 centimeters. The time duration 
of test is approximately 20 minutes and different target temperatures can be settled into the little hoven (i.e. 
150°C, 300°C, 400°C). Similar tests can be carried out into the shock tube (Colombo et al., 2021), that is a  
rolled steel sheet with a lateral opening of 5 centimeters to look at the developing phases of ground during 
fire conditions and to carry out test on water repellency.  
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3.3.d Enhanced methodology for deriving drought effects on the water 
supply system 

3.3.d.1 Drought water service interruptions - Water supply management (reservoir 
management and integration of different sources) under drought conditions, including 
analysis of future scenarios of water availability and user demand 

3.3.d.1.1 Introduction 

An effective and integrated management of drinking-water resources requires the assessment of the impacts 
of water scarcity, related to periods of hydrological drought, on the use of the available sources.  
Mediterranean regions are facing more and more frequent water scarcity conditions and are destined to see 
a further intensification of the gap between water supply and demand in the coming years, due to a 
combination of climatic and anthropogenic factors. In a context of growing concern about the impacts of 
climate change and drought events on water availability, sustainable management of different drinking 
water sources is crucial to ensure the resilience of water supply systems.  

Under these circumstances, the implementation of numerical models of the water systems aimed to the optimal 
management of water supply reservoirs is of fundamental importance. During the last decades, significant 
scientific advances have been made, as reported in the most recent review papers (e.g. Beiranvand and 
Ashofteh, 2023; Dobson et al., 2019; Giuliani et al., 2021). Within the different categories of approaches 
for the optimal reservoir operation, the so-called “parameterization-simulation-optimization” (PSO, 

Koutsoyiannis and Economou, 2003) is one of the most common optimisation strategies (e.g. Giuliani et 
al., 2021; Zhang et al., 2017). Moreover, planning adaptation strategies for water supply systems in 
response to potential climate change impacts is essential (Felisa et al., 2022). In particular, it is important 
to evaluate the effectiveness of reservoir management rules, typically optimized based on historical hydro-
climatic variability, for meeting demand under future climatic stress conditions. To this end, several experts 
have tested the resilience of operational reservoir rules by forcing the system with an ensemble of regional 
climate scenarios (e.g. Mereu et al., 2016), while others have compared the results of optimizations 
conducted on historical or future hydro-climatic series (e.g. Beça et al., 2023; Zhang et al., 2017). 

A comprehensive planning process should not only consider expected changes in water availability due to 
climate change, but also potential variations in water demand, which are influenced by both climate and 
socioeconomic factors (and, of course, depend on the type of water use). Therefore, water demand analysis 
and modelling are also required, especially in areas characterised by strong seasonal consumptions (Toth 
et al., 2018, Cominola et al., 2023). 

A methodology for the optimal management of water supply reservoirs in a context of changing climate is here 
proposed. The approach is developed for water supply systems served by different water sources, i.e. water 
supply reservoir, rivers and groundwater. The aim is to understand how their exploitation varies as a 
function of both water demand (current and modelled for future scenarios) and water availability related to 
droughts conditions and optimise the withdrawal from the reservoir in order to be socially, economically 
and environmentally sustainable. Once applied, the framework can help to understand the link between 
hydrological droughts and the exploitation of the different surface and groundwater sources, providing the 
water managers with insights for short- and long-term planning. 

Even if the proposed methodological framework can be applied anywhere, here it is presented in reference to 
a test-case study. In particular, the approach is applied for the sustainable management of the water 
resources for drinking water supply in the Romagna region, through the optimisation of the withdrawal rule 
curves from the Ridracoli reservoir.  

The possibility to replicate the approach in other national and international water systems is supported by 
additional companion researches and by the tools developed within the framework of other Spokes (see 
Section 3.3.d.1.4). 
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3.3.d.1.2 Methodology 

The proposed methodological framework is represented in Figure 15. The essential data required as inputs (for 
more details see Section 3.3.d.1.3) are highlighted in grey drums, and include i) meteorological forcings, 
ii) historical water consumption and iii) historical water supply volumes, along with information on the 
reservoir (i.e. on spillways, outlets, level/volume/surface relationships, technical and legal constraints on 
the reservoir operation, etc.), and information on the water availability for the possible alternative sources 
in the water supply system. 

The first step of the approach consists in the set up of the simulation framework (yellow block in the figure), 
which is composed by two macro modules: i) the rainfall-runoff modelling of the basins feeding the 
reservoir(s) and ii) the model for the management of the entire system. The rainfall-runoff model, which 
simulates the hydrological processes leading to the transformation of precipitation into river runoff, is 
needed to estimate the inflows to the reservoir(s) and the discharges in correspondence of the river intakes 
(if any) where streamgauges (or reliable flow rating curves) are not available. Furthermore, its use is 
required to simulate the future streamflow, obtained when providing in input future climatic scenarios. 
Here, we propose the use of a lumped and parsimonious model structure which can be easily applied 
everywhere, since it requires minimum amount of input data (meteorological forcings exclusively). On the 
other hand, the reservoir-system model is necessarily case specific and requires the definition of reservoir 
operations: intake and release controls, as well as flood protection and maintenance protocols. Its level of 
detail and temporal resolution may depend on the available historical data and on the complexity of the 
system itself, and can be adapted to the specific case study. In general, while operational manoeuvres 
concerning intakes and releases depends on technical regulations and on the current state of the system (e.g. 
reservoir level), withdrawals are mainly driven by the water demand from the downstream water supply 
network and are treated separately, being the focus of the approach. 

In fact, one of the main goals of the methodology is the formulation of optimal withdrawal rule curves, as 
function of the system state variables, as for instance the reservoir level. Such process starts with the 
definition of the domain of the withdrawal rule curves, which primarily depends on the admissible 
maximum and minimum withdrawal volumes along the year (e.g. daily or monthly). While the maximum 
is typically related to the technical constraints of pipes and treatment plants, the minimum withdrawal 
volume represents such portion of demand which cannot be provided by alternative sources. Therefore, it 
depends both on the water demand from the customers served by the water supply network and on the 
potential of the alternative sources themselves. 

The green block of the diagram in the figure highlights the portion of the methodological framework which 
can be used for assessing the minimum withdrawal volumes from the reservoir. Historical data of water 
consumption are first analysed in order to define “critical” demand scenarios in the present scenario. In 

addition, historical data can be used to set up a water demand model forced climatic and possibly also socio-
economic variables and project the demand into the future, to simulate expected changes in the water 
consumption and future critical demand scenarios.  

At the same time, the potential (in terms of daily/monthly volumes) of the less sustainable and more energy 
demanding alternative water sources (such as wellfields and treatment of poor quality river water) serving 
the network have to be assessed. Depending on data availability and/or on the depth of system’s knowledge 

(e.g. expert judgment), such information can be extracted either from historical water supply time series, 
from numerical models or as function of solely technical constraints. Once critical water demand scenarios 
and the potential of the alternative sources are assessed, minimum withdrawal volumes can be derived 
taking into account the architecture and the technical constrains of the water supply network. 

Once upper and lower limits of withdrawal have been set, a functional form of the withdrawal rule curves as 
function of system state variables (e.g. function of the reservoir level) and their corresponding admissible 
domain are defined. Such domain and the form of the defined functional forms should of course take into 
account technical limits of pipes, channels, network and treatment plants (e.g. rapid changes in flow rate 
should usually be avoided). Such withdrawal rule curves are assumed to be defined by one or more 
parameters which can vary along the year (e.g. weekly, monthly or seasonally) and have to be optimised. 

The last step of the approach is the multi-objective optimisation of the parameters of the withdrawal rule 
curves, with the aim of i) maximizing the withdrawal volumes over the entire simulation period and, at the 
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same time, ii) minimizing “water deficit volumes”, defined as the volumes of resource that, although 

requested by the downstream network (in particular by such customers who are not served by alternative 
water sources), it is not possible to withdraw and deliver to the users due to lack of availability in the 
reservoir. 

The optimisation process may be performed multiple times for testing different scenarios by combining i) 
different meteorological forcings, provided as input to the simulation framework, and ii) different boundary 
conditions on water demand and on the potential of the alternative sources which influences minimum 
requests from the reservoir(s). In particular, withdrawal rule curves are optimised by forcing the model 
either with historical meteorological time series or with climatic future projections (GMC-RCM modelling 
chains), in order to take into account expected future climatic changes. On the other hand, different water 
demand scenarios may be used, as well as different boundary conditions on the potential of the less 
sustainable water sources, due for instance either to a decreasing water availability or to changes in water 
policies. 

The relative changes between the obtained optimal withdrawal rule curves for the different climate or demand 
scenarios can help to evaluate their impact on the reservoir management, while the historical and future 
pattern of withdrawal and deficit volumes that are provided as output of the modelling chain can help to 
improve water resource planning and to estimate future water stress on the different sources. In fact, if 
sufficient information on the past use of the alternative sources is available, the analysis allows to 
understand also how the exploitation of the different sources (i.e. reservoir, rivers and groundwater) varies 
as a function of both urban water demand (current and modelled for future scenarios) and water availability 
related to droughts conditions (see Toth et al., 2018). 

 

Figure 15. Methodological framework for the sustainable management of a water resource system, through the 
optimisation of the withdrawal rule curves from the reservoir(s). 

3.3.d.1.3 Required data 

As already mentioned, the level of detail of the modelling framework and of the boundary conditions is strictly 
related to data availability. Since in case of missing data assumptions have to be made, the collection of all 
possible data and useful information represents an essential preliminary phase of the approach. In the 
following, a list of all useful data and information is reported. 

Reservoir geometrical and hydraulic relationships 
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- level-volume curves (and their updates over time); 

- level-lake surface curves (and their updates over time); 

- flow rating curves of every outlet and spillway. 

Documents and information about the reservoir-system functioning 

Information about existing reservoir management rules, operative constraints on intakes, releases, outlet flows, 
environmental flows and their changes over time, allowed withdrawals. Additional information which helps 
the reservoir-system model set up can be also used, if available (e.g. operating and maintenance protocols, 
sediment management protocol and its evolution over time, flood control protocols, agreements with water 
utilities and/or irrigation consortia about seasonal withdrawal volumes, information on the work schedule, 
testing, sediment removal, etc. that could explain any anomalies in the data, information about past water 
shortages). 

Documents and information about the other water sources 

Information about source management rules, operative and technical constraints, environmental constraints, 
maximum allowed withdrawal volumes and their changes over time. 

Time series (at the finest possible time scale and for the longest possible observation period) 

Reservoir: 

- reservoir level; 

- discharges (volumes) from outlets and spillways; 

- withdrawal flows (volumes); 

- meteorological data (temperature, precipitation, wind, humidity, etc.);  

- “direct” basin (headwater basin closed at the dam) flows calculated through internal water balances; 

- other possible inflows (volumes) apart from the direct basin. 

Water demand: volumes provided to the users at all the delivery points across the drinking and/or irrigation 
water supply network. Information on the past and expected climatic (temperatures, rainy days, etc) and 
socio-economic (such as population, tariff, tourist fluxes) drivers for the water demand modelling. 

Additional water sources: withdrawals flows/volumes. 

3.3.d.1.4 Companion studies to enhance the replicability of the approach and connections 
with other Spokes 

Choice of the reference meteorological forcing datasets and regionalisation approaches for modelling the 
streamflow 

The rainfall-runoff transformation is one of the two macro modules of the simulation framework and it is 
needed to simulate the inflows into the reservoir(s) and the discharges in correspondence of the river intakes 
(if any) in any stream section that is either ungauged or poorly-gauged (since historical flow observations 
are unfortunately available only for a few stream sections). In many operational cases the rainfall-runoff 
modelling is thus the only way to obtain information on either past or future water availability in the water 
system.  

A crucial step in the rainfall-runoff modelling approach is the selection of the historical meteorological dataset 
both to be used i) as input to the rainfall-runoff models in the simulation framework and ii) as reference to 
validate climatic scenarios during the control period. In order to allow the proposed methodology to be 
replicated in multiple case studies over the country, the use of gridded meteorological products is 
convenient to enhance the replicability of the approach. However, the accuracy of such products varies 
considerably in space and time, and rigorous validation of these products is essential before their 
application. For this reason, a companion study was conducted (in cooperation with Spoke DS) for the 
large-scale evaluation of five national and international meteorological products, assessing their ability to 
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reproduce streamflow when used to force a hydrological model in a large set of basins in Northern Italy. 
For additional details, please refer to Sarigil et al. (2024). 

A second key issue is the application of rainfall-runoff models in totally ungauged basins, where no 
streamgauges (or reliable flow rating curves) are available. In such cases, rainfall-runoff modelling involves 
the regionalisation of the model parameters (e.g. He et al., 2011; Neri et al., 2020; Oudin et al., 2008), 
which cannot be calibrated and are transferred from one or more gauged basins, assumed to be 
hydrologically similar to the target (ungauged) catchments. Within the framework of the project, a 
regionalisation approach was implemented to assess water resource availability in small basins to support 
the planning an management of reservoirs for agricultural use (Neri et al., 2024). 

Use of VS1/DS national drought indicators to analyse the impact of water scarcity conditions on the water 
supply systems. 

For each considered climatic or demand scenario, the proposed methodology identifies “water deficit events”, 

i.e. water scarcity periods in which the reservoir(s) availability is not able to meet entirely the water demand. 
The timing and magnitude of such deficit events can be compared to different drought indicators in order 
to better understand how drought dynamics impact water availability and the exploitation of the different 
kind of sources. Within the scope of Spoke VS1 and Spoke DS, a national drought indicators database is 
being developed and made available on a dedicated web platform (WASDI). This will facilitate the 
identification of the past drought events all over the country, for a successive analysis of their impact on 
the water supply systems, since it may help to understand the link between hydrological droughts and the 
exploitation of the different surface and groundwater sources, providing the water managers with insights 
for short- and long-term planning. 

3.3.d.2 Water supply service interruptions: reservoir management under drought conditions 

3.3.d.2.1 Introduction 

Reservoirs are a crucial component of water resource systems, ensuring a reliable and secure water supply for 
domestic, industrial, and agricultural uses (Huang et al., 2024). However, extreme weather events, such as 
prolonged droughts and floods, are becoming increasingly challenging for their management, threatening 
not only storage capacity but also the availability of safe water, which is essential for public health, 
economic development and wellbeing (Khazaei et al., 2024; Lebu et al., 2024; Mujtaba et al., 2024; Rong 
et al., 2024). The increased variability of watercourses and the increasing consumption of water determine 
increased understanding on the role of design and operational choices in balancing short-term regulation 
and long-term compliance. Multi-purpose reservoir storage helps control hydrological variability, 
increasing reliability and productivity of water supply. Particularly, reservoirs can provide a buffer as 
climate change or upstream variations increase streamflow variability or reduce average streamflow. 

Reservoir management during droughts becomes particularly complex due to the interplay of various factors 
that affect both the availability and the use of water. On one hand, population growth and the expansion of 
agricultural and industrial activities increase the demand for drinking and irrigation water, making it 
essential to ensure an adequate supply to meet these needs (Ahmadalipour et al., 2019; Brown et al., 2019; 
Schilstra et al., 2024). On the other hand, reservoirs should meet strategic needs, such as supporting 
agricultural irrigation to ensure food security and producing hydroelectric energy, which is a primary source 
of renewable energy in many regions (Hurford and Harou, 2014; Turner et al., 2022). 

One of the main challenges in managing reservoirs during extreme weather events is the need to accurately 
forecast inflows and water availability. In this context, predictive models, such as those based on Artificial 
Neural Networks (ANNs), have proven effective in improving water resource management, especially in 
arid and semi-arid regions (Rezaeianzadeh et al., 2016). Furthermore, the use of deep learning techniques, 
such as Long Short-Term Memory (LSTM) networks, has shown promising results (Kratzert et al., 2018). 
Specifically, Herbert et al. (2021) demonstrated that LSTM algorithms outperform traditional statistical 
techniques, significantly improving the accuracy of long-term forecasts and, consequently, the reliability 
of water resource management, especially during critical months. 
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Another crucial aspect of reservoir management is the optimization of resources for multiple objectives, such 
as irrigation, hydroelectric energy production, and the availability of drinking water. Reservoirs are often 
designed to meet various needs, which requires balancing these different goals through robust policies that 
can adapt to uncertain scenarios and ensure resource sustainability (Amaranto et al., 2022), particularly 
during periods of drought (Yang et al., 2015). 

An additional key aspect of reservoir management is the integration of design and operational decisions. 
Design decisions influence the reservoir's resilience, while operational choices determine its efficiency in 
responding to water stress. The optimization of operational rules can improve the ability to respond to water 
shortages, fostering more timely adaptive actions, Garcia et al. (2020). Large storage volumes may lead to 
delayed responses to water stress, but the adoption of appropriate operational policies, such as reducing 
demand in advance, increases the salience of the issue and promotes a faster adaptive response. Moreover, 
water resource management must account for social dynamics and attitudes toward risk, as these factors 
can significantly influence the ability to adopt effective adaptation measures. Moreover, different social 
attitudes in facing and responding to risk, influence water resource management with different outcomes in 
terms of water shortage risk Mazzoleni et al. (2024). The results highlighted that more homogeneous and 
integrated risk management tends to reduce losses caused by droughts and floods. 

Reservoir performance is determined by the characteristics of the physical infrastructure itself and by the 
operating rules that balance multiple objectives, maximizing present benefits and minimizing future risks. 
However, the optimal control of reservoirs is characterized by uncertainties, due to the hydrological inputs, 
the different purposes of design and the non-linearity of the system. The objective of the analysis is the 
definition of a methodology to determine the optimal management strategy to cope with changes in 
boundary conditions, e.g. variability of streamflow and growing water consumption which intensify the 
risk of water stress and shortage. 

3.3.d.2.2 Inflow prediction and management optimization 

We propose a two-step methodology for reservoir management. First, a method is presented for forecasting 
inflows into the reservoirs, which is crucial for accurate planning and decision-making. Subsequently, an 
optimization approach is introduced to determine the optimal operating policies for the reservoirs. This 
approach aims to optimize concurrent uses of the impounded water resources, such as hydropower 
production, irrigation supply and urban water demands, while accounting for the uncertainties and 
complexities inherent in reservoir operations. 

3.3.d.2.2.1 Streamflow forecasting 

This study focuses on streamflow forecasting at multiple lead times, employing a data-driven approach based 
on Long Short-Term Memory (LSTM) neural networks. Long Short-Term Memory (LSTM) networks are 
a specialized type of Recurrent Neural Network (RNN) designed to address challenges in capturing long-
term dependencies, particularly those arising from the vanishing gradient problem that traditional RNNs 
face (Hochreiter and Schmidhuber, 1997). The defining feature of LSTM networks lies in their ability to 
selectively retain or discard information over time, making them well-suited for processing sequential data 
(Hochreiter and Schmidhuber, 1997). 

Each LSTM cell contains three gates (forget gate, input gate and output gate) that collectively regulate the 
flow of information. The forget gate determines what information should be removed from the cell state, 
while the input gate manages the integration of new data. The output gate controls which information from 
the cell state is transmitted to the next layer (Hochreiter and Schmidhuber, 1997). This mechanism allows 
LSTMs to effectively model complex temporal relationships and adapt to varying patterns in time series 
data (Hochreiter and Schmidhuber, 1997). 

Due to their versatility in handling temporal dependencies and capturing non-linear dynamics, LSTM models 
have been extensively applied in hydrology, including rainfall-runoff modeling and streamflow forecasting, 
both at local and regional scales. These models have demonstrated their effectiveness in recognizing 
seasonal patterns and improving prediction accuracy (e.g., Kratzert et al., 2018). 
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In this study, a two-layer LSTM architecture was employed, comprising layers with 32 and 40 units, followed 
by a dense layer to produce the final prediction of cumulative inflow for a given lead time. This 
configuration was selected based on its ability to extract sophisticated data representations and enhance 
predictive skill, especially for capturing seasonal and non-linear behaviors (Hua et al., 2019; Kong et al., 
2024). The architecture was consistent across all targets, with individual models developed for each lead 
time. Training utilized the Adam optimizer with Mean Squared Error (MSE) as the loss function, and early 
stopping was applied to minimize overfitting based on validation set performance. 

3.3.d.2.2.2 Experimental Framework 

Two experimental setups were employed to evaluate the LSTM model's performance: 

1. Baseline Observational Experiments: 

The first set of experiments uses observed data as input, combining historical precipitation, temperature and 
inflow records to train LSTM models. Separate models were developed for each lead time, exploring the 
ability of the LSTM to predict inflows based solely on past observed variables. 

2. Forecast Integration Experiments: 

To explore potential improvements in predictability, the second set of experiments integrates extended-range 
forecasts for precipitation and temperature. These forecasts, available for sub-seasonal scales, were 
combined with observational data to provide a richer set of input features for the LSTM. 

3.3.d.2.2.3 Model Architecture 

The LSTM model architecture includes two sequential LSTM layers with 32 and 40 units, respectively, 
followed by a dense output layer. This configuration was selected through trial and error to balance 
computational efficiency and model performance. Each LSTM model was trained separately for the specific 
lead time it aimed to predict, using the Adam optimizer and mean squared error as the loss function. Early 
stopping was employed to prevent overfitting. 

Additionally, the LSTM model's results were compared with those from a physically-based hydrological model 
to benchmark its performance against existing state-of-the-art forecasting approaches. The European 
HYdrological Predictions for the Environment (E-HYPE), developed by the Swedish Meteorological and 
Hydrological Institute (SMHI), simulates river flows at a pan-European scale using observed and forecasted 
meteorological variables (Lindström et al., 2010). For this study, we used inflow forecasts produced by E-
HYPE, forced with the HydroGFD 2.0 dataset, a bias-corrected version of the ECMWF-ER forecasts (Berg 
et al., 2018; Yang et al., 2010). These predictions, available at daily timesteps and updated weekly, include 
11 ensemble members (E-HYPE, 2024), with the ensemble mean used for analysis. Specifically, the 
forecasts represent the inflow into the Barrios de Luna reservoir, derived from upstream catchments. By 
comparing the LSTM model's performance with E-HYPE, we aim to assess the potential of data-driven 
methods in enhancing hydrological prediction capabilities relative to a widely used, physically-based 
forecasting tool. 

3.3.d.2.2.4 Optimal operating policies 

The optimal operating policies for the reservoir are defined by a sequence of release and diversion decisions 
that optimize objectives related to the management of the impounded water, such as hydropower 
production, irrigation usage and urban water supply demands. The utility functions that model the 
objectives of the different stakeholders are as follows (Amaranto et al., 2022): i) upstream irrigation deficit, 
minimized as the squared difference between demand and supply of water; ii) downstream irrigation deficit, 
minimized with a similar formulation, whereby the quadratic water supply deficit, a traditional formulation 
in reservoir operations since Hashimoto et al. (1982), penalizes larger irrigation deficits, which are more 
detrimental to crop growth compared to smaller, more frequent shortages, Amaranto et al. (2022) ; iii) urban 
deficit, to be minimized as the difference between demand and availability of water for urban use; iv) 
hydropower production, to be maximized. 
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The optimal operating policies are calculated using a multi-objective optimization approach based on 
evolution, known as Evolutionary Multi-Objective Direct Policy Search (EMODPS) (Giuliani et al., 2016). 
This method combines direct policy search, nonlinear approximating networks, and multi-objective 
evolutionary algorithms to overcome the limitations of traditional stochastic dynamic programming 
methods. The EMODPS method consists of three main modules: direct policy search (DPS), nonlinear 
approximating networks and multi-objective evolutionary algorithms (MOEAs) (Amaranto et al., 2022; 
Giuliani et al., 2016). 

The optimal policy parameter 𝜋𝜃
∗  is found through the minimization of a cost function composed of the 

objectives described above (Amaranto et al., 2022): 

𝜋𝜃
∗ = 𝑎𝑟𝑔 𝑚𝑖𝑛

𝜃
(𝐽𝜃)  (3.3.16) 

where the cost function 𝐽𝜃 is defined as a weighted combination of the irrigation, urban supply, and 
hydropower objectives (Amaranto et al., 2022): 

𝐽𝜃 = {𝐽𝐼𝑈, 𝐽𝐼𝐷 , 𝐽𝑈𝐷 , −𝐽𝐻𝑃}  (3.3.17) 

3.3.d.2.3 Assessing the Impact of Climate Change on Hydropower Production 

Modeling the impact of climate change on water systems has become a central focus in scientific research, 
with numerous studies exploring various approaches to evaluate adaptation and resilience (Zhao et al., 
2021).  

Hydropower, as a renewable energy source reliant on consistent water availability, is particularly vulnerable 
to climatic shifts, making it fundamental to assess its potential under future scenarios. The following section 
outlines the procedure adopted. 

Historical precipitation data and daily records of inflow, elevation, and hydropower production were collected 
for the case study under consideration. We analyze hydropower production data for the analyzed power 
plant, focusing on fluctuations at various time scales: daily, weekly, monthly and annually. This preliminary 
step identifies any artificial modifications or notable trends in production patterns over time. For subsequent 
analyses, we adjust hydropower series to exclude these events. Moreover, usually dam operations are 
subject to restrictions on minimum and maximum daily flows, daily maximum ramp rates, and the 
maximum rate of decline. The climate model outputs are sourced from the Coupled Model Intercomparison 
Project Phase 6 (CMIP6), spanning spatial resolutions from 25 km to 200 km. Historical simulations cover 
the period from 1981 to 2014, while precipitation projections for four shared socioeconomic pathway 
scenarios (i.e. SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5) are provided up to the year 2100 (Haarsma et al 
2016). 

To understand the underlying physical processes influencing hydropower production, we explore the 
relationships between paired variables within the system: precipitation and inflow, inflow and elevation, 
and elevation and hydropower production. Hydropower production is a function of both reservoir elevation 
(head) and streamflow volume (Christensen et al., 2004). Using data from the common period, we calculate 
the Spearman correlation coefficient (ρ) on a monthly scale, with aggregation windows at the weekly scale, 
to assess how these variables interact over time. We examine the temporal aggregation scale that maximizes 
the Spearman correlation coefficient (ρ) between monthly hydropower production and antecedent basin-
averaged precipitation. The aggregation periods range from a minimum of 4 weeks to a maximum of 156 
weeks (3 years). Beyond this timeframe, correlation coefficients tend to stabilize, indicating a limit to the 
correlation's sensitivity to longer aggregation windows. Next, we model the relationship between spatially 
and temporally averaged precipitation across the basin and monthly hydropower production using the 
Generalized Additive Model in Location, Scale, and Shape (GAMLSS) (Rigby and Stasinopoulos, 2005). 
We test multiple distributions for the response variable, including the one-parameter (i.e., μ) exponential 
distribution, the two-parameter (i.e., μ, σ) gamma, inverse gamma, inverse Gaussian, and lognormal 
distributions, as well as the three-parameter (i.e., μ, σ, ν) generalized gamma distribution. After evaluating 
multiple candidate distributions, we select the most suitable one and configure its parameters, choosing 
between constant and precipitation dependent parameterizations. The general parameter equations where 
X₁ represents precipitation are: 
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 log(µ) =  µ0 + µ1 × 𝑋1                                       (3.3.18) 

 log(𝜎) =  𝜎0 + 𝜎1 × 𝑋1                                            (3.3.19) 

 𝜈 =  𝜈0 (3.3.20) 

Distribution and parameter configuration selection is guided by the Schwarz Bayesian Criterion (SBC) 
(Schwarz, 1978). To evaluate and compare monthly models between precipitation (X₁) and hydropower 

(Y) in four configurations 𝑋1 − 𝑌, log(𝑋1) − 𝑌, 𝑋1 − log(𝑌) , log(𝑋1) − log(𝑌), a skill score is estimated 
based on the Standardized Mean Squared Error (SSMSE), which serves as a metric for model performance 
(Hashino et al., 2007; Murphy and Winkler, 1992). The SSMSE is calculated as follows: 

𝑺𝑺𝑴𝑺𝑬 =  𝝆𝑭𝑿
𝟐 − [

µ𝑭−µ𝑿

𝝈𝑿
]

𝟐
− [𝝆𝑭𝑿 − (

𝝈𝑭

𝝈𝑿
)]

𝟐
 (21) (3.3.21) 

where: 

 𝝆𝑭𝑿 is the correlation between the reference data and the model output; 

 𝝈𝑭   and 𝝈𝑿 are the standard deviations of the reference data and the model output, respectively; 

 µ𝑭 and µ𝑿 are the means of the reference data and the model output. 

The SSMSE ranges from -∞ to 1, with values closer to 1 indicating a stronger agreement between the reference 

data and model output. This score comprises three components: the coefficient of determination reflects the 
model's potential skill in explaining variance; the unconditional bias represents a standardized mean error, 
capturing shifts from the one-to-one line; and the conditional bias assesses the reliability of the model's 
slope relative to the one-to-one line (Bradley, et al., 2019; Kim et al., 2024).  

In parallel, we compute basin-averaged daily precipitation outputs from various climate models in CMIP6. We 
apply bias correction and downscaling using the Empirical Quantile Mapping (EQM) method (Amengual 
et al., 2012; Cannon et al., 2015). We utilize the bias-corrected basin-averaged precipitation projections as 
input of the identified statistical models to assess potential changes in hydropower production under the 
four CMIP6 future scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5) over the 2015-2100 period. We 
perform a screening of the GCMs. It is based on trend analysis for the SSP2-4.5 scenario during the 2005-
2022 period, comparing observed and simulated hydropower production. We apply Kendall's tau 
correlation coefficient, using the Mann-Kendall test (Mann, 1945), on both observed and modeled 
hydropower series. We evaluate trend consistency by selecting models with coherent monthly trends, 
defined as either both significant or both not significant across all months within the common period. We 
calculate the ensemble mean across all selected models for each SSP scenario. Subsequently, we evaluate 
long-term trends in hydropower production by calculating Kendall's tau across temporal windows of 
variable length (a minimum of 10 years) from 2005 to 2100, using a significance level of α = 0.05. 

Additionally, for each time window, we estimate the number of models indicating a significant positive or 
negative trend, providing insights into the evolution of trends over different timescales throughout the 21st 
century. Using the bias-corrected, basin-averaged precipitation projections as input for the identified 
statistical models, we evaluate potential changes in hydropower production under four future scenarios. For 
each SSP scenario, we calculate the ensemble mean and envelope across all selected models, resulting in a 
range of hydropower production projections for each scenario extending through 2100. 

3.3.d.3 Water shortage hazard on urban water distribution users, under current and future 
climate scenarios 

3.3.d.3.1 Introduction 

When unexpected water shortage events have to be faced, water managers have few options that can be adopted 
with short forewarning and with almost no need for structural measures. Pressure reduction, intermittent 
supply and public uses containment are usually adopted as common practices in urban areas. Considering 
their detrimental impact on the users and on the pipe assets, such practices are usually limited to short 
periods but they create inequalities among users with some of them being geographically, topographically 
or structurally advantaged and receiving more water resources and the others suffering more severe water 
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supply cuts. The proposed activity is aimed to water shortage hazard inside urban areas by defining and 
computing water supply equality indices and users vulnerability to shortage based on structural, 
topographical or topological aspects. The activity will be based on the integration of water shortage 
scenarios coming from the analysis of water sources and water supply pipes (UNIBO) and water 
distribution network advanced modelling (either in continuous or intermittent supply). 

Urban water shortage situations are commonly solved by discontinuous water distribution and rationing the 
available water resources. This approach is widely adopted in developing countries (Vairavamoorthy et al., 
2001) and developed ones for solving short-term scarcity conditions, which can be caused by drought 
periods (Cubillo Gonzales et al., 2003; McIntosh et al., 1997; Hardoy et al. 2001; Totsuka et al., 2004). 

Droughts can significantly impact urban water supply systems in various ways, affecting both water 
availability and socio-economic aspects of cities. Drought events reduce freshwater resources, severely 
threatening urban water supply systems and limiting sustainable urban development (Szalińska et al., 2018). 

This water shortage can affect multiple socio-economic sectors and urban ecosystems. In water-stressed 
regions, droughts force water providers to invest in additional supplies or implement expensive emergency 
measures, often increasing water fees and household taxes (Rachunok and Fletcher, 2023). This can 
disproportionately affect low-income households, altering their water consumption patterns and 
exacerbating water affordability issues. Interestingly, the impact of droughts on urban water supply can 
vary significantly even between geographically close regions due to differences in adaptive capacities and 
water resource management strategies (Chuah et al., 2018). For instance, despite their proximity, Singapore 
and Johor, Malaysia show distinct variations in drought impacts and responses. 

The impacts extend beyond just water scarcity, affecting aquatic ecology, energy production, waterborne 
transportation, tourism, and recreation (Stahl et al., 2023). To mitigate these impacts, cities need to develop 
comprehensive drought resilience strategies that consider both short-term and long-term measures, 
integrating physical, socio-economic, and political aspects in their implementation (Dewi and Prihestiwi, 
2022; Li et al., 2022). 

Intermittent Water Supply (IWS) is also quite frequent in Mediterranean countries. In this area, the lack of 
natural resources management and network maintenance plans, explicitly considering the possibility of 
scarcity scenarios, produces unexpected water shortage situations that can be handled only by means of 
emergency interventions. Intermittent water distribution has the advantage of requiring small financial 
efforts, but it leads to network operating conditions that are very far from the usual design. The network is 
subjected to cyclical filling and emptying periods, and users need to collect water during distribution 
periods to cover their needs when supply service is not available. IWS is characterised by regular flow 
restarting and pipe draining, significantly impacting water quality and service reliability (Kumpel and 
Nelson, 2016). In IWS systems, water utilities typically supply water to different zones or neighbourhoods 
on a rotational basis, with varying supply schedules. In intermittent distribution, the users try to compensate 
water service intermittency by searching new local resources, when available (as an example by perforating 
private wells), or, more commonly, by building private reservoirs, used for collecting water during serviced 
periods and distributing it when public water service is not available. During intermittent distribution 
periods, the public network is greatly influenced by the presence of such reservoirs that are usually filled 
in a very short period after the reactivation of water service, leading to very high peak flows and, 
consequently, inequity in water resources allocation among population. Moreover, those local reservoirs 
are often over-designed in order to take into account higher water consumption and possible leakages. In 
these cases, the intermittent distribution is useful to limit water losses due to pressurization more than to 
limit water consumption by users. Intermittency generates inequitable water distribution due to pressure 
dependent flow conditions, with obvious disadvantages for consumers located far away from the supplying 
nodes or at higher elevation in the network. In distribution systems designed for continuous water supply, 
the consumers exposed to intermittent supply conditions are likely to collect as much water as possible in 
their reservoirs whenever the service resumes. In this condition, consumer reservoirs are filled once the 
supply has been restored and this contemporary use of water service generates larger peak flows than 
predicted in the network design process, increasing the pressure losses in the network. Consequently, 
disadvantaged consumers will always collect less water than those nearer to the source. Intermittent 
distribution can also have a large impact on water quality, allowing for the introduction of soil in the pipes 
when they are empty (Yepes et al., 2003). 
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For these reasons, it is essential to design and manage water distribution systems according to their operational 
conditions to improve system performances and to deliver equitably the available water resource. 
Intermittent distribution networks, therefore, have to be designed in a particular way, absolutely different 
to those applied to systems delivering water 24-hours per day (Batish, 2003). 

To efficiently analyse urban distribution networks in scarcity conditions, it can be helpful to evaluate how 
water scarcity and intermittent service affect water consumption. This present proposes a methodology for 
identifying those users that are more disadvantaged by the intermittent distribution condition providing a 
useful tool to be used when managing a network in such a delicate operational condition. The identification 
of disadvantaged users is carried out by the mean of network performance indicators specifically defined 
for intermittent distribution and described in the next paragraph. In the study, a real distribution network 
has been analysed, proposing some indexes for assessing the equity of water service in intermittent 
distribution conditions. 

3.3.d.3.2 Estimating the impact of water shortage on urban population 

The primary objective of a water distribution system is to provide water at a sufficient pressure and quantity 
to all its users. In traditional demand-driven analysis, the network solution is achieved by assigning the 
assumed demands for all nodes and computing the nodal pressure heads. Link flows from the equations of 
mass balance and pipe friction headloss. For networks operating under intermittent conditions, a demand-
driven analysis can yield nodal pressures lower than the minimum required service level or even become 
negative. In real networks, the design demands would not be met. Although this is a well-known problem 
that has been tackled by many researchers, it is still sometimes ignored. Since the 1980s, researchers have 
proposed various methods to compute the actual water consumption, node pressures and flows of networks 
operating in conditions different from design ones (such as intermittent systems). Most proposed methods 
assume the relationship between pressure and outflow at the demand nodes. These methods are generally 
termed head-driven analyses. 

     Bhave (1981) was the first who acknowledged demand driven analysis does not behave well when node 
heads are lower than required service standard ones. The cited study proposed the following pressure-
consumption relationship: 
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where 
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 is the actual outflow at node j, 
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 is the required outflow at that node (water demand), 
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is the available head and 
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 is the minimum head required to have outflow at the node. 
Germanopoulos (1985) suggested the use of an empirical pressure-consumption relationship to predict the 

outflows at various nodal head: 
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where 
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 is the head required to satisfy the water demand, 
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, at the node j and jc
 is a calibration 

parameter ranging from 1 to 5. 

Then, Wagner et al. (1988) proposed the use of a parabolic curve to represent the pressure-consumption 

relationship at a demand node for head between 
min
jH

 and 
des
jH
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where n is a calibration parameter ranging from 2 to 1. 

Reddy and Elango (1989) introduced a method completely different from the others previously referred to. 
The authors suggested a pressure-consumption function without above boundary as the following equations 
show: 
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taking the value of the coefficient jS
 from the following condition: 
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         (3.3.26) 

and being p a coefficient ranging from 0.5 to 1. 

This method has been introduced to evaluate the node consumptions in water distribution networks operating 
in intermittent conditions. In this case, all the users are endowed with private reservoirs and the node 
outflow is the maximum taken by the network, only related to the available nodal head. The outflow stops 
when the reservoir is just completely full. 

Where water distribution is periodically provided on intermittent basis, the users often provide private 
reservoirs with pumps to collect as much water as possible even if nodal pressure is lower than minimum 
required to have outflow at the node. In such situations, the method proposed by Reddy and Elango (1989) 
has to be modified to take into account the pressure-consumption relationship in the range of node head 

lower than the minimum value. In order to do this, Eq. 3.3.27 has been defined setting 
min
jH

 equal to zero 
in Eq. 3.3.25b: 

p
j

avl
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where k and p are calibration coefficients. 

This algorithm has been readily implemented into an existing hydraulic network solver, EPANET 2. 
Furthermore, a private reservoir under the roof and a pump have been associated with each node (Fig. 16) 
thus providing a complete model for analysing intermittent distribution networks. 
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Figure 16. Distribution node numerical scheme. 

The reservoir has been designed according to nodal daily water demand and a pump has been chosen being 
able to fill the reservoir in 4 or 5 hours. The pump is turned on if the reservoir is empty and turned off if 
the reservoir is full or the pressure on the network is negative. 

In order to evaluate the equity in the distribution during intermittent operational conditions, two performance 
indexes have been proposed in the present study: 

• the ratio between the water volume supplied to the users in a service cycle (if the service is intermittent 
on daily basis, the service cycle is correspondent to two days) and the user demand: 

D
V

1EQ int=
                                                                                                 (3.3.28a) 

where Vint is the water volume supplied to the users in a service cycle and D is the user water demand 
in the same period. 

• the ratio between the water flow discharged to the user during a service day in intermittent and 
continuous distribution conditions: 

i,cont

iint,

Q

Q
2EQ =

                                                                                                (3.3.28b) 

where Qint,i is the water volume supplied to the users in a service cycle and Qcont,i is the user water 
demand in the same period. 

The index EQ1 represents the ratio between supplied and demanded water volumes in intermittent distribution 
and it is able to identify the users that will obtain less water than their needs and advantaged users that have 
available volumes even higher than their needs. But even if globally in a service cycle water volumes 
distributed at the users do not greatly differs among the users, wide differences may be possible during the 
distribution period because advantaged users can fill their reservoirs much faster than disadvantaged ones. 
This aspect can create difficulties in the water supply of disadvantaged users, and it can modify the user’s 

perception of the water service reliability. For this reason, the index EQ2 can be useful for analysing the 
behaviour of the network in different operational periods (at the start or at the end of the distribution service 
after a 24-hour stop). 
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