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A B S T R A C T

Study region: Panaro basin, Northern Apennines, Italy.
Study focus: Climate change threatens the resilience of flood protection systems, demanding ac
curate prediction of flood peaks and volumes and their expected future changes. Particularly, 
accurate prediction of flood volumes is of paramount importance for operational purposes, such 
as flood hazard mapping or detention basins. Furthermore, abrupt shifts from extended dry pe
riods to floods pose significant challenges to regional early warning systems. Predicting future 
flood events is particularly challenging over small and mid-sized catchments, characterised by 
response times of a few hours, where both long time-series of past hydrometeorological obser
vations and future projections at fine time scale are needed. The work proposes a methodology for 
the reliable simulation of past and future flood occurrence and magnitude, in terms of flood peaks 
and volumes. It relies on continuous streamflow simulation through i) hourly bias-correction of 
regional climate projections, ii) rainfall-runoff modelling and iii) a peak-over-threshold approach 
for flood characterisation. Moreover, a novel combination of metrics for analysing the evolution 
of compound flood-on-drought events is tested.
New hydrological insights: The hourly bias-correction approach effectively adjusts the ensemble of 
regional climate models, allowing accurate reproduction of the flood regime. Simulations project 
a decrease in the frequency of flood events, but higher flood peaks and volumes are expected. In 
contrast, future compound drought and flood events are projected to become more frequent.

1. Introduction

Dry and wet climate extremes are occurring more frequently and with increasing severity (Barendrecht et al., 2024; Rodell and Li, 
2023) and are expected to become even more frequent and intense with ongoing climate change (IPCC, 2023).

The evaluation of the resilience of flood protection measures requires an assessment of the impact of climate change scenarios on 
future flood regimes (Hall et al., 2014; Tarasova et al., 2023), focusing on different flood features and not only on the expected peaks. 
In particular, the prediction of flood volumes and their expected changes in future decades is essential for a number of operational 
purposes, such as, for example, the design of detention basins or flood hazard mapping, and it requires specific analyses. In fact, the 
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reliability of a model in predicting other flood characteristics, as flood peaks, does not necessarily translate into accurate flood volume 
prediction (e.g. Peredo et al., 2022). For this reason, a number of recent studies has focused specifically on projecting trends in flood 
volumes under climate change (e.g. Dankers and Feyen, 2008; He et al., 2022; Ho et al., 2022; Ionno et al., 2024).

At the same time, along with the characterisation of flood volumes regimes, the study of the occurrence of abrupt hydrological 
extremes changes, and in particular the shift from extended dry periods to flood events results of particular interest for the stakeholders 
dealing with the operational management of environmental hazards. Recently, the time interval between consecutive drought and 
flood events has been shown to be decreasing in certain areas across the globe, implying that there is less time to recover from the 
impacts of a dry event before a flood occurs (He and Sheffield, 2020; Rashid and Wahl, 2022; Rezvani et al., 2023). In fact, when floods 
occur during or soon after drought periods, early warning systems can become inaccurate (e.g. Fowler et al., 2020; Matanó et al., 2024) 
and water management practices may fall short in reducing the risk of both extremes (e.g. Ward et al., 2020). Therefore, when 
assessing the impact of climate change on flood regimes, the expected changes in the interaction with the occurrence of drought events 
should be also taken into account. In addition, in some regions around the world, like the Mediterranean, the need to assess expected 
shifts in flood regimes and their nexus with periods of water scarcity is increasingly urgent, given that climate models often lack 
consensus on projected changes to meteorological forcings and their seasonality (e.g. Todaro et al., 2022).

Assessing the evolution of flood events over past and future decades over the small and mid-sized catchments of Northern 
Apennines, characterised by response times of a few hours is extremely challenging (e.g. Evin et al., 2024; Ficchì et al., 2016) due to the 
frequent lack of long series of past observations at fine temporal resolution (sub-daily). Historical hydrometeorological time series at 
fine temporal scale are necessary and should be sufficiently long not only to better understand the long-term regimes of the meteo
rological and hydrologic variables characterising floods, but also to be used as reference to validate and adjust climate model pro
jections, needed to simulate future meteorological forcings. In fact, although the developments in dynamical downscaling have 
contributed to a more robust model assessment of the future climate (Christensen et al., 2019), ‘bias-correction’ approaches are still 
required in many cases. So far, such techniques have been applied principally to daily climate simulations with satisfactory results in 
climate change impact studies, when using climate simulations as forcings to daily rainfall-runoff modelling chains (see e.g., among 
many others, Castaneda-Gonzalez et al., 2022; D’Oria et al., 2019; Kay, 2022; Majone et al., 2016; Peres et al., 2019; Perra et al., 2018; 
Peßenteiner et al., 2021; Senatore et al., 2022). On the other hand, in recent years, an increasing number of GCM-RCM simulations at 
sub-daily (3 or 6 h) or even hourly scales have become much more widely available (e.g. Raffa et al., 2023 for Italy), and it is therefore 
interesting to analyse the performance of bias-correction procedures applied at such fine-scale. Such analyses are, so far, very limited in 
the literature and mainly focussed on bias-correction approaches applied not to the entire time series but only to the design extreme 
rainfall values (e.g. Li et al., 2017; Requena et al., 2021). In fact, when considering dynamics with a modest dependence on the hy
drological conditions preceding the event, such as pluvial floods in urban areas, bias correction can be applied directly to the 
intensity-duration-frequency (IDF) curves or on predefined thresholds (e.g. Padulano et al., 2019; Srivastava et al., 2021). For eval
uating, on the other hand, the future regime of riverine floods, it is crucial to take into account also the antecedent conditions through 
the evolution of the hydrological state variables that represent the memory of the basin functioning: to do so, there is the need for 
continuous climate input time-series, representing both storm and inter-storm periods, to be used as forcing to a 
continuously-simulating rainfall-runoff model.

To date, applied studies on bias correction approaches on whole series of atmospheric variables at sub-daily scales and with the 
purpose of simulating rainfall-runoff propagation processes are still quite limited in the literature (notable exceptions are Brunner 
et al., 2021; Faghih et al., 2021; Poncet et al., 2024; Reszler et al., 2018; Ye et al., 2023), both because the wide availability of 
climate simulations at this fine scale is recent and because of the frequent lack of long series of sub-daily measurements, which are 
needed for an effective assessment of historical inter-annual variability over the control periods.

This study aims to contribute to the characterization of expected changes in flood regime and their nexus with periods of hy
drological droughts in an Italian region located in the Northern Apennines, which recently experienced unprecedented flood events in 
2023 and 2024 (Brath et al., 2023; Di Paola et al., 2026; Foraci et al., 2023), while one of the most severe droughts of the last century 
was still in progress (Biella et al., 2025; Montanari et al., 2023). The study is applied to a representative mid-sized headwater 
catchment, the Panaro river (a tributary of the Po river), which is of particular interest as it is located upstream of a flood retention 
system, making the accurate estimation of flood volumes essential for its effective operational management.

The first phase of the work involves the assessment of past and future patterns of flood occurrence and magnitude, focusing on both 
flood peaks and volumes. To this aim, the Scaled Distribution Mapping (SDM) approach, proposed and applied on daily time-series by 
Switanek et al. (2017), is especially adapted to the whole series of hourly meteorological forcings of an ensemble of regional climate 
projections. Afterwards, two continuously-simulating and conceptual rainfall-runoff models are parameterised and then run to 
reproduce the streamflow time-series in the study river. The effectiveness of the bias-correction approach for the simulation of the 
streamflow over the control period is evaluated focusing on the reproduction of historical flood characteristics (occurrence, flood 
peaks and volumes) which are used as reference to analyse their expected changes over the future decades.

Secondly, the work aims to capture, based on the proposed modelling chain, the future evolution of hydrological droughts in the 
study area and their nexus with the occurrence and magnitude of floods. Literature about abrupt shift from dry to extreme wet periods 
mainly focuses on transitions in meteorological states (e.g. Ansari and Grossi, 2022; Liu et al., 2018; Shi et al., 2021; Yang et al., 2013) 
while, in contrast, little is known about consecutive or compound hydrological drought and flood events (Brunner, 2023): the few 
existent studies focus on the understanding of the hydrological and/or socio-economic processes underlying drought-to-flood in
teractions and dynamics (e.g. Barendrecht et al., 2024; Parry et al., 2016), rather than on their future evolution. Notable exception is 
the work of Matanó et al. (2024) which explored historical occurrences of compound or consecutive drought and flood events and the 
effects of droughts on flood severity and timing at a global scale. Here, we propose and test a framework to detect the occurrences and 
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features of compound flood-on-drought events, that is floods occurring during droughts for both the historical and future periods, 
analysing their expected changes.

The manuscript is organised as follows: while 2 briefly describes the study region, 3 is dedicated to the collection, processing and 
validation of historical climatic data. Rather than separating methods and results, Sections 4 through 6 integrate the methodology and 
corresponding results for each phase of the analysis. Specifically, 4 describes the bias-correction approach applied to the selected 
hourly regional climate projections and its results; 5 presents the hydrological modelling strategy and reports the obtained simulations 
of past and future flood peaks and volumes; in 6, the future evolution of flood-on-drought events is analysed. Finally, in 7 the results are 
discussed and 8 draws the conclusions of the study.

2. Study region

The Panaro river rises in the northern Apennines mountains, and it is the last tributary of the Po river. The downstream part of the 
river has always been affected by flooding events that have caused devastating damages in the past decades.

A temperate climate characterises the region, but annual precipitation varies remarkably, from around 500–700 mm in the Po 
valley to more than 2000 mm in the highest mountain areas. Average daily temperatures range between − 2 ◦C and 4 ◦C in winter and 
between 15 ◦C and 24 ◦C in summer, respectively, for the mountain and valley areas.

The present study focuses on the mountain and hill portion of the Panaro watershed, where most of the runoff is generated. In 
particular, the headwater catchment closed at the river section of Spilamberto, covering an area of 747 km2, is considered for the 
analyses. The left panel of Fig. 1 shows the catchment border (black line) within the hydrological network of the Po river in northern 
Italy. Such catchment is of particular interest because its outlet corresponds to the last stream gauge (i.e. hydrometric station) up
stream to the Sant’Anna flood retention system, and the river discharge observation in this section is used by the Po River Authority 
(“Agenzia Interregionale per il fiume Po”, AIPO) to estimate the inflow to such retention basin.

Based on the hourly discharge records available from 2006 to 2015 (provided by the regional meteo-hydrological service SIMC- 
ARPAE), the average annual discharge at Spilamberto is around 16 m3/s. The flow regime is nearly ephemeral, with summer 
values close to zero and high flows (annual hourly maxima vary between 150 and almost 900 m3/s in the observation period) 
occurring generally in the fall and early winter months. On average, more than ten events per year exceed 64 m3/s (corresponding to 
the 95th quantile of hourly discharges).

3. Historical climatic data

Past meteorological observations are essential to estimate precipitation and temperature spatial fields needed both to force the 
hydrological model used to simulate the river discharge at the basin outlet and as the reference to bias-correct and validate the regional 
climate models.

Considering the purpose of the proposed approach, measures at hourly time step are indeed needed. Retrieving hourly meteoro
logical time series is always challenging: on the one hand, the availability of ground measures is generally limited in space and time; on 
the other, alternative products (i.e. gridded datasets) are often not accurate at such fine temporal resolution, and their reliability has to 
be preliminarily verified.

The meteorological sensors are owned and managed by the regional meteo-hydrological service (SIMC-ARPAE). The network of 
rain gauges is quite dense (right panel of Fig. 1): the number of measures across the network is good enough to guarantee the 

Fig. 1. Study region. Left: the Panaro basin (black contour) closed at the Spilamberto river section gauge. Right: location of available rain and 
temperature gauges across the study area (EUR− 11 cordex grid domain is also showed).
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computation of reliable hourly precipitation fields from 1995 to present. Temperature gauges instead are less and allow to properly 
estimates hourly temperature fields from 2003 to present. Detailed description of ground measures availability over the historical 
period is reported in the Supplement (Section S1).

Spatial interpolation of ground measures is carried out for obtaining the spatial averages of precipitation and temperature fields 
over the study domain. In a preliminary analysis conducted on the study area (not reported here), methods among the most consol
idated in the literature, were tested in cross-validation. For precipitation, a simple inverse distance weighted method with a cubic 
power distance is chosen, which was shown to provide satisfactory results when tested in cross-validation. The method leading to the 
most accurate estimate of air temperature and thus selected for the spatial interpolation, was a linear regression with elevation (see, e. 
g. Stahl et al., 2006). Spatial interpolation of ground measures is performed over a high-resolution 80 × 80 m grid, allowing for 
subsequent spatial averaging over either the basin domain or a coarser grid (e.g. the RCM domain).

The period of records for which the ground measures are available (1995–2019 for rainfall and 2003–2019 for temperature) is 
certainly long enough to calibrate and run a rainfall-runoff model. However, it covers only part (16 or 8 years, respectively) out of the 
30 years of the “historical experiment” (i.e. control period 1981–2010) generally used in the bias-correction approaches for the RCM- 
GCM modelling chains, in line with the World Meteorological Organization guidelines (WMO, 2017).

In order to explore the possibility of obtaining a longer observation period (closer to the typical length of the “control period”), 
gridded meteorological products available over Europe have been analysed. In particular, the ERA5-Land dataset (Muñoz-Sabater 
et al., 2021) at hourly resolution is here considered as an alternative option. The details about characteristics, processing and vali
dation of ERA5-Land are reported in the Supplement (Section S1). Here, for the sake of brevity, we report a summary of the analysis.

Precipitation and temperature fields included in such datasets are compared to those retrieved from the available ground hourly 
measures across the basin through the spatialization procedure described above. In particular, hourly basin mean areal precipitation 
(MAP) in years 1995–2019 and mean areal temperature (MAT) in years 2003–2019 (periods with the highest density of ground 
stations) are computed for the ERA5-Land product and compared with those obtained from the spatialization of ground measures.

Unfortunately, a poor match is observed between gauged-derived and ERA5-Land hourly MAP estimates (Pearson correlation 
around 0.55). Even if the match of daily values slightly improves with respect to the hourly ones, Pearson correlation remain below 
0.80, highlighting a limitation of the capability of ERA5-Land product in the reproduction at the daily scale over the study region (see 
additional details in Section S1). This confirms the high spatial variability of the accuracy of ERA5 products which should be always 
verified, as demonstrated by a number of previous studies which reported either acceptable (Clerc-Schwarzenbach et al., 2024; 
Klingler et al., 2021; Tarek et al., 2020) or poor (e.g. Cammalleri et al., 2024; Lavers et al., 2022; Longo-Minnolo et al., 2022; Sarigil 
et al., 2024) accuracy of its precipitation estimates.

As far as temperature is concerned, the correspondence between hourly simulated and observed values is much better than for 
precipitation, even if ERA5-Land tends to underestimate temperatures. Differently from the rainfall data, temperature data have much 
less intraday variability than precipitation and the use of daily data (maximum and minimum along the day) to estimate the diurnal 
cycle of hourly data is a widely applied and generally reliable practice. For this reason, the use of daily maximum and minimum 
temperature from the E-OBS dataset (Cornes et al., 2018), based on ground observation, is also taken into account. Hourly temperature 
estimates are derived from E-OBS minimum and maximum daily values with the interpolation method proposed by Linvill (1990), 
averaged over the basin domain, and compared to gauged-derived hourly temperatures, revealing a very good correspondence, with a 
very weak overestimation of hourly values (see Section S1 in the Supplement for details).

Finally, for the bias-correction of the regional climate projections and the rainfall-runoff simulation, given the lack of reliability of 
the ERA5-Land precipitation estimates over the study region, hourly rainfall fields interpolated from the ground gauges are taken as 
references, even if available only from 1995 onwards. Regarding temperatures, we opted to use hourly E-OBS-derived estimates, which 
cover the entire historical control period and exhibit a significantly smaller bias against observations compared to ERA5-Land.

4. Climate scenarios and hourly bias-correction over the control period

The capabilities of the current generation of Global Climate Models (GCMs), although greatly improved through advances in 
computing power and representation of physical dynamics (Wilby, 2017), are widely acknowledged to not allow for proper charac
terisation of weather dynamics at regional and local scales. A step towards refining climate projections is to localise GCM results using 
higher resolution Regional Climate Models (RCMs) nested over the area of interest on the GCM from which they retrieve boundary 
conditions. RCMs make it possible to better characterise geomorphological features (e.g. orography, land-sea interaction, land-use 
effects) and to explicitly evaluate different weather dynamics that are parameterised as sub-grid processes in GCMs. As already 
mentioned, the main limitation of RCMs, whose resolution varies between 10 and 50 km, is generally attributed to the use of pa
rameterizations for simulating convective processes. Such parameterizations may lead to inaccurate modelling of sub-daily precipi
tation ( Kendon et al., 2017), which is essential for simulating flood phenomena in mid-sized, mountainous basins (see, e.g., Berg et al., 
2019; Kendon et al., 2021). Convection-permitting regional climate models (CP-RCMs) can more accurately represent sub-daily sta
tistics and extremes (e.g., Adinolfi et al., 2023; Dallan et al., 2023; Fosser et al., 2015; Reder et al., 2022), providing greater confidence 
in their climate projections compared to traditional RCMs (e.g. Fosser et al., 2024; Pichelli et al., 2021). However, due to the limited 
availability of CP-RCMs projections, both in terms of spatial and temporal coverage, typically spanning only 10–20 years (with few 
exceptions, see e.g. Kendon et al., 2019; Raffa et al., 2023), the simulations of state-of-the-art regional climate models are still the 
most-widely used for real-world climate services (such as the EURO-CORDEX 0.11 ensemble that is used in the present work).

This Section first introduces the RCMs selected for the study; then, it outlines the method implemented to reduce biases in the 
climate simulation chains; finally, it presents the differences between raw and bias-adjusted climate data using observations as 
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reference for recent climate, also giving indications on future climate signals returned by RCMs.

4.1. Selection of GCM-RCM modelling chains

This study takes advantage of the GCM-RCM coupled simulations available within the Coupled Model Intercomparison Project 5, 
specifically utilizing the EURO-CORDEX ensemble. It is worth noting that the EURO-CORDEX dataset represents an “ensemble of 
opportunity” where not all the error sources can be adequately accounted for and quantified; therefore, it could represent a sort of 
lower boundary of the uncertainties affecting the evaluation of future evolution in weather forcing.

Within this perspective, the idea behind the selection of the climate simulation chains (listed in Table 1) is to share the same 
Representative Concentration Pathway (RCP) and the same RCM with the same parameterisation, in order to clearly appreciate the 
effect of the differences among the driving GCMs. Consequently, a set of six hourly climate simulation chains (GCM-RCM) was selected, 
all corresponding to the highest-emission scenario (RCP8.5). For the regional downscaling, the SMHI-RCA4 model (Samuelsson et al., 
2011; Strandberg et al., 2014) was chosen because it provided, to the best of the authors’ knowledge, the largest homogeneous set of 
EURO-CORDEX hourly chains available for the required variables and periods.

This specific setup carries some limitations. RCM structural uncertainty is not explicitly sampled, since all chains use the RCA4 
model, and alternative emission scenarios are not explored. The projections should therefore be read as conditional on this RCA4-based 
high-emission ensemble, and not as a full probabilistic assessment of future changes. Nevertheless, the selected subsample provides a 
robust representation of GCM-driven variability, as it includes models characterised by widely different Equilibrium Climate Sensi
tivity (ECS), that is, the equilibrium change in annual global mean surface temperature that follows a doubling of the atmospheric 
concentration of carbon dioxide with respect to pre-industrial levels.

We acknowledge that CMIP6-based regional information is increasingly available through statistical downscaling products, 
including high-resolution datasets also over Italy (Fedele et al., 2025). First CMIP6-based dynamical downscaling experiments over 
Italy are also emerging (Vichot-Llano et al., 2026). However, these products remain limited for the purposes of the present application, 
either because of their daily temporal resolution or because they do not yet provide a long multi-model ensemble of sub-daily sim
ulations. Convection-permitting models provide a further benchmark for sub-daily precipitation extremes, as they better represent 
intense and localised events than conventional RCMs (Fosser et al., 2024; Raffa et al., 2023), but their use here is also limited by shorter 
simulation periods and by the lack of long multi-model ensembles suitable for robust uncertainty assessment.

4.2. Bias-correction procedure

Bias adjustment is often necessary for estimating climate, as raw outputs are usually biased against average statistics of obser
vations over a shared control period. Part of these biases derive from the parent GCM; others are related to the modelling formulation 
and physical parameterizations of the adopted RCM.

One of the most widespread strategies to minimise these biases relies on the use of statistical bias correction methods. In short, bias 
correction includes "any method that establishes a statistical transfer function between the model and the observed data and applies 
this transfer function to the post-processing model data" (Maraun and Widmann, 2018). In the literature, different methods have been 
developed (Casanueva et al., 2020; Maraun, 2016; Maraun et al., 2010; Spuler et al., 2024; Switanek et al., 2017; Teutschbein and 
Seibert, 2012) and applied to post-processing climate projections. A widely used method is quantile-quantile mapping (QM, Piani 
et al., 2010; Themeßl et al., 2011), that adjusts the cumulative density function (CDF) of the modelled variable so that it becomes 
identical to the CDF of the observations.

Recent studies reveal that this type of bias correction may however artificially alter in a significant way the climate change “signal” 
that is predicted from the raw climate models for the future decades due to the stationarity assumption for which the same error- 
correction function calculated for the calibration period is applied to any future period of interest (Maurer and Pierce, 2014; Swita
nek et al., 2017; Themeßl et al., 2012).

Recently, modifications of the standard QM method have been developed to force the preservation of the climate change signal 
projected by the raw model, like the Detrended Quantile Mapping (DQM, Hempel et al., 2013) or the Quantile Delta Mapping (QDM, 
Cannon et al., 2015). In the present study, raw RCM outputs are corrected using the Scaled Distribution Mapping (SDM) method 
(Switanek et al., 2017) which is aimed at preserving the projected changes in climate signal identified by the raw RCMs between 
control and future periods across the entire distribution. This feature is particularly relevant here, since the corrected hourly forcings 
are used to assess future changes in flood occurrence, peaks and volumes. Operatively, the SDM fits a specific parametric distribution to 

Table 1 
List of climate simulation chains used in this work. ECS values are retrieved from Meehl et al. (2020) and Wyser et al. (2020).

Institute RCM Driving GCM ECS (◦C) CORDEX full name Chain Acronym

SMHI RCA4 MPI-M-MPI-ESM-LR 3.6 MPI-M-MPI-ESM-LR_r1i1p1_SMHI-RCA4 CM1
MOHC-HadGEM2-ES 4.6 MOHC-HadGEM2-ES_r1i1p1_SMHI-RCA4 CM2
CNRM-CERFACS-CNRM-CM5 3.3 CNRM-CERFACS-CNRM-CM5_r1i1p1_SMHI-RCA4 CM3
ICHEC-EC-EARTH 3.3 ICHEC-EC-EARTH_r1i1p1_SMHI-RCA4 CM4
IPSL-IPSL-CM5A-MR 3.5 IPSL-IPSL-CM5A-MR_r1i1p1_SMHI-RCA4 CM5
NCC-NorESM1-M 2.8 NCC-NorESM1-M_r1i1p1_SMHI-RCA4 CM6
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the data and, to correct the future modelled values, scales the observed distribution on the basis of the distance between the two CDFs 
obtained from the raw model simulations over the control period and the future period. For precipitation series, it also takes into 
account the projected change in the frequency of rainy days. In the hourly implementation adopted here, this corresponds to correcting 
the mismatch between observed and modelled wet-hour frequency in the calibration period, while preserving the projected 
control-to-future change in wet-hour frequency. No assumption of stationarity is made during bias correction since the scaling between 
model simulations and observations changes depends on the bias correction period.

There are a few important differences between the implementation of the SDM for precipitation and temperature. First, SDM scales 
the distribution of precipitation by a multiplicative (or relative) amount, and temperature is scaled by an absolute (delta) amount. 
Second, only values of positive precipitation exceeding a specified threshold (e.g. 1 mm for daily precipitation) are used to build the 
distributions of the rainfall depths (since they refer only to the rainy days), while all temperature values are used. Third, the tem
perature data belonging to any considered 3-decades period (past or future) is first detrended, then bias corrected, and finally, the 
trends are added back in. As a result, the variance is not inflated by temporal trends that are expected in each decade.

The SDM was originally developed to adjust daily time series (precipitation depth and temperatures). In this study, it is instead 
adopted to correct the modelled hourly precipitation and the daily maximum and minimum temperatures for all the grid cells falling in 
the investigated domain. It is therefore used to correct precipitation time series at the hourly scale, thus requiring to be adapted with 
respect to the original SDM (Switanek et al., 2017). The correction is applied independently at each EURO-CORDEX grid cell and 
separately for each calendar month. Hourly values lower than 0.1 mm/h are treated as dry hours, while positive values are adjusted 
assuming a lognormal distribution, selected as a parsimonious option for non-negative and strongly right-skewed hourly rainfall 
amounts. The original SDM rain-day frequency correction was adapted by replacing rain days with wet hours: when the target 
wet-hour count is lower than the modelled count, the smallest wet-hour amounts are set to zero, thus minimally affecting total 
accumulation, whereas when it is higher, the largest values immediately below the 0.1 mm/h threshold are reclassified as wet and 
intensity-corrected until the target count is reached. The use of a parametric CDFs also allows values exceeding the historical range to 
be adjusted through extrapolation of the fitted distribution. The time series of daily maximum and minimum temperatures are cor
rected, following the same procedure proposed in Switanek et al. (2017), with the detrending procedure and then using a normal 
distribution as the parametric distribution.

As a reminder, hourly ground precipitation measurements and E-OBS daily maximum and minimum temperatures are used as 
reference meteorological variables. Since the bias-correction is applied at the RCM-GCM grid scale, the reference historical variables 
are interpolated over the EURO-CORDEX EUR− 11 grid. Moreover, as explained above, hourly precipitation observations cover the 
period 1995–2010, while daily maximum and minimum temperature observations cover the period 1981–2010; these two time-spans 
are respectively assumed as calibration periods for bias correction of the two variables.

Bias corrected (BC) time series are presented in the following sub-section considering different time periods: specifically, 
1981–2010 as the reference for current conditions while the 3-decades periods 2011–2040, 2041–2070, and 2071–2100 as indicative 
for future conditions for near, medium, and long-time horizons, respectively. It should be emphasized that the aforementioned 
approach is solely limited to univariate corrections, neglecting the consideration of spatio-temporal correlations and the complex topic 
of downscaling. Such a constraint is acknowledged in the literature, where the challenges of incorporating spatial and temporal de
pendencies are well-documented (e.g., Vrac and Friederichs, 2015). Similarly, downscaling is recognized for its complexity and the 
potential for introducing biases if not properly addressed (Maraun and Widmann, 2018). In this sense, the hourly SDM implementation 
should be interpreted as a pragmatic adaptation of a climate-signal-preserving bias-correction method to sub-daily precipitation. Its 
adequacy is assessed in Section S2 of the Supplement through wet-hour frequency, hourly precipitation quantiles and multi-hour 

Fig. 2. Monthly mean areal precipitation (MAP). Panel a) average values in the reference control period: blue line refers to observations (OBS), 
bolder yellow line to the RAW models ensemble mean, bolder red line to the BC model ensemble mean, light shaded lines to single climate models; 
panel b) expected change of the ensemble monthly average precipitation in different time horizons in respect to the historical period. Dotted lines 
with triangular points and solid lines with squared points refer respectively to RAW and BC ensembles.
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precipitation maxima.

4.3. Effectiveness of bias-correction and expected changes in future meteorological forcings

The results of the bias-correction procedure are reported in this section, considering the climatic models as an ensemble. Thus, we 
will refer to monthly (or seasonal) model output statistics averaged over the six considered models (i.e. RAW and BC ensemble mean). 
Here, we will always refer to the mean areal outputs, i.e. spatially averaged over the entire Panaro basin. The validation of the bias- 
correction accuracy at the RCM grid-scale is reported in the Supplement (Section S2).

4.3.1. Precipitation
Fig. 2a displays the results of the bias-correction procedure on the study catchment in the reference control period 1981–2010 for 

the long-term mean areal precipitation (MAP), cumulated at monthly scale, obtained on the basis of respectively the gauge obser
vations (OBS, blue line), and the raw (RAW, yellow lines) and bias-corrected (BC, red lines) simulations. While shaded yellow and red 
lines refer to the six single climate models, the bolder solid lines refer to their ensemble averages. The added value resulting from the 
adoption of the bias correction in terms of cumulative monthly values is evident: the seasonal pattern of raw simulation, strongly 
biased, is re-aligned to observations. For some of the bias-corrected climate chains, small differences from observations remain.

Fig. 2b reports instead the ensemble climate change signal (anomaly) for monthly MAP, i.e. the expected changes in the near, 
medium and long-time horizons with respect to the current climate for both raw and bias-corrected simulations. In particular, it shows 
the average (over the six models of the ensemble) of the ratio between the MAPs projected for each of the three future time-windows 
and the corresponding MAP simulated in the control period, respectively for RAW and BC series. It can be seen that the climate change 
signal identified by raw models over the future decades is preserved in BC simulations due to the nature of the SDM bias-correction 
technique. The most significant future changes are mainly in the spring and summer months, which are expected to be increasingly 
drier throughout the decades, with precipitation depths decreasing as far as 20% for the farthest horizon (2071–2100). Autumn months 
are also interested by a decrease in rainfall amount starting from the half of the century, even if less pronounced.

Since the present study focuses on the simulation of past and future flood events, in addition to the monthly values, the extreme 
precipitation values are also investigated. Keeping into consideration the estimated response time of the catchment, the 24-hours 
cumulated rainfall is assumed to be representative of the flood generation processes and the maximum 24-hours rainfall depths 
occurring in each season are computed. Fig. 3a reports the average (over all the reference years) of the seasonal maximum 24-h MAP 
simulated by the six models of the ensemble. In general, the correction (red squares) tends to underestimate the observed maximum 
areal rainfall (blue circles), but the procedure is still able to bring the values closer to the observed ones in respect to the raw data, 
except for the winter season where the correction underestimates even more than the raw models.

The expected pattern of future maximum rainfall events is reported in Fig. 3, where panel b) reports the results for raw simulations 
and panel c) for the bias-corrected ones. The future anomaly is here expressed as the ratio between the RAW (panel b) or BC (panel c) 
maximum 24 h MAPs projected for each of the three time-horizons and the corresponding values simulated by the same RAW (or BC) 
chain in the control period. In general, maximum rainfall seems to moderately increase along the decades in the cold seasons (DJF and 
SON), remaining stable in spring and highly fluctuating in summer. In addition, the expected changes in maximum rainfall are well- 
preserved by the SDM procedure.

4.3.2. Temperature
Fig. 4a shows the results of the bias-correction procedure in the reference control period 1981–2010 for the mean areal maximum 

daily temperature (MAT max, but the results for MAT min are similar), with the same marker and colour meanings applied for the 

Fig. 3. Panel a) Seasonal maximum 24 h MAP (averaged over the years) in the reference control period: blue dots refer to observations (OBS), 
bolder orange dots to the RAW models ensemble mean, bolder red dots to the BC model ensemble mean, light shaded dots to single climate models. 
Panel b) and c) change of seasonal average maximum 24 h MAP simulated by RAW and BC models, respectively, expressed as the ratio between the 
maximum 24 h MAP expected in the future periods and the 24 h MAP simulated for the control period. Bolder dots refer to the ensemble mean, light- 
shaded dots to single climate models. DJF, MAM, JJA and SON refer to winter, spring, summer and autumn seasons.
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mean areal precipitation graphs. In general, even if raw models already capture the temperature seasonal pattern well, the bias 
adjustment significantly improves the results for all the months and models.

Fig. 4b reports instead the ensemble climate change signal (also called anomaly) for MAT max in terms of expected changes in the 
ensemble monthly average temperatures in the near, medium and long-time horizons in respect to the current climate. First, it can be 
seen that the climate change signal projected by raw models over the future decades is preserved in BC simulations, as expected, due to 
the nature of the SDM bias-correction technique. In terms of the magnitude of the change, temperatures are expected to increase all- 
over the year but especially in the spring and summer months and progressively in future decades, up to 4/5 ◦C in the long-time 
horizon.

5. Streamflow simulation for the assessment of past and future flood volumes

In the present study, the actual purpose of the bias-correction analysis is to provide climatic input to rainfall-runoff models for the 
past and future streamflow simulation, thus providing a reliable climatic-hydrological modelling coupling. Before that, it is essential to 
assess the capability of the raw and bias corrected scenarios to provide meteorological fields that are consistent with the hydrological 
response over the study basin during the control (historical) period, with a special focus on the frequency and magnitude of floods.

To this aim, in the following phase of the validation methodology, rainfall-runoff models are used to simulate the streamflow at the 
basin outlet when fed respectively with the observed fields and the raw and bias-corrected climate scenarios, verifying the effec
tiveness of the bias-correction approach in regard to the reproduction of the streamflow regime over the past years.

As anticipated previously, in order to exclude the dependency of the outcomes on a specific model structure, the approach is tested 
by using two conceptually different hydrological models: the semi-distributed TUW model and the lumped Cemaneige-GR4H model.

First, the two models are parameterised, providing as input the observed fields during the historical period for which hourly 
streamflow records are available at the basin outlet. Calibrated models are then used to simulate streamflow in the control period when 
forced either with observed fields, raw climate scenarios, or bias-corrected climate scenarios. Finally, rainfall-runoff models are fed 
with the projected meteorological fields of raw and bias-corrected climate scenarios in future decades.

5.1. Rainfall-runoff models and model runs

The TUW model is a semi-distributed version of the HBV model (Bergström, 1976; Lindström et al., 1997) developed by Viglione 
and Parajka (2018). It consists of a snow module, a soil moisture module and a flow response and routing module. The model processes 
the sub-basins as autonomous entities that contribute separately to the total outlet flow. The inputs are hourly air temperature, 
precipitation and potential evapotranspiration over the different elevation zones. Finally, the different outputs from the elevation 
zones are averaged based on the sub-catchment areas.

In this study, the model is run with the semi-distributed model structure obtained by dividing it into 200-meters elevation zones. 
While model inputs and model states are defined over such zones, model parameters are assumed to be the same for the entire 
catchment. In the configuration used here, 13 out of the total 15 parameters are calibrated.

The second model is the French CemaNeige-GR4H (Coron et al., 2017). It is the combination of the CemaNeige snow accounting 
routine (Valéry et al., 2014) with the GR4H model (Mathevet, 2005), a hourly lumped continuous rainfall-runoff model, developed at 
INRAE (Antony, France), by the Équipe Hydrologie des Bassins versants. The inputs of the model are spatially-averaged catchment 
hourly air temperature, precipitation and potential evapotranspiration. The model is governed by 6 parameters, to be calibrated. For 

Fig. 4. Mean areal maximum daily temperature (MAT max). Panel a) average monthly values in the reference control period: blue line refers to E- 
OBS, orange line to the RAW models ensemble mean, red line to the BC model ensemble mean, light shaded lines to single climate models; panel b) 
future change of the ensemble monthly average temperatures in future decades in respect to the control period simulations. Dotted lines with 
triangular points and solid lines with squared points refer respectively to RAW and BC ensembles.
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the sake of brevity, we will refer to this model just with the acronym GR4H, even if it will always include the CemaNeige snow module.
For both models, potential evapotranspiration is derived from temperature time series using the simplified method proposed by 

Blaney and Criddle (1962). More details about model routines and parameters are given in the Supplement (Section S3).
The parameterisation of the models is performed by forcing them with observed meteorological input and minimising the dif

ferences between the simulated outputs and the observed records of hourly discharges, available at the basin outlet during the period 
2007–2015. For the sake of brevity, a detailed description of model parametrisation and their calibration performances are reported in 
the Supplement (Section S4). Overall, the performances are satisfactory and both rainfall-runoff models behave well: Kling–Gupta 
efficiencies is 0.882 for TUW and 0.865 for the GR4H model, while Nash Sutcliffe efficiency is 0.729 for TUW and 0.725 for the GR4H 
model.

Once the models are parameterised, they can be used to simulate streamflow at basin output by forcing them with different inputs 
over the past and future decades. Depending on the type of meteorological fields used to force models, the hydrological simulations 
will be here denoted as: 

• TUW-obs and GR4H-obs when the models are forced with observed meteorological fields. In this case, hourly precipitation and 
temperature are the same defined to calibrate the models. According to climatic inputs availability, the models can be run from 
1995 to 2010. Given the obtained calibration performances, such simulations are assumed to be representative of the streamflow 
regime at the basin output.

• TUW-raw/bc and GR4H-raw/bc when the models are forced with meteorological fields simulated by one of the raw/bias-corrected 
EURO-CORDEX scenarios. Hourly precipitation is directly spatially averaged from CORDEX domain, assigning weights to each cell 
based on the portions of the basin (or elevation zone) area covered by each of them. Hourly temperature is instead computed from 
the hourly interpolation on the 24 h of maximum and minimum CORDEX temperatures as done for E-OBS estimates, then spatially 
averaged. Such model simulations (raw and bias-corrected) are run from 1981 to 2100.

5.2. Effectiveness of the bias-correction approach on streamflow modelling in the control period

The core objective of the experiment is to evaluate the effectiveness of the bias-correction approach, applied to raw hourly climate 
scenarios, for the reproduction of the streamflow and for the simulation of flood events. As previously mentioned, the flood volume is 
of particular interest for the design and operation of the flood retention systems in the study catchment and in the region, which would 
be considerably more affected by a future increase in flood volumes rather than in flow peaks.

The simulations obtained by forcing the rainfall-runoff models with the raw and bias-corrected modelling chains (TUW-raw/bc and 
GR4H-raw/bc) are compared to those obtained by using the input derived from historical meteorological observations (TUW-obs and 
GR4H-obs) during the historical control period.

The comparison is performed by considering both the streamflow seasonality and the frequency and magnitude of flood events. 
Analogously to what was done for precipitation and temperatures series (4.3), the selected streamflow features are computed 
comparing the TUW-raw/bc and GR4H-raw/bc simulations over the entire control period 1981–2010 to those retrieved from for TUW- 
obs and GR4H-obs simulations in the shorter observation period 1995–2010. The first year of each simulation is always used as warm- 
up and thus excluded.

5.2.1. Seasonal streamflow regime in the historical period
Fig. 5 compares, for TUW (panel a) and GR4H (panel b) models respectively, the annual cycle of discharge (multiyear regime of 30- 

Fig. 5. Annual cycle of discharges in terms of multiyear regime of 30-days averaged flows in the historical control period for TUW (panel a) and 
GR4H (panel b). Blue lines refer to the simulations obtained with observed meteorological forcings (TUW-obs and GR4H-obs), bolder orange lines to 
the ensemble average of the simulations obtained with RAW climatic forcings (TUW-raw and GR4H-raw), bolder red lines to the ensemble average 
of the simulations obtained with BC climatic forcings (TUW-bc and GR4H-bc). Light shaded lines refer to the simulations obtained by forcing 
hydrological models with single climatic chains.
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days averaged flows) obtained by running the models with observed inputs (blue) against those simulated using as forcing variables the 
raw (orange) and bias-corrected (red) climate scenarios during the historical period of reference.

First, it can be noticed how the results are in line for the two rainfall-runoff models. As expected and consistently to what observed 
for the pattern of monthly MAP (Fig. 2a), the simulations forced by raw climate scenarios (TUW-raw and GR4H-raw) show in general 
an overestimation of discharges during most of the year, with the exception of autumn months where the flow is slightly under
estimated. On the other hand, when feeding rainfall-runoff models with bias-corrected forcings (TUW-bc and GR4H-bc), the sea
sonality of the ensemble mean monthly discharges is generally realigned to those of TUW-obs and GR4H-obs.

5.2.2. Frequency, peaks and volumes of flood events in the historical period
Once verified that the bias-correction approach is overall able to adjust the seasonality of monthly streamflow, the reliability of the 

approach to simulate high flows and flood events is investigated. In particular, flood events are identified from the simulated discharge 
time series adopting the peak over threshold (POT) approach (e.g. Lang et al., 1999; Poncet et al., 2024), which consists of the 
extraction of all the flood peaks exceeding a threshold. Here, such threshold is set to the 95th quantile of observed discharge (as done e. 
g. by Viglione et al., 2013). In addition, since the POT method assumes temporal independence between flood peaks, a declustering 
algorithm - adapted from Lang et al. (1999) - is implemented to identify and separate dependent events. In this study, two flood peaks 
are considered independent if they are separated by at least 96 h and if the intervening discharge drops below 75% of the lower of the 
two peak values.

The features of the flood events (with peaks overpassing the 95% threshold) identified on the historical period are analysed both at 
annual and at seasonal scale. Specifically, three metrics are considered: 

- flood occurrence F95 (-), expressed as the number of events per year/season;
- peak over threshold magnitude POT95 (m3/s);
- flood volume over threshold VOT95 (m3), i.e. the hydrograph volume above the fixed threshold.

Fig. 6 shows the cumulative distribution functions (CDFs) of the POT95 of the events identified in the TUW simulations over the 
historical control period: the CDFs obtained from the TUW-obs simulation (blue) are compared to the TUW-raw curves in the upper 
panels, and to the TUW-bc (red) curves in the lower panels. The CDFs on the left (panels a and e) include the events occurring in 
anytime along the year, while the CDFs in the other panels focus on winter (DJF), spring (MAM) and autumn (SON) events exclusively. 
Summer events are excluded from the CDF plots as their low frequency does not allow for a meaningful statistical characterization. 
Fig. 7 shows instead, with the same fashion, the cumulative distribution function of VOT95 over the historical control period for TUW 
model. Similar considerations can be made for POT95 and VOT95: overall, looking at the CDFs of the events occurring across the entire 
year, raw simulations (panels a in both Figs. 6 and 7) appear to well reproduce peak and volume distributions. However, when focusing 
on the different seasons, the CDFs of TUW-raw deviate substantially from those of TUW-obs in spring (MAM, panel c), where most 
intense floods are overestimated, and especially in autumn (SON, panel d), where all floods are instead generally underestimated. On 
the other hand, TUW-bc simulations (red, lower panels) are able to realign the seasonal CDFs with the observation-based runs. Since 
POT95 and VOT95 distributions of GR4H model are very similar, they are reported in the Supplement only (Section S5) for the sake of 

Fig. 6. Cumulative distribution functions (CDFs) of POT95 over the historical control period for the TUW-raw (orange, upper panels) and TUW-bc 
(red, lower panels), against TUW-obs (blue) runs. CDFs of panels a and e refer to all the events across the year, while panels b to d and f to h refer 
respectively to winter (DJF), spring (MAM) and autumn (SON) events.
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Fig. 7. Cumulative distribution functions (CDFs) of VOT95 over the historical control period for the TUW-raw (orange, upper panels) and TUW-bc 
(red, lower panels), against TUW-obs (blue) runs. CDFs of panels a and e refer to all the events across the year, while panels b to d and f to h refer 
respectively to winter (DJF), spring (MAM) and autumn (SON) events.

Fig. 8. Flood event metrics in the historical control period: average flood frequency (n◦ events per year F95, panels a and b), average flood volume 
(VOT95, panels c and d) and average flood peak magnitude (POT95, panels e and f) for the TUW model (left) and GR4H model (right) respectively. 
Blue dots refer to TUW-obs, bolder orange dots to the TUW-raw and GR4H-raw ensemble mean, bolder red dots to the TUW-bc and GR4H-bc 
ensemble mean, light shaded dots to the average statistics of single climate models. DJF, MAM and SON refer to winter, spring and autumn seasons.
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brevity.
In order to better validate the effectiveness of the modelling chain for the reproduction of flood events characteristics, average flood 

metrics in the control period are also shown. Fig. 8 shows average flood frequency (number of events per year/season) and the cor
responding average peaks, POT95, and volumes. VOT95, in the historical period, both at annual and seasonal scale (again, statistics of 
the very few summer events are excluded). The outcomes are consistent between the two hydrological models. For what concerns the 
frequency of flood events (panels a and b), the bias-correction is definitely able to properly adjust the average number of events per 
year to the simulation forced with meteorological observations, both at annual and seasonal scale (whereas the number of events is 
overall overestimated throughout the years by raw simulations). When analysing the average volume (panels c and d) and average 
peak (panels e and f) of the flood events, the benefit of the bias correction is evident by its ability to reduce the overestimation in spring 
and the underestimation in autumn (that, when taken together over the entire year, balance out each other), while for the winter 
season the corrected models underestimate even more than the raw models.

5.3. Expected changes in future flood regime

The analysis of the previous section verified that the proposed bias-correction approach is able to properly adjust hourly climate 
model outputs, not only to faithfully reproduce past historical climate, but also to produce reliable streamflow simulation when they 
are used to force the selected rainfall-runoff models.

The last step of the approach is the evaluation of future changes in flood regime. Only the simulations produced by forcing the 
hydrological models with bias-corrected scenarios (TUW-bc and GR4H-bc) are considered here. Similarly to what done for climatic 
outputs, since the bias-correction is applied separately over the three different 30 years-time horizons (see 4.2), the evaluation of the 
expected changes in flood regime is analysed accordingly.

Before looking at the future evolution of the flood events, the expected change in the seasonal flow regime is assessed. Fig. 9 shows 
the ensemble 30-days averaged flows obtained in the control period (grey lines), compared to ensemble averages projected for the 
future time horizons: 2011–2040, 2041–2070 and 2071–2100 (pink, magenta and violet lines respectively). While no substantial 
changes are projected in January and Febraury, long-term average flow is expected to decrease from March to June, progressively 
during the coming decades. In November and December instead, the ensemble shows a decrease exclusively for the farthest time 
horizon (2071–2100).

Fig. 10 reports the expected changes in flood event metrics, simulated by TUW-bc (left) and GR4H-bc (right). The outcomes are here 
analysed by comparing them to the expected changes in maximum 24 h precipitation (Fig. 3c), but also to the evolution of the long- 
term annual flow cycle (Fig. 9), which represents a proxy of the average basin moisture state when high rainfall events occur. Overall, 
the results, which are consistent between the two models, show us that the selected model ensemble is projecting a reduction in the 
occurrence of flood events across the entire year, together with an intensification of their magnitude, in terms of both flood volume and 
peak. Again, the analysis of the evolution of flood dynamics at seasonal scale better supports the interpretation of such outcomes.

The frequency of flood events (panels a and b) in autumn (SON) and spring (MAM) is expected to decrease in the coming decades. 
On the other end, the expected pattern of winter (DJF) flood occurrences is less clear, with a very slight increase only in the first two 
time-horizons and a wide spread of the ensemble at the end of the century.

Peaks and volumes of flood events are predicted to experience a similar future evolution. Considering the entire year, the average 
peaks, POT95, and volumes, VOT95, are increasing, and this is mainly due to the autumn events. In the other seasons, instead, the 
intensification of flood magnitude is very limited.

The outcomes of this analysis highlight that the expected changes in future flood dynamics within the study basin are influenced by 
multiple factors depending on the season, which will be discussed further below.

Fig. 9. Future expected changes in the annual cycle of discharges in terms of multiyear regime of 30-days averaged flows for TUW-bc (panel a) and 
GR4H-bc (panel b). Lines refer to ensemble average simulation obtained with BC climatic forcings over the future time horizons (pink, magenta and 
violet) compared to the ensemble historical simulation (grey).
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6. Compound flood-on-drought events

The last step of the methodology entails the assessment of the expected changes in the temporal occurrence and magnitude of 
coupled drought and flood periods. As already mentioned, such analysis is motivated by multiple factors. While in general, future 
changes in the co-occurrence of droughts and floods are expected (e.g. Rashid and Wahl, 2022), the number of studies in the literature 
addressing the evolution of abrupt changes in the hydrological state is still limited (Brunner, 2023).

Here, following the same rationale of the previous phases of the work, the characterization of flood-on-drought occurrences is 
performed. In particular, floods occurring during droughts (identified by means of the Standardised Streamflow Index, SSI, 
Vicente-Serrano et al., 2012) are labelled as flood-on-drought events. Although the proposed methodology combines two widely 
established metrics—the POT approach for flood identification and the SSI for hydrological droughts—it introduces a novel 
perspective, as previous research on these compound events has predominantly relied on non-standardised drought indicators (e.g. 
Götte and Brunner, 2024; Matanó et al., 2024). Testing the efficacy of the SSI for this specific purpose is particularly relevant: not only 
does it capture the cumulative nature of water deficits over time, but it is also a widely recognized tool employed for drought 
monitoring and for assessing the impacts of water scarcity on agriculture and overall water availability.

The experiment showed in this section is conducted exclusively for streamflow time series (TUW-bc and GR4H-bc) obtained forcing 
the two rainfall-runoff models with bias-corrected meteorological time series.

6.1. SSI computation and identification of drought events

The Standardised Streamflow Index (SSI, Vicente-Serrano et al., 2012), one of the most widely used drought indexes, is adopted to 
detect and characterize hydrological drought events in the study catchment. The SSI is a statistical monthly indicator based on the 
cumulated averaged streamflow across a period of n months: the index compares the difference of such quantity, over a given time 
interval, with the long-term streamflow distribution for the same location and accumulation period. The calculation procedure of SSI 
involves two steps: fitting a probability distribution to the n-months time series of cumulated streamflow average and then trans
forming the cumulative probability of the fitted distribution into a standard normal distribution (with mean zero and unit variance).

Following few preliminary tests and recommendations from past studies (Lema et al., 2025; Tijdeman et al., 2020; Vicente-Serrano 

Fig. 10. Future expected changes in flood event metrics: average flood occurrence (n◦ events per year F95, panels a and b), average flood volume 
(VOT95, panels c and d) and average flood peak magnitude (POT95, panels e and f) for TUW-bc model (left) and GR4H-bc model (right) respectively. 
Bolder dots refer to ensemble average simulation obtained with BC climatic forcings, light shaded dots to the average statistics of single climate 
models. DJF, MAM and SON refer to winter, spring and autumn seasons.
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et al., 2012), here we use the generalized logistic distribution to compute the SSI. For the purpose of this application, an aggregation 
time scale of three months (i.e. SSI− 3) is used, in accordance with the seasonal nature of the analysis.

SSI computation is performed for each of the simulated TUW-bc and GR4H-bc streamflow time-series, when forced with each of the 
bias-corrected GCM-RCM modelling chain. Similarly to what done in a number of previous studies (e.g. Osuch et al., 2016; Spinoni 
et al., 2020, 2015), we selected the entire period (1981–2100) as a baseline period to fit the underlying probability distributions of the 
drought indicator, so that the 3-months averaged streamflow thresholds used for identifying a drought (see below) do not change along 
the entire century.

Once we had computed the SSI− 3 values for each month from 1982 to 2100, we identified the drought by means of the ‘‘run 
theory’’ as proposed by Yevjevich (1967). That is to say: a drought starts when the drought indicator falls below one negative standard 
deviation for at least two consecutive months and ends when the indicator turns positive.

Fig. 11 illustrates the evolution of drought characteristics across the future time horizons. In particular, it shows the total drought 
duration (i.e. the “months in drought”), expressed as the n◦ of months belonging to drought events in a 30-years period (panel a), the 
average duration of drought events (panel b) and the average severity of the events, expressed as the sum of SSI absolute values during 
the drought (panel c). It can be noticed that drought statistics simulated by the two rainfall-runoff models are consistent between each 
other, and for both models the hydrological droughts in the region are projected to become progressively longer and more severe 
towards the end of the century.

6.2. Expected changes in flood-on-drought events

Once SSI-based droughts have been detected, the subset of flood events occurring during such periods (flood-on-drought events) are 
identified and their evolution along the entire century is investigated.

The same three indicators considered for overall flood events are defined for such compound events: flood-on-drought occurrences 
FFonD (-), expressed as the number of events per year/season), the average flood-on-drought peak magnitude POTFonD (m3/s), and the 
average flood-on-drought volume VOTFonD (m3).

The results of the experiment are reported in Fig. 12, following the same format adopted in the previous section when considering 
all the flood events. On an annual basis, despite the overall decrease in the frequency of all the flood events (F95, Fig. 10a-b), the 
occurrence of flood-on-drought ones (FFonD, Fig. 12a-b) clearly shows a significant opposite upward future trend in the coming de
cades, with a projection of a triple number of these types of events by the end of the century according to both rainfall-runoff sim
ulations. By focusing on individual seasons, it can be observed that the largest increase in such events occurs during winter (DJF).

Comparing the magnitude (peaks and volumes) of flood-on-drought events (Fig. 12) with that of all floods (Fig. 10), in terms of both 
average volumetric contribution (panels c and d) and average peak discharge (panels e and f), it is evident that events occurring during 
droughts are, on average, of lower intensity, as expected. Regarding the projected changes for such events, no significant future shift is 
detected. In particular, the variability of the two metrics across simulations forced by different GCM-RCMs is very high and does not 
result in a clear future signal.

7. Discussion

A comprehensive interpretation of the findings requires assessing the cascading impacts of the bias correction procedure on hy
drological simulations, alongside the expected future changes in hydrometeorological extremes and flood dynamics.

The results highlight that the application of a bias correction (BC) procedure was absolutely necessary, particularly for precipi
tation. The uncorrected (raw) climate models exhibited a significantly distorted seasonality in terms of both mean and extreme rainfall 
when compared to ground observations. Overall, the BC procedure successfully mitigated these discrepancies, effectively realigning 
the modelled climate dynamics with the observed regime.

Regarding the annual cycle of precipitation (Fig. 2a), minor differences between some bias-corrected climate chains and the ob
servations persist. These residual discrepancies can likely be attributed to the fact that observational data are available for only a part 

Fig. 11. Future pattern of drought characteristics: a) total drought duration, expressed as the n◦ of months belonging to drought events in a 30-years 
period; b) average duration of drought events; c) average severity of the events, expressed as the sum of SSI absolute values during the drought.
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of the years (1995–2010) constituting the historical control period (1981–2010); consequently, the inter-annual variability of the 
observations is thus not fully represented.

When focusing on extreme events (Fig. 3a), the effectiveness of the BC procedure on the maximum 24-hour precipitation is, un
surprisingly, lower than its performance in correcting monthly averages. This limitation primarily stems from two factors. First, 
maximum rainfall is not explicitly included as a variable for scaling in the SDM technique. Second, because the BC is applied inde
pendently on each grid cell, it does not explicitly impose to respect the high spatio-temporal correlation of rainfall events. As a result, 
the correction tends to underestimate the observed maximum areal rainfall. This behaviour was expected, since the bias-adjustment 
procedure has greater difficulty in correcting extreme values compared to average values (as seen in Fig. 2), as well as an even more 
amplified difficulty in correcting the structure of the 24-hour rainfall events compared to the single hourly data. Despite these limi
tations, the BC procedure consistently brings the simulated extreme values closer to the observations compared to the raw models.

The performance of the BC on precipitation fields cascades directly into the hydrological responses simulated by the two rainfall- 
runoff models. The BC procedure successfully adjusts the seasonality of both the mean annual streamflow cycle (as depicted by the 30- 
day moving window in Fig. 5) and, most importantly for the present study, the flood events in terms of peaks and volumes. While their 
Cumulative Distribution Functions (CDFs, see Figs. 6 and 7) at the annual scale show similar curves with minimal discrepancies be
tween raw and corrected inputs, analyzing the data at the seasonal scale reveals the crucial value of the BC. More in particular, 
comparing the magnitude of flood volumes and peaks (Fig. 8) with the pattern of maximum 24 h precipitation (Fig. 3a), it can be 
noticed that TUW-bc and GR4H-bc underestimate flood volumes in wetter seasons (DJF and SON), in accordance with the largest bias 
between BC and OBS precipitation extremes. In such months in fact, seasonal precipitation is higher, dry spells are limited and 
catchment soils are likely to be saturated; therefore, hydrological dynamics are generally faster, with most of rainfall is propagated as 
surface and sub-surface runoff, and the underestimation in high rainfall and floods are aligned. Despite this cascading bias, the overall 
seasonality of the flood event features is corrected accordingly to the observation-forced simulations; such results are consistent with 
those obtained by Reszler et al., (2018), who tested the effectiveness of the SDM technique on regional climate simulations for the 
purpose of flood modelling: they showed that the bias-correction procedure is able to adjust flood seasonality by correcting total event 
rainfall amounts but, since it does not account for spatial and temporal correlation of precipitation, it may also affect the dynamics of 
spatially extensive and persistent meteorological events, which typically trigger major flood events in meso-scale catchments.

Moving beyond the evaluation of the bias correction procedure, the second major focus of this discussion addresses the projected 

Fig. 12. Future expected changes in flood-on-drought event metrics: average flood-on-drought occurrence (n◦ events per year FFonD, panels a and b), 
average flood-on-drought volume (VOTFonD, panels c and d) and average flood-on-drought peak magnitude (POTFonD, panels e and f) for TUW-bc 
model (left) and GR4H-bc model (right) respectively. Bolder dots refer to ensemble average simulation obtained with BC climatic forcings, light 
shaded dots to the average statistics of single climate models. DJF, MAM and SON refer to winter, spring and autumn seasons.
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changes in the basin hydrometeorological regime. As a preliminary remark, the obtained results should be interpreted considering one 
of the limitations of the study, namely that climate-model uncertainty is only partly represented. As detailed in 4.1, the selected climate 
modelling chains do not constitute a full probabilistic assessment, but are rather conditional on a specific RCA4-based high-emission 
ensemble. While this selected subsample provides a robust representation of GCM-driven variability—thanks to the inclusion of models 
with widely different Equilibrium Climate Sensitivity (ECS)—it does not account for uncertainty related to RCM structure, internal 
variability, convective parameterisations or alternative scenarios, which may be relevant for sub-daily precipitation and flood- 
generating events. From a broader regional perspective, we observe that the general projected precipitation changes in future de
cades are in line with previous findings (EEA, 2024; IPCC, 2023; Iturbide et al., 2022) in the Southern Europe region. While this 
macroscopic consistency does not overcome the uncertainties tied to the limited ensemble size at the localized catchment scale, it 
provides a basic verification of the overarching climatological signals: while seasonal precipitation is expected to decrease from April 
to July, with a drop reaching 20% at the end of the century, maximum rainfall seems to moderately increase along the decades in the 
cold seasons (winter and autumn), remaining stable in spring and highly fluctuating in summer.

Translating these climate signals into streamflow scenarios inherently relies on the chosen modelling chain. It is clear that one of 
the main advantages of the chosen parsimonious model structures is that meteorological forcings are the only input data required, thus 
making the methodology easily transferable to different case studies. On the other hand, they cannot, of course, account for changes 
other than in rainfall and temperature inputs, such as potential future changes in land use, root zone capacity, vegetation, and human 
interventions. Furthermore, potential evapotranspiration is estimated from temperature using the Blaney-Criddle method. This 
formulation was chosen due to the limited data availability—specifically, solely precipitation and temperature data—which precluded 
the application of more physically based, albeit still empirical, approaches like the Penman-Monteith equation. These choices are 
simple and highly transferable, and common to many impact studies in the literature (e.g., among many others, Chauveau et al., 2013; 
Lemaitre-Basset et al., 2021; Z. Li et al., 2022; Melsen et al., 2018; Poncet et al., 2024), but they undeniably represent a limitation that 
must be carefully taken into account when analyzing the simulated projections.

The simulated future pattern of the annual cycle of discharges (Fig. 9) is consistent with the climate change signal for future 
precipitation and temperatures. The already mentioned future precipitation decrease, combined with the exceptional expected tem
perature rise, up to 5.5 ◦C (twice compared to the temperature increase expected for the medium time horizon 2041–2070), implies 
that the basin state from mid- to late spring and at the beginning of autumn will be more likely dry, significantly affecting rainfall- 
runoff dynamics.

Expected changes in future flood dynamics within the study basin are influenced by multiple factors depending on the season. The 
frequency of flood events (Fig. 10, panels a and b) in autumn and spring is expected to decrease in the coming decades. This behaviour 
can be associated much more with the expected pattern of long-term average flow (Fig. 9) than with the future changes in 24 h 
precipitation maxima (Fig. 3c). In such seasons in fact—especially in spring where the reduction of flood occurrences in the future 
decades is more pronounced—the average flow, which represents an indicator of the catchment status preceding the rainfall events, is 
projected to be progressively lower. We verified this behaviour by analysing the basin antecedent condition before the flood events, 
using the simulated water content in all the internal storages within the conceptual models as its proxy, alongside the characteristics of 
the precipitation events that triggered the floods. This supporting analysis, detailed in Section S6 of the Supplement for the sake of 
brevity, supports the interpretation that the reduction in flood occurrence is linked to progressively drier antecedent conditions over 
the course of the century. Concurrently, the precipitation events triggering these floods are found to be more intense, compensating for 
the higher infiltration capacity of the basin. Notably, future drier soil moisture conditions increase infiltration processes, reduce the 
surface runoff generated by the successive high rainfall events, and can compensate for the increase in heavy precipitation for small to 
moderate floods (e.g., Bertola et al., 2021; Brunner et al., 2021; Tramblay et al., 2023; Wasko and Guo, 2022). This compensating effect 
is not observed in the same way during winter (DJF), where future evolution of flood occurrences is less clear, with a very slight 
increase only in the first two time-horizons and a wide spread of the ensemble at the end of the century. This indistinct pattern may be 
due to the combination of a progressive but moderate increase in winter maximum precipitation and drier antecedent catchment 
conditions.

On the other hand, changes in the magnitude of flood peaks and volumes are very limited for all seasons except for autumn, when 
the expected strong increase in the 24 h precipitation maxima (Fig. 3), likely combined with higher seasonal average flows (Fig. 9), 
translates into a substantial increase in flood volumes and peaks.

In general, while the intensification of extreme rainfall events in autumn is expected to lead to increased flood peaks and volumes, 
floods are projected to become less frequent, especially in spring, due to the overall drier long-term hydrological conditions in the 
watershed.

Building on these shifts in flood-generating conditions, the future evolution of flood-on-drought events reveals additional insights. 
Unlike the general decline projected for flood occurrences, these compound events exhibit a distinct upward trend, with their fre
quency expected to triple by the end of the century. This behavior is most prominent during the winter season: while floods are 
projected to remain overall stable in winter, the proportion of such events occurring during droughts is increasing in the future de
cades. In fact, while average flow conditions in winter months are expected to decrease only slightly (Fig. 9), the probability of 
encountering drought events—which are defined according to the season and account for the cumulative average runoff in the 
basin—grows as the end of the century approaches (Fig. 11). For the other seasons, instead, the overall number of flood events is 
expected to decrease, but since the drought condition becomes more frequent, the frequency of flood-on-drought events remains 
stable, with only a slight increase observed in autumn. In general, the results confirm that for the study area, and according to the 
metrics used in this experiment, an increase in the frequency of compound events and rapid transitions from dry periods to floods is 
expected, primarily driven by the increase of drought occurrences. However, similarly to what observed by larger-scale studies 
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(Matanó et al., 2024), these events remain, on average, of lower intensity compared to “standard” floods, and no clear evidence of their 
future intensification emerges from the simulations.

8. Conclusions

A methodology based on the bias-correction of hourly climate GCM-RCM simulations and continuous rainfall-runoff modelling was 
implemented to reproduce the occurrence and magnitude of past and future flood events in the Northern Apennines, using as a case 
study the mid-sized Panaro catchment. In addition to a focus on flood events, the future evolution of compound flood and drought 
events has also been studied, in order to obtain an estimate of the expected changes in drought-to-flood transitions.

The bias correction successfully reproduced average monthly statistics but slightly underestimated 24-hour maximum precipita
tion. Consequently, while the overall reproduction of flood features improved, winter and autumn flood peaks and volumes remained 
underestimated, reflecting the inherent limitations of the bias correction approach in capturing the spatio-temporal correlation of 
major rainfall events.

The analysis of the expected changes in the future flood regime highlighted that the ensemble projects a lower frequency of flood 
events throughout the year, especially in spring, due to the overall drier long-term hydrological conditions in the watershed, which can 
compensate for the increase in heavy precipitation for small to moderate floods. Yet, an increase of the flood magnitude in terms of 
both volume and peak is expected in autumn for the strong intensification of extreme rainfalls.

A key value of this analysis lies in its explicit focus on the seasonality of the events. Accounting for seasonal dynamics allows to 
highlight the crucial role of the bias-correction procedure not only in adjusting the magnitude of the forcing variables but, more 
importantly, in correctly realigning their timing. Indeed, the necessity of considering seasonality and anticipating changes in the 
seasonal regime of floods has been widely emphasized by several prominent studies (Blöschl et al., 2017; Fang et al., 2022; Gu et al., 
2025)

An approach to evaluate abrupt changes from drought to flood conditions was also proposed, driven by the need for a compre
hensive characterisation of compound drought and flood events, already recently raised by the hydrological community (Kreibich 
et al., 2019, 2021; Ward et al., 2020), who highlighted how flood or drought risk reduction measures can have (unintended) positive or 
negative impacts on the risk of the opposite hazard, with important implications for practical flood and drought risk management.

Overall, the authors believe that this study may provide a valuable basis to support climate adaptation strategies within the region. 
By estimating the expected changes in floods occurrence and magnitude, projecting the future evolution of hydrological droughts, and 
finally testing specific metrics for compound flood-on-drought occurrences, the research contributes to the understanding of local 
climatic impacts, serving as a critical foundation for informing land-protection strategies. Future work will aim to build upon this 
framework, primarily by using larger multi-RCM ensemble to better quantify the associated uncertainties and further strengthen the 
robustness of the projected scenarios, but also extending the analysis to additional Apennines catchments.
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Viglione, A., Parajka, J., Rogger, M., Salinas, J.L., Laaha, G., Sivapalan, M., Blöschl, G., 2013. Comparative assessment of predictions in ungauged basins—Part 3: 
Runoff signatures in Austria. Hydrol. Earth Syst. Sci. 17 (6), 2263–2279. https://doi.org/10.5194/hess-17-2263-2013.

Viglione, A., & Parajka, J. (2018). TUWmodel: Lumped Hydrological Model for Education Purposes. https://CRAN.R-project.org/package=TUWmodel.
Vrac, M., Friederichs, P., 2015. Multivariate—Intervariable, Spatial, and Temporal—Bias Correction*. J. Clim. 28 (1), 218–237. https://doi.org/10.1175/JCLI-D-14- 

00059.1.
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