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Abstract 15 

Extreme hydrological events such as floods are intensifying under climate change, yet 16 

uncertainties in local-scale rainfall projections impede reliable adaptation strategies. This study 17 

examines future rainfall extremes and their daily timing in the Misa River basin (Central Italy) 18 

using the Weather Research and Forecasting (WRF) and Consortium for Small-scale Modeling in 19 

Climate Mode (COSMO-CLM) models, together with rain gauge observations, comparing 20 

historical periods (1979–2008 and 1981–2008, respectively) with a future period (2039–2068) 21 

under RCP8.5. Mean-state precipitation is projected to decrease annually and in summer, while 22 

November average daily precipitation increases. In contrast, extreme precipitation shows a 23 

different pattern: both models project more frequent extremes relative to their own historical 24 

baselines, with a historical 100-year event becoming 10–20 times more frequent by mid-century. 25 

However, the models diverge when evaluated against observed historical flood events: WRF shows 26 

a broadly uniform response, with return periods for past events reduced by nearly 50% while 27 

COSMO shows an event-dependent response, with events remaining within the 95% confidence 28 

bound. Sub-daily event magnitudes, including average peak intensity and nine-hour maximum 29 

accumulation, decrease in both models. Overall, both models agree that extremes intensify in a 30 

model-relative sense, but this agreement breaks down against observed benchmarks and sub-daily 31 

magnitudes, reflecting model-chain spread rather than uniform intensification. These results 32 

suggest that historically based design standards may underestimate future rainfall hazards under 33 

some projections, underscoring the need to account for model-chain uncertainty in flood risk 34 

planning across the Misa River basin. 35 
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https://doi.org/10.5194/egusphere-2026-4780
Preprint. Discussion started: 19 August 2026
c© Author(s) 2026. CC BY 4.0 License.



   

 

2 

 

1. INTRODUCTION 38 

Climate change is increasingly affecting social and ecological systems, impacting human life, 39 

endangering security, and influencing numerous industries at various scales worldwide (Aguiar et 40 

al., 2018; IPCC, 2023). Although mitigation actions are essential for counteracting global warming 41 

by gradually reducing greenhouse gas emissions, there is an immediate need for adaptation to 42 

intensifying climate impacts (Ledda et al., 2020). Observational data show that climate change 43 

increases the frequency and intensity of extreme events, including heavy rainfall (IPCC, 2023). 44 

This aligns with the Clausius-Clapeyron relationship, which indicates that the atmosphere can hold 45 

approximately 7% more water vapor per 1°C of warming, thereby increasing the potential for more 46 

intense precipitation when dynamical conditions are favorable (Trenberth et al., 2003; Held and 47 

Soden, 2006). Moreover, the rate of increase in precipitation extremes is influenced by multiple 48 

factors, including changes in the vertical velocity profile, alterations in precipitation efficiency 49 

(Hagos et al., 2021; Li et al., 2023) and both direct and indirect soil moisture-precipitation 50 

feedback (Manabe and Wetherald, 1987; Findell and Elfatih, 2003). 51 

The Mediterranean region is particularly vulnerable to these changes, where interactions between 52 

large-scale atmospheric circulation and complex local topography, especially the Apennine 53 

Mountains, strongly shape precipitation patterns (Tartaglione, 2025). Although Regional Climate 54 

Models (RCMs) use dynamic downscaling from Global Climate Models (GCMs), they struggle to 55 

accurately capture sub-daily convective storms in complex topographic settings (Berg et al., 2019). 56 

Convection-permitting models (CPMs), operating at horizontal grid spacing finer than 4 km, 57 

explicitly represent deep convective processes, enabling more realistic simulation of short-58 

duration extreme rainfall intensity, frequency, and trends at the basin scale (Pieri et al., 2015;  59 

Kendon et al., 2021; Napoli et al., 2023). By directly resolving convective processes, CPMs bridge 60 

the gap between regional climate signals and local hydrological impacts, providing the physical 61 

detail necessary to ground adaptation strategies in the realities of a warming Mediterranean climate 62 

(Kendon et al., 2012; Lucas-Picher et al., 2021). 63 

The Misa River basin in central Italy is a critical case study for extreme rainfall analysis due to its 64 

high hydro-meteorological vulnerability and complex drainage configuration. Stretching from the 65 

Apennine Mountains to the Adriatic Sea, the basin features steep orographic gradients that have 66 

historically driven repeated flooding (Brocchini et al., 2017; Tartaglione, 2025). Forced lifting of 67 
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moist Adriatic air over steep slopes produces very short lags between peak rainfall and peak river 68 

discharge, making the basin particularly susceptible to flash flooding, resulting in a hazard 69 

expected to intensify under climate change. Despite advances in CPM, significant gaps remain at 70 

the catchment scale. First, although CPM simulations have been produced for broader 71 

Mediterranean and Italian regional domains (Torma et al., 2015; Berthou et al., 2020; Pichelli et 72 

al., 2021), their focused application to small, high-vulnerability catchments such as the Misa River 73 

basin remains limited, evaluating the RCMs in basin-scale flood risk management (Fosser et al., 74 

2015). Second, existing studies assess generalized return-period statistics, and the distribution of 75 

rainfall within an event may shift under future conditions  (Westra et al., 2014; Prein et al., 2017; 76 

Ban et al., 2020). Third, the recurrence intervals of specific historically catastrophic events have 77 

seldom been evaluated under future climate scenarios at the basin and station levels, despite their 78 

direct relevance for infrastructure design and civil protection planning (Rajczak and Schär, 2017; 79 

Myhre et al., 2019). 80 

To address these gaps and to provide a new methodological framework for the study of the 81 

hydrological processes in medium-sized Mediterranean catchments under climate change 82 

phenomena, this study combines rain gauge observations with two CPM climate simulations to 83 

investigate future changes in extreme rainfall in the Misa River basin under RCP8.5 scenarios. 84 

Specifically, this study aims to (1) assess changes in annual-to-seasonal precipitation, extreme 85 

rainfall intensity, and change in event frequency between the historical period (1979/81–2008) and 86 

the future period (2039–2068); (2) quantify how return periods of specific historically catastrophic 87 

flood events will change under future climate conditions at the basin and station levels; (3) 88 

characterize shifts in the intra-storm temporal structure of future extreme events using Huff curve 89 

analysis; and (4) provide insights applicable to rainfall hazard for infrastructure planning in small 90 

Mediterranean catchments.  91 

 92 

 93 
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2. DATA AND METHODS 94 

2.1 Study Area: Misa River Basin 95 

The Misa River basin conveys its flow through Senigallia to the Adriatic Sea, traversing a coastal 96 

setting. The basin covers an area of 384 km2 and the main streamlines stretch roughly 48 km from 97 

the Apennine Mountains to the Adriatic Sea. The basin exhibits significant elevation variation, 98 

ranging from sea level at the outlet to about 828 m in the upstream mountainous regions (Fig. 1). 99 

This pronounced gradient creates a distinct transition from inland hilly terrain to a narrow coastal 100 

plain, where the final reach of the river extends for about 10km through an urbanized area (Marco 101 

et al., 2021). Hydrologically, the basin stream is organized into branches, with the Nevola stream 102 

as the principal tributary and Misa as the mainstream, both originating in the Apennine Mountains, 103 

which join the Misa upstream of Senigallia. Land use is predominantly agricultural across most of 104 

the basin, with intensive cultivation shaping the runoff process. In contrast, urban development 105 

becomes dominant near the outlet, where human interventions, particularly channel construction 106 

for infrastructure and settlement, have significantly altered river morphology and reduced flow 107 

conveyance capacity (Verol et al., 2020). 108 

Record-breaking rainfall over very short durations has recently intensified extreme events in the 109 

basin. For instance, on September 15th, 2022, the surrounding area experienced intense flooding, 110 

with cumulative rainfall exceeding 420 mm in just a few hours (Donnini et al., 2023), and the 111 

Misa-Nevola basin received over 200 mm. These extreme inputs frequently trigger overbank flow 112 

in the river, leading to widespread flooding in adjacent low-lying and urbanized areas. This flood 113 

resulted in an estimated damage of approximately 2 billion euros and caused 13 fatalities; the 114 

rainfall event mainly affected the border group Northern Marche area, with impacts specifically 115 

attributable to the Misa-Nevola area (Corti et al., 2024). A similar event occurred in May 2014: 116 

the principal flooding in Senigallia city was associated with the overflow of the Misa River 117 

(Mattavelli, 2023), which was associated with intense precipitation driven by a cyclone originating 118 

over the Gulf of Genoa (Tartaglione, 2025), resulting in 3 fatalities and damage totaling 180 119 

million euros (Corti et al., 2024). These events are typically associated with the interaction of 120 

moisture-laden cyclonic systems and orographic uplift over the Apennines, which intensify and 121 

prolong rainfall extremes. The combination of geomorphological constraints, land-use pressures, 122 
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and increasingly intense precipitation patterns make the Misa River basin particularly susceptible 123 

to flash flooding. 124 

 125 

Figure 1. Study area map: Italy with its administrative boundaries (left side) and the Misa River basin, 126 

which includes DEM (Digital Elevation Model), weather gauging stations, and the drainage network (right 127 

side). Background mapping features of the Misa River basin are derived from OpenStreetMap (data 128 

available under the Open Database License, © OpenStreetMap contributors) and the Italian boundary of 129 

the Esri Ocean Basemap (Sources: Esri, GEBCO, NOAA, National Geographic, Garmin, and contributors 130 

| Powered by Esri). 131 

2.2 Data 132 

This study employs one daily observed precipitation record from 1951 to 2023 and three 133 

convection-permitting modeling (CPM) approaches: (1) the Consortium for Small-scale 134 

Modelling in Climate Mode (COSMO-CLM), which dynamically downscales the CMIP5 global 135 

model CMCC-CM to produce the Very High-Resolution Projections for Italy (VHR-PRO_IT) 136 

under the RCP8.5 scenario; (2) the Weather Research and Forecasting (WRF) model, driven by 137 
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dynamically downscaled EC-Earth global model data under the RCP8.5 scenario, providing a 30-138 

year historical baseline (1979–2008) and future projection (2039–2068); and (3) a WRF hindcast 139 

of individual historical observed daily extreme events, forced by ERA5 reanalysis at 0.25° 140 

resolution, reconstructing hourly time series of observed extremes over the Misa River basin. A 141 

description of all datasets used in this study is provided below 142 

2.2.1 Observational data 143 

The daily observed precipitation records from 1951 to 2023 were obtained from the Istituto 144 

Superiore per la Protezione e la Ricerca Ambientale (https://www.isprambiente.gov.it/it). The 145 

network comprises six stations that capture the Misa River basin's topographic variability, with 146 

higher density in the upstream hilly terrain (Arcevia, Barbara, Colle, and Corinaldo), a mid-basin 147 

station (Bettolelle), and a downstream coastal station (Senigallia), illustrated in Fig. 1. Data 148 

screening revealed critical gaps: a regional transition from manual to automated instrumentation 149 

in 1990 caused a complete data loss across all stations except Arcevia, and Bettolelle lacked multi-150 

decadal data because of its late installation in the 2000s. Therefore, the 1990 data gap and the 151 

entire Bettolelle time series were excluded from further processing. 152 

A localized Multiple Linear Regression (MLR) framework was applied to resolve remaining 153 

record gaps and construct a continuous daily series suitable for climatological continuity analysis 154 

(Portuguez-maurtua et al., 2022; Chang and Burningham, 2024; Al-jahwari et al., 2026). Following 155 

spatial dependence protocols (Brunetti et al., 2006), donor gauges for each target station were 156 

dynamically selected based on a strict cross-correlation baseline criterion (r > 0.6). This setup 157 

ensures that missing values are reconstructed using climatologically synchronized neighbors rather 158 

than mere geometric distance, which is expected to better preserve upper-tail variance than 159 

standard proximity interpolation (Teegavarapu and Chandramouli, 2005). For missing days, an 160 

ordinary least squares linear model utilized up to three highly correlated neighboring stations, 161 

enforcing a mathematical lower-bound filter to prevent unphysical negative values (Serrano-162 

notivoli et al., 2017).  163 

This transparent, mathematically stable benchmark offers a robust alternative to complex machine-164 

learning approaches, avoiding the associated risk of overfitting, though, as with most gap-filling 165 

methods, it moderately smooths the most extreme daily values (Portuguez-maurtua et al., 2022). 166 

This approach successfully resolved all minor gaps of Arcevia (0.25%), Corinaldo (0.57%), Colle 167 
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(1.93%), Barbara (2.30%), and Senigallia (3.15%) across the catchment network, as shown in 168 

Table 1. Cross-validation (Table S1 in the Supplement) indicated residual attenuation of high 169 

percentiles (P95/P99, evaluated via percentage bias) and single-day maxima (Rx1day MAE), 170 

alongside wet/dry occurrence accuracy assessed via the Critical Success Index. This attenuation 171 

was not formally propagated into the Generalized Extreme Value (GEV) for extreme-value 172 

analysis and represents an additional source of uncertainty in the resulting return-level estimates. 173 

Finally, a cumulative plot verifies the infilling framework (Fig. S1 in the Supplement), and perfect 174 

overlapping across three stations indicates high original data completeness. For the remaining two 175 

stations, the upward divergence of the infilled lines in the latter half of the timeline reflects the 176 

successful recovery of accumulated rainfall during a data gap, effectively restoring the continuous 177 

regional hydrological trend. The 95th percentile threshold graph of these observed data is 178 

illustrated in Fig. 2 to show the localized extremes at each meteorological station. 179 

Table 1. Gauge station name, location, period of data covered, active data days, and the proportion of 180 

missing data in the Misa River basin. The 1990-year data are excluded in both data period lists and missed 181 

data columns. 182 

Station 

name 

Longitude Latitude Z (m 

asl) 
Data period Active 

data (day) 
Total missed 

data (day) 
Missed 

data (%) 

Arcevia 12°56' 43°29' 535 1951-2023 26233 65 0.25 

Barbara 13°1' 43°34' 219 1951-2023 25692 606 2.30 

Colle 13°3' 43°32 193 1951-2023 25790 508 1.93 

Corinaldo 13°2' 43°38' 203 1951-2023 26149 149 0.57 

Senigallia 13°12' 43°42' 5 1951-2023 25470 828 3.15 

 183 
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184 

Figure 2. Long-term daily observed rainfall (1951–2023) at the five primary gauge stations (Arcevia, 185 

Barbara, Colle, Corinaldo, and Senigallia), identified using an empirical 95th percentile wet-day threshold. 186 

The scatter profile establishes the historical upper-tail distribution of localized convective anomalies and 187 

synchronized, basin-wide extreme rainfall from gauging stations. 188 

2.2.2 WRF Hindcast of Extreme Events 189 

The catastrophic historical extreme events in the Misa basin between 1940 and the present were 190 

hindcasted to reconstruct hourly precipitation distributions because most of them fall outside the 191 

model's simulation baseline periods and are in a daily record at the stations. The setup of the model 192 

corresponds to the operational WRF at 1.5 km over Italy in the WRF Open Loop (Apicella et al., 193 

2021). The WRF-Open Loop configuration uses three two-way nested domains with horizontal 194 

grid spacings of 13.5 km, 4.5 km, and 1.5 km, respectively, and 50 vertical levels. The innermost 195 

domain, covering the Italian peninsula at a convection-permitting scale, has 943 × 883 grid points. 196 

Initial and hourly lateral boundary conditions are provided by ERA5 reanalysis of 0.25° resolution, 197 

providing initial and hourly lateral boundary conditions consistent across the full historical period.  198 

Each historical event was simulated as an individual run initialized 24 hours before the event peak, 199 

with a 6-hour spin-up period and and initial and boundary conditions from the ERA5 dataset. The 200 

model produces a 48-hour forecast every day, initialized at 00 UTC. The physical parameterization 201 

suite includes the Yonsei University scheme for planetary boundary layer turbulence closure, 202 

following Hong et al. (2006). Radiation is represented through the RRTMG shortwave and 203 

longwave schemes (Iacono et al., 2008). Land-surface processes are represented using the Rapid 204 
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Update Cycle land-surface model (Smirnova et al., 1996 and 2000). For cumulus convection, the 205 

configuration uses the New Simplified Arakawa–Schubert scheme of Han and Pan (2011) only in 206 

the outermost 13.5 km domain. No cumulus parameterization is activated in the 4.5 km and 1.5 207 

km inner domains, because these resolutions are considered able to explicitly resolve convective 208 

dynamics. Microphysics parameterization is based on (Thompson et al., 2008). 209 

2.2.3 WRF Climate Simulation 210 

The non-hydrostatic WRF model is used to produce climate change scenarios over the Greater 211 

Alpine Region using a convection-permitting domain with 4 km inner resolution (Napoli et al., 212 

2023). Using the EC-Earth global model as initial and boundary conditions and the high-emission 213 

scenario (RCP8.5), the study compares a 30-year historical baseline (1979–2008) with future 214 

projections (2039-2068) with output at hourly temporal resolution. The setup employs two-way 215 

nesting (12 km and 4 km resolutions for the outer and inner domains, respectively) with 50 terrain-216 

following vertical levels and different physical parameterizations, including the Tiedtke 217 

convection scheme for the outer domain (Tiedtke, 1989) and the Thompson Aerosol-Aware 218 

microphysics (Thompson and Eidhammer, 2014). Furthermore, radiative forcing is managed 219 

through the Rapid Radiative Transfer Model for Global (RRTMG) scheme with active greenhouse 220 

gas updates (Iacono et al., 2008), while the Yonsei University scheme handles boundary layer 221 

transition (Hong et al., 2006).  222 

2.2.4 COSMO-CLM Climate Simulation 223 

The precipitation data used in this study were obtained from the high-resolution climate projection 224 

dataset VHR-PRO_IT, generated within the HIGHLANDER project and distributed via the CMCC 225 

Data Delivery System (https://dds.cmcc.it, last accessed: 20 July 2026) under a Creative Commons 226 

Attribution 4.0 International (CC BY 4.0) license as listed on the DDS platform (DOI: 227 

https://doi.org/10.25424/CMCC-J90A-5P12; Raffa et al., 2023), publication date of 01-07-2022. 228 

The CMCC DDS temporal-coverage interface lists historical data availability from 1981 and 229 

scenario data availability through 2070; data through 2068 were confirmed available and 230 

downloaded for this study. This extends beyond the 60 years (1989–2050) described in the original 231 

dataset publication (Raffa et al., 2023), on both the historical start and scenario end, indicating that 232 

the archived holdings have been extended since publication. For the present study, hourly output 233 

was extracted for the historical (1981–2008) and the future RCP8.5 scenario window (2039–2068). 234 
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The product was generated at a convection-permitting spatial resolution of ~2.2 km (0.02°) with 235 

the regional climate model COSMO-CLM v5.0 (Rockel et al., 2008), dynamically downscaling 236 

the global climate model CMCC-CM (via an intermediate 8 km nested step, using INT2LM pre-237 

processing). Physics configurations include single-moment cloud microphysics, two-stream 238 

radiation, TKE-based turbulence, the TERRA_ML land-surface model with TERRA-URB urban 239 

tiles, and the Tiedtke (1989) scheme with deep convection deactivated. 240 

2.3 Methods 241 

    2.3.1 Bias correction for climate modelling data at daily scale 242 

Raw climate model data don’t fully align with observed data due to limitations in spatial resolution, 243 

parameterization, and local-scale variability (Torma et al., 2015), and bias correction is often 244 

recommended to correct the models' systematic errors (Kendon et al., 2012). Despite an 245 

improvement in climate model resolution and accuracy, raw outputs still require bias correction 246 

against historical observed data to address, among the other modeling errors, the model output 247 

tendency to overestimate light rainfall and underestimate intense storms for reliable hydrological 248 

use (Menapace et al., 2025; Ivanov et al., 2018). Because hydrological responses such as floods 249 

result from extreme rainfall being the main determinant of infrastructure design (Shabestanipour 250 

et al., 2024; Mendez et al., 2024), the raw model output can misrepresent the frequency and 251 

intensity of extreme rainfall (Sun et al., 2006; Teutschbein and Seibert, 2012). Therefore, an initial 252 

and essential step involves adjusting model outputs using reliable ground-based observational 253 

datasets to obtain more accurate extreme rainfall results.  254 

In this study, a point-to-grid bias-correction framework was applied to correct the daily total 255 

precipitation projections from the high-resolution regional climate model simulation (Bannister et 256 

al., 2019; Derdour et al., 2022). The hourly model data were at first temporally aggregated to daily 257 

totals to ensure a consistent training baseline with the observations. Spatially, point-based rain 258 

gauge observations were first aligned with raw model outputs via nearest-neighbor interpolation 259 

to extract the localized climate time series corresponding directly to each station location. At these 260 

point coordinates, Quantile Delta Mapping (QDM) was executed to preserve local storm variance 261 

against the smoothing effects of spatial interpolation (Maraun, 2013). QDM is a trend-preserving 262 

method that adjusts systematic biases in model series relative to observations while explicitly 263 

maintaining the model-projected relative changes (deltas) in all quantiles (Cannon et al., 2015), an 264 
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approach that has been shown to achieve significant reductions in systematic bias (Bangelesa et 265 

al., 2026).  266 

Prior to calibration, a wet-day precipitation of a 0.1 mm d-1 step threshold was applied to eliminate 267 

drizzle noise. Following the multiplicative QDM configuration, empirical cumulative distribution 268 

functions (CDFs) were evaluated across 50 monthly quantiles; the simulated values were bias-269 

corrected using quantile mapping transfer functions constructed during the baseline periods, and 270 

the projected relative rainfall change (ratio) in quantiles is multiplied by the bias-corrected baseline 271 

values using Eq. (1). To reconstruct a continuous gridded dataset across the entire model domain, 272 

Inverse Distance Weighting (IDW) was subsequently employed to spatially correct the data 273 

generated for each station. A distance-decay parameter (p = 2) was applied to represent the 274 

diminishing spatial influence of each station with increasing distance (Lu and Wong, 2008), 275 

reducing local distributional bias. 276 

𝑥̂𝑚,𝑓 (𝑡) = 𝐹𝑜,ℎ
−1{𝐹𝑚,𝑓[𝑥𝑚,𝑓(𝑡)]} ∗

𝑥𝑚,𝑓(𝑡)

𝐹𝑚,ℎ
−1 {𝐹𝑚,𝑓[𝑥𝑚,𝑓(𝑡)]}

                                                        (1) 277 

where:  278 

𝑥𝑚,𝑓 (𝑡) is the final bias-corrected future model prediction at time step t; 𝑥𝑚,𝑓(𝑡) is the raw future model simulation 279 

value at time step t; 𝐹𝑚,𝑓 is the cumulative distribution function (CDF) of the simulated variable from the future model 280 

period; 𝐹𝑚,𝑓[𝑥𝑚,𝑓(𝑡)] is the non-parametric percentile corresponding to the raw future value within its own future 281 

distribution; 𝐹𝑜,ℎ
−1 is the inverse CDF of the historical observations; 𝐹𝑚,ℎ

−1  is the inverse CDF of historical model 282 

simulation; 𝐹𝑜,ℎ
−1{𝐹𝑚,𝑓[𝑥𝑚,𝑓(𝑡)]} is the historical observed value that corresponds to the same percentiles as the future 283 

model value; and 𝐹𝑚,ℎ
−1 {𝐹𝑚,𝑓[𝑥𝑚,𝑓(𝑡)]} is the historical model value that corresponds to the same percentiles as the 284 

future value.  285 

As presented in Haerter et al. (2011), the corrected daily values were disaggregated to an hourly 286 

resolution by applying the relative diurnal fractions of the original model output. To restore the 287 

hourly resolution required for impact analysis, a mass-conservative method of fragments was 288 

applied. In this step, hourly fractions were calculated from the original raw model and used to 289 

distribute the corrected daily totals, ensuring that the final hourly rainfalls reflect the corrected 290 

daily volume while respecting the model’s internal physical timing (Haerter et al., 2011; Nguyen 291 

et al., 2024). This approach helps to remove systematic errors in the model by maintaining the 292 

physical consistency of sub-daily precipitation patterns at a more statistically robust daily scale, as 293 

reported by Haerter et al. (2011). This methodology ensures the best mass-balance consistency and 294 

provides a robust foundation for analyzing hourly rainfall, as the magnitude shift from the QDM 295 
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process is fully integrated into the sub-daily temporal structure (Westra et al., 2012). Finally, the 296 

model output of the temporal distribution of before- and after-bias correction was verified for some 297 

extreme hours, and the result shows it fully follows the original sequence of time distribution (Fig. 298 

S3). This hourly temporal distribution is fundamentally important to study future extreme events.  299 

   2.3.2 Climatology and extreme rainfall event analysis 300 

In this study, the mean annual and seasonal precipitation were calculated over the reference period 301 

(1979–2008 for WRF and 1981–2008 for COSMO) and the future period (2039–2068). Then, the 302 

future changes were computed at each grid point as a relative percentage difference with respect 303 

to the reference period. The use of two different reference periods is dictated by the data 304 

availability on the CMCC DDS online server. For the climatological analyses presented in this 305 

study, the absence of the first two years of the historical simulation for COSMO is not expected to 306 

have a significant impact on the results. This multi-period comparison provides the primary 307 

analytical framework for detecting nonstationary shifts in the seasonality, timing, and intensity of 308 

daily precipitation, enabling direct comparison between historical and future projected climate 309 

conditions (Sharif et al., 2025).  310 

Moreover, the daily maximum precipitation for each year in the domain was extracted and 311 

calculated for both the historical and future periods of the model. The resulting annual maxima 312 

were fitted with the GEV distribution through the method of maximum likelihood estimation. The 313 

GEV distribution is well known for extreme analysis due to its flexible three-parameter 314 

formulation that can capture bounded, heavy-tailed, and light-tailed extreme behaviors without 315 

threshold-selection biases (Coles, 2001; Papalexiou and Koutsoyiannis, 2013). This statistic is 316 

consistent with standardized methods employed to assess the representation of extreme threshold 317 

failures of climate models and the shifts of infrastructural risk across various historical and future 318 

horizons (Amir et al., 2013; Kao and Ganguly, 2011). To verify the fitted theoretical frequency 319 

curves, an empirical return period for unbiased simulated and observed data was calculated using 320 

the Gringorten plotting position (Gringorten, 1963). 321 

95% confidence intervals for benchmark return periods were estimated via non-parametric 322 

bootstrap (2000 iterations) on the annual maximum series for both observed and modeled datasets, 323 

re-estimating GEV parameters by maximum likelihood for each replicate. For a fixed benchmark 324 

magnitude, the return period was recalculated for each replicate by evaluating its exceedance 325 
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probability under the re-estimated parameters, with the 2.5th–97.5th percentiles across replicates 326 

defining the confidence interval. Following Overeem et al. (2008), this data-driven approach 327 

quantifies sampling uncertainty without assuming parameter normality. For benchmark events, the 328 

observed return period was estimated from the historical record, and the corresponding future 329 

return period was derived by evaluating exceedance probability under the projected model 330 

distribution.  331 

The intensity changes of return period events were quantified as relative percentage changes 332 

between historical model outputs and future projections under RCP8.5 for both models to assess 333 

how climate change alters extreme daily rainfall magnitude. Subsequently, changes in daily event 334 

frequency were evaluated using a non-stationary probability mapping approach (Eq. 2). For each 335 

historical return period event (Thist), the corresponding rainfall quantile was extracted from the 336 

fitted historical GEV distribution. This quantile was then mapped onto the future GEV distribution 337 

to determine the future return period (Tfut); that is, how frequently the same rainfall magnitude 338 

would occur under future climate conditions. This approach follows the probability mapping 339 

formulation of Kao and Ganguly (2011) and Salas et al. (2014), which directly compares historical 340 

and future extreme value distributions without requiring arbitrary threshold selections, thereby 341 

capturing the full non-linear amplification of exceedance frequencies across the return period 342 

spectrum. 343 

𝑇𝑓𝑢𝑡 =

[
 
 
 

1 − exp

(

 −(1 − 𝜉𝑓𝑢𝑡 (
𝐹ℎ𝑖𝑠𝑡

−1 (1−
1

𝑇ℎ𝑖𝑠𝑡
)−𝜇𝑓𝑢𝑡

𝜎𝑓𝑢𝑡
))

+

−1

𝜉𝑓𝑢𝑡

)

 

]
 
 
 
−1

                                             (2) 344 

where: 𝑇𝑓𝑢𝑡 is the risk-accelerated future return period (years); 𝑇ℎ𝑖𝑠𝑡 is the baseline historical design return period 345 

(years); 𝐹ℎ𝑖𝑠𝑡
−1

 is the inverse CDF fitted to the historical baseline series; 𝜇𝑓𝑢𝑡, 𝜎𝑓𝑢𝑡, 𝜉𝑓𝑢𝑡 are the location, scale, and 346 

shape parameters, respectively, of the fitted future projection GEV distribution.  347 

To define events relevant to impact analysis, two complementary sources were considered: climate 348 

model outputs projecting potential future changes over the study area and eight historically 349 

observed extreme events recorded in the basin. The historical events were identified from flood 350 

records spanning different periods, as documented in Giuseppe and Rossano (2021), and represent 351 

major flood episodes previously observed in the region. These historical events were subsequently 352 

simulated using the WRF model to reconstruct their hourly precipitation distribution (see Fig. S4 353 
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in the Supplement). To characterize each event and identify analogous occurrences in future 354 

climate projections, the threshold-based event screening framework by fixed-rank selection was 355 

employed, an extreme value method that statistically analyzes exceedances above a defined 356 

threshold (Brunner et al., 2020; Volpi et al., 2015). For this study, a minimum daily precipitation 357 

threshold of 70 mm in the basin peak was adopted, corresponding to the lower bound of daily 358 

extremes associated with historical flooding in the basin. Using this threshold of basin peak value, 359 

future extreme rainfall events were extracted directly from the climate model outputs and 360 

compared with historical extreme events in the basin.   361 

These extracted upper-tail extremes from the top-selected events are used directly to analyze the 362 

temporal structure of sub-daily rainfall. As presented in Shepherd et al. (2018) and Feser and 363 

Shepherd (2025), it shows that a direct-use, model-derived approach to extreme sub-daily output 364 

can preserve physically consistent storylines, improving risk awareness; providing a physical basis 365 

for partitioning uncertainty; and strengthening decision-making while avoiding the structural 366 

uncertainties and artificial temporal patterns associated with traditional extreme-value distribution 367 

fitting. The top selected events of the tail values of future extremes and historical hindcasted 368 

extremes were then further analyzed to identify the hourly spatial-temporal distribution of real 369 

storms, rather than assuming statistical symmetry.  370 

For each extreme event, a nine-hour storm window centered on the peak hourly intensity was 371 

extracted to identify the maximum hourly intensity and the cumulative extreme rainfall 372 

accumulation, which are essential for characterizing the time to peak across the basin. Because 373 

most historical sub-daily extreme rainfall events that cause flood hazards in the Misa River basin 374 

last less than nine hours, this window mostly captures the largest peak of runoff-generating rainfall. 375 

It also isolates the active core storm, where nearly all extreme rainfall mass and peak intensity 376 

occur, while excluding the low-intensity tails of the broader 24-hour period. The cumulative 377 

rainfall values were then fitted to a two-parameter logistic (sigmoidal) function via non-linear least 378 

squares regression (Virtanen et al., 2020), following the general approach of parametrizing 379 

normalized extreme mass curves established by Koutsoyiannis and Foufoula-Georgiou (1993).  380 

This approach enabled a standardized comparison of storm accumulation dynamics across 381 

historical hindcast and future scenarios through two key parameters: the location parameter (µ), 382 

representing the timing of maximum accumulation rate, and the scale parameter (s), describing the 383 
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steepness of the accumulation curve. Additionally, the normalized Huff Curve method (Huff, 1967) 384 

was applied to characterize the cumulative temporal distribution of rainfall within each extreme 385 

event, expressed as dimensionless percentages of both total extreme event duration and its depth. 386 

This approach distributes storm mass into quartiles, enabling identification of shifts in intra-storm 387 

rainfall timing across climate scenarios (Bonta, 2004; Zambrano et al., 2026). A Huff curve shifting 388 

toward the first quartile indicates a transition toward front-loaded, more sudden rainfall release, 389 

while a shift toward later quartiles reflects increasingly back-loaded storm structures that are more 390 

prone to rainfall hazards in catchments (Zambrano et al., 2026), providing a standardized 391 

fingerprint of extreme event behavior across different climate regimes.  392 

3. RESULTS AND DISCUSSION 393 

 3.1 Daily Precipitation    394 

    3.1.1 Model validation and climate characterization of the catchment 395 

The empirical CDFs and heavy-tailed daily rain (P99) reveal strongly contrasting structural biases 396 

between the two models across the Misa River basin in the historical reference period. The basin 397 

average summary statistics in Table S2 in the Supplement for Fig. 3 show that the raw COSMO 398 

simulation consistently underestimates rainfall throughout the precipitation spectrum, with the P99 399 

reaching only 32.15 mm d-1 of basin average compared to the observed 40.24 mm d-1. This 400 

underestimation across the precipitation spectrum reflects the well-known dry bias of convection-401 

permitting models and the tendency of regional models to underpredict precipitation intensities 402 

over Italy's complex terrain (Bucchignani et al., 2016). In contrast, raw WRF substantially 403 

overestimates heavy precipitation events, with a P99 of 46.92 mm d-1 and a basin average 404 

maximum of 98.67 mm d-1 against the observed maximum of 70.64 mm d-1 of the same model 405 

period data. 406 

The comparison of extreme rainfall percentiles (90th, 95th, and 99th) values between observed 407 

data and model simulations of raw and bias-corrected using a <4 km buffer surrounding each 408 

gauging station were examined (see Table S3 in the Supplement). Overall results show that raw 409 

model outputs show clear biases, with WRF overestimating and COSMO underestimating the 410 

observed extreme rainfall percentiles. The application of bias correction substantially reduces 411 

these disparities across all stations, aligning model estimates closely with observational data. As 412 
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presented in Prein et al. (2015), a WRF's overestimation is consistent with the known 'gray-zone' 413 

limitation of convection-permitting configurations, where finer grid spacings (<4 km) remain 414 

insufficient to fully resolve individual convective updrafts, producing excessive grid-scale 415 

convective amplification over steep orographic terrain.  416 

Because both WRF and COSMO resolve convection explicitly rather than relying on 417 

parameterization, they are well suited to representing precipitation extremes more realistically than 418 

coarser parameterized models, yet their opposing biases show that convection-permitting 419 

resolution alone does not eliminate structural model uncertainty in extremes (Pichelli et al., 2021). 420 

Therefore, quantile-based bias correction realigns both models with the observed baseline, 421 

reducing the underestimation in COSMO and overamplification in WRF (Fig. 3a, 3c), while 422 

residual biases remain.  423 

In addition, mean annual (Fig. 4) and seasonal precipitation (see Fig. S2 in the Supplement) in the 424 

Misa catchment are characterized by higher cumulative daily precipitation in mountain areas 425 

compared to coastal areas in all the seasons, while both WRF and COSMO exhibit significant 426 

geographic and absolute amplitude biases prior to correction mainly in summer and autumn (see 427 

Fig. S2 in the Supplement). The changes were observed in the annual delta map of the WRF model 428 

in the grids, ranging from -0.55 mm d-1 to +0.035 mm d-1, whereas all positive deltas were over 429 

0.3 mm d-1 for the COSMO model delta (Fig. 5). In seasonal cases, summer and autumn show 430 

positive corrections exceeding +0.1 mm d-1 for WRF and over +0.4 mm d-1 for COSMO, whereas 431 

they have a negative delta (over -0.8 mm d-1) in spring for both model grids (Fig. S2 in the 432 

Supplement).  433 

As presented by Cardoso et al. (2012), WRF generally overestimates annual and seasonal rainfall 434 

except autumn, where it underestimates and struggles with convective rainfall over small coastal 435 

watersheds. The similar behavior observed in this study of both models results in underestimating 436 

all three seasons except spring, where it overestimates. Thus, quantile-based correction tried to 437 

resolve localized seasonal amplitude discrepancies across the model grid while preserving the 438 

physically coherent spatial gradients generated by each model's atmospheric core. By accurately 439 

reproducing the observed baseline in both COSMO and WRF historical simulations, this approach 440 

demonstrates its ability to reduce systematic errors without disrupting temporal dynamics. 441 

https://doi.org/10.5194/egusphere-2026-4780
Preprint. Discussion started: 19 August 2026
c© Author(s) 2026. CC BY 4.0 License.



   

 

17 

 

 442 

 443 

Figure 3. Historical models of COSMO and WRF validation with observed data: The raw model (red 444 

line/bar), observed (blue line/bar), and corrected model (green line/bar) on the empirical CDF of wet-days 445 

(>0.1 mm d-1) rainfall graph ((a) and (c)) and the all-day mean monthly rainfall graph ((b) and (d)) for the 446 

1979/81–2008 historical period. 447 
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 448 

Figure 4. Mean daily precipitation (mm d-1) during the historical period (1979/81–2008) for the raw and 449 

corrected climate simulations, COSMO (first row) and WRF (second row), as well as the change between 450 

the corrected and raw maps over the Misa River basin.  451 

3.1.2 Future climate over the basin 452 

The annual climate change signal represented in Fig. 5 shows an overall decrease in mean annual 453 

precipitation over the Misa catchment under the RCP8.5 scenario for both models, though they 454 

differ substantially in spatial magnitude: while COSMO projects an annual reduction ranging from 455 

0% to −5%, WRF projects a more pronounced drying signal from −5% to −20%. Both simulations 456 

show larger absolute changes in mountainous areas than in coastal lowlands. Seasonal spatial maps 457 

reveal marked intra-annual divergence between the two models (Fig. 6). Both models converge on 458 

a persistent summer drying signal; however, this signal is substantially more pronounced in WRF, 459 

where summer precipitation reductions exceed −30%, while COSMO exceeds −20%. As shown in 460 

Fig. 6, the two models diverge during the other seasons; COSMO projects wetter winter and 461 

autumn conditions (approximately 0% to +15%) alongside moderate spring drying (approximately 462 
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−5% to −15%), whereas WRF projects precipitation decreases during winter and autumn 463 

(approximately −5% to −15%) but a spring increase (approximately 0% to +10%). Despite these 464 

inter-model differences, both models indicate an overall decrease in future annual precipitation 465 

over the catchment (see Fig. 5). 466 

467 

Figure. 5. Relative mean annual precipitation changes in percentage between future (2039–2068) under the 468 

RCP8.5 scenario and historical (1979/81–2008) periods for the COSMO and WRF models. 469 

 470 

  471 
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Figure 6. Relative changes in percentage of the mean seasonal precipitation between the future (2039-472 

2068) under the RCP8.5 scenario and the historical (1979/81-2008) periods for COSMO (a) and WRF (b) 473 

models 474 

 475 

Figure 7. Monthly mean daily precipitation (mm d-1) averaged over the catchment, comparison under the 476 

historical model periods (1979/81-2008) and future projection period (2039-2068): COSMO model results 477 

of the black line (historical) and light red line (RCP8.5); and the WRF model results of the green line 478 

(historical) and brown line (RCP8.5) 479 

As shown in Fig. 7, the basin-averaged seasonal climatology reveals a distinct bimodal regime, 480 

characterized by an absolute dry minimum in July, a primary peak in autumn, and a secondary 481 

peak in spring (April). Under RCP8.5, both models project drier summers, with July rainfall 482 

decreasing further, alongside an intensification of the autumn peak. A notable inter-model 483 

divergence emerges during spring, where WRF projects substantially wetter March conditions 484 

while COSMO indicates a drying trend. Moreover, the point-to-grid analysis of basin climatology 485 

reveals that almost all gauging stations are converging with historical model data (see Fig. S5 in 486 

the Supplement). However, some gap between observations and modeled historical data is found 487 

for the WRF model, specifically at the Arcevia, Corinaldo, and Senigallia stations. At these 488 

stations, the WRF historical model underestimates, whereas the COSMO historical model is closer 489 

to the observations. Overall, both models underestimate summer precipitation, while under future 490 
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conditions, they show a climatological divergence in March and April at all gauging stations and 491 

on the basin-wide average. The main climatological finding is that both models project the mean 492 

daily precipitation to increase in November and be reduced in summer under future climate 493 

conditions (Fig. 7). 494 

3.1.3 Daily extremes and benchmark events 495 

i) Simulated extremes 496 

The multi-model projections detailed in Table 2 and represented in Fig. 8 indicate a consistent 497 

increase in daily precipitation intensities across return periods under RCP8.5. Table 2 shows that 498 

the COSMO projects a progressive amplification of precipitation intensity ranging from +34.81% 499 

for the 10-year return period to +67.11% for the 500-year threshold. In addition, WRF projects a 500 

more uniform increase across return periods, with amplification ranging from +50.36% at the 10-501 

year level stabilizing to +43.06% at the 500-year threshold. Thus, the projected magnitudes and 502 

incremental directions of two models differ, but overall, both models consistently project an 503 

increase in the intensity of daily precipitation extremes over the catchment. When expressed in 504 

terms of exceedance frequencies, these increases in magnitude imply that events previously 505 

associated with long return periods become more frequent. As shown in Table 2, a historical daily 506 

precipitation event with a 100-year return period is projected to have a return period of just 4.8 507 

years under COSMO and 9.4 years under WRF. This suggests it could become 10 to 20 times more 508 

frequent under future climate conditions, representing a dramatic increase in the frequency of such 509 

daily events. 510 

Both models indicate daily precipitation intensity increases in the range of 47.11–54.31% for the 511 

100-year event (Table 2). These projections are consistent with previous findings showing that 512 

under RCP8.5, the daily extreme precipitation events will intensify and substantially become more 513 

frequent under warming climates (Dahm et al., 2019; Faggian, 2021). As shown in this study, both 514 

models exhibit an amplified increase in frequency for rarer events under future climate. This 515 

highlights a non-uniform shift in the precipitation probability distribution, where extreme tail 516 

events intensify at a higher rate than moderate occurrences, leading to disproportionate 517 

amplification of high period events compared to the bulk of precipitations (Myhre et al., 2019). 518 

Events occurring once per generation may therefore occur multiple times within a single 519 
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operational decade, with significant implications for designed thresholds under traditional 520 

stationary frameworks (Salas et al., 2014). 521 

Table 2. For each return period (Tr) in years of daily extreme (mm d-1), the table shows the model relative 522 

intensity changes and exceedance frequency shifts (risk acceleration) of historical (1979/81–2008) and 523 

future (2039–2068) simulations under RCP8.5. 524 

 RCP8.5 Intensity Changes (Δ%) 
Exceedance 

Frequency Shift  

Tr 

(yr) 

COSMO Hist 

(mm d-1)  

COSMO Fut 

(mm d-1) 

COSMO 

Δ (%) 

WRF Hist 

(mm d-1) 

WRF Fut 

(mm d-1)  

WRF Δ 

(%) 

COSMO 

Fut Tr (yr) 

WRF Fut 

Tr (yr) 

10  85.44 115.19 +34.81 85.49  128.53 +50.36 2.5 2.0 

50 96.66 143.67 +48.63 113.78 168.96 +48.51 4.0 5.6 

100 100.36 154.87 +54.31 126.89 186.68  +47.11 4.8 9.4 

200 103.56 165.57  +59.88 140.70 204.71 +45.49 5.6 16.2 

500 107.12 179.01 +67.11 160.13 229.09 +43.06 6.6 35.2  

 525 

526 

Figure 8. Daily extreme precipitation of basin-max and its return periods for the model simulations 527 

(1979/81–2008, 2039–2068): the extreme rainfall return periods’ fit lines graph of the COSMO historical 528 

model (blue line), WRF historical model (green line), COSMO RCP8.5 (dark broken red line), and WRF 529 

RCP8.5 (light broken red line).  530 
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ii) Basin-wide maxima of models and observations relative to historical benchmark events 531 

To assess whether historically observed daily extreme precipitation events that caused flooding in 532 

the catchment could recur under future conditions, the return periods of basin-maximum daily 533 

precipitation were evaluated, with sampling uncertainty quantified via 95% bootstrap confidence 534 

intervals. From the eight selected extreme events, the five most flood-productive events, such as 535 

Sept 1955, Aug 1976, Dec 1982, May 2014 and Sept 2022, were examined against future extreme 536 

return periods from both models (Fig. 9 and Table 3). Comparing documented flood-producing 537 

benchmarks with future distributions reveals divergent model responses rather than a uniform 538 

hazard increase: WRF projects an increased likelihood across all benchmark magnitudes, whereas 539 

COSMO projects higher frequencies for moderate events but reduced frequencies for the highest-540 

magnitude extremes in the Misa River basin (Fig. 9). The catastrophic September 2022 event 541 

(basin-maximum of 204.0 mm d-1 recorded by rain gauges), which has an estimated return period 542 

of 182 years under the observed historical GEV baseline, shows markedly divergent future 543 

projections between the two models (Table 3). Under the WRF for future projection, its recurrence 544 

interval is nearly halves to roughly 97 years, effectively doubling its annual probability of 545 

occurrence.  546 

Conversely, the COSMO projection shifts this extreme to an 860-year return period threshold, 547 

suggesting that this event is represented as substantially rarer in COSMO; nevertheless, the 548 

observed event magnitude remains well within the wide 95% bootstrap confidence interval of both 549 

future climate projections. While WRF projects a sharp acceleration in risk for the high-magnitude 550 

September 1955 (170.0 mm d-1) and August 1976 (180.2 mm d-1) benchmarks, COSMO projects 551 

that events of these magnitudes become less frequent in the future period. The historical 1976 552 

storm, originally a severe, nearly 94-year hazard, is projected by WRF's central estimate to reduce 553 

to approximately a 46-year event, a shift that, if realized, would mean such magnitudes recur 554 

multiple times within a standard infrastructure design life, though this point estimate carries 555 

substantial uncertainty. Similarly, the 1955 storm has an estimated return period of 69 years, which 556 

decreases to a 34-year threshold in WRF and remains a highly stable, nearly 79-year event in 557 

COSMO. 558 

However, these point estimates are accompanied by very wide upper-tail uncertainty: confidence 559 

intervals for large-magnitude events extend from a few decades to more than 1000 years. The 182-560 

https://doi.org/10.5194/egusphere-2026-4780
Preprint. Discussion started: 19 August 2026
c© Author(s) 2026. CC BY 4.0 License.



   

 

24 

 

, 97-, and 860-year estimates discussed above should therefore be interpreted cautiously as central 561 

tendencies rather than precise predictions. The central finding is not the exact recurrence of 562 

intervals themselves, but that central estimates diverge systematically between models, while the 563 

available historical record remains too short to tightly constrain the upper tail of the distribution. 564 

This threshold-dependent shift indicates that while future climate envelopes reflect increased 565 

probabilities of moderate flood-producing events, the frequency of severe high-tier extremes 566 

depends strongly on model dynamics: WRF projects a widespread shift toward higher event 567 

frequencies, whereas COSMO projects reduced occurrence rates for the most severe historical 568 

thresholds.  569 

The changes in extreme event frequency are heavily supported by recent localized extreme value 570 

analyses conducted across flood-prone basins in Italy. Maines et al. (2026) evaluated the historic 571 

October 2018 Vaia storm in northeastern Italy and demonstrated that the return period of its 572 

precipitation event is projected to be nearly halved at future global warming levels, supporting the 573 

reduction in return periods identified in our projections. Furthermore, Gentilucci et al. (2023) 574 

utilized GEV profiling on the Adriatic slope of Central Italy to show that recent convective 575 

anomalies, specifically including the September 2022 storm, indicate departures from historical 576 

stationarity assumptions. While the future shift in COSMO for the September 2022 event presents 577 

a contrast in tail-extension behavior, the broader literature supports the relevance of assessing how 578 

historical extreme magnitudes are repositioned within future extreme-value distributions. 579 

Shifting from a basin-wide maximum to station-level extraction reveals spatial variability that an 580 

aggregated proxy obscures (Fig. S6 in the Supplement). At Corinaldo, the historical 100-year 581 

threshold falls to 146.9 mm d-1 (COSMO) versus 106.6 mm d-1 (WRF), while projected 500-year 582 

rainfall reaches 209.6 mm d-1 (COSMO) versus only 117.6 mm d-1 (WRF), reflecting model 583 

sensitivity in representing convective processes (Ban et al., 2014, Prein et al., 2015). Station-level 584 

return periods are also highly sensitive to whether a storm core directly struck a given gauge: the 585 

September 2022 event yields a return period exceeding 1000 years at Colle (204.0 mm d-1) but 586 

only 135 years at Arcevia (129.2 mm d-1), decreasing to 47–75 years under future projections (see 587 

Fig. S6 in the Supplement). Similarly, the 1976 storm exceeds 1000 years historically at Senigallia 588 

but drops to 112–173 years under future conditions, while the 1955 storm at Corinaldo diverges 589 

sharply between models (193 years under COSMO vs. >1000 years under WRF). This instability 590 

https://doi.org/10.5194/egusphere-2026-4780
Preprint. Discussion started: 19 August 2026
c© Author(s) 2026. CC BY 4.0 License.



   

 

25 

 

reflects the mixed-population problem in extreme value, where a single distribution is fitted to 591 

records shaped by both stratiform and localized convective extremes (Dallan et al., 2022 and 2024; 592 

Blöschl et al., 2019), consistent with findings by Gentilucci et al. (2023), on the Adriatic slope. 593 

Basin-wide maxima therefore characterize catchment-scale upper bounds for general planning, 594 

while station-level analyses remain essential for diagnosing site-specific design vulnerabilities 595 

(Kao and Ganguly, 2011; Salas et al., 2014). 596 

Table 3. The daily observed extremes of five events from the eight and their return periods (Tr) comparison 597 

under historical observed period of 1951-2023 (N = 72) and future period of 2039-2068 (N = 30) scenarios 598 

under RCP8.5. 95% bootstrap confidence interval results for return periods are presented as Value [Lower-599 

Upper]; return period estimates exceeding 1,000 years are capped at >1000 years for numerical stability 600 

and interpretability. 601 

Event Obs. (mm d-1) Tr Obs. (yr) Tr COSMO Fut (yr) Tr WRF Fut (yr) 

Sep-1955 170.0 69.0 [12.9 – >1000] 79.3 [36.2 – >1000] 33.5 [19.9 – >1000] 

Aug-1976 180.2 93.6 [16.1 – >1000] 152.8 [49.5 – >1000] 46.4 [23.5 – >1000] 

Dec-1982 85.2 3.1 [1.9 – 4.4] 1.7 [1.5 – 4.1] 1.9 [1.4 – 3.2] 

May-2014 90.4 3.9 [2.1 – 5.6] 1.9 [1.8 – 5 .4] 2.3 [1.5 – 4.0] 

Sep-2022 204.0 181.9 [24 – >1000] 860.1 [86.3 – >1000] 96.8 [39.0 – >1000] 

 602 
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 603 
Figure 9. Daily extreme rainfall of basin-max and its return periods for the historical observed (1951–604 

2023), historical models (1979/81–2008), and future (2039–2068) data. The extreme rainfall returns 605 

periods’ fit lines graph of the COSMO historical model (blue line), WRF historical model (green line), 606 

COSMO RCP8.5 (dark broken red line), WRF RCP8.5 (light broken red line), and historical benchmark 607 

extreme events (horizontal broken lines) 608 

3.2 Hourly precipitation: Top Eight Extreme Rainfall Events 609 

   3.2.1 The spatial-temporal analysis of extreme events 610 

To evaluate changing event-scale dynamics across the Misa River basin, a peak-centered 611 

normalized nine-hour temporal concentration of the peak hourly intensities was extracted for the 612 

top eight extreme rainfall events from both the historical hindcast and the future extreme scenarios 613 

of the 2039–2068 period (Fig. 10). The rationale behind the 9-hour duration is discussed in detail 614 

in Sect. 3.2.3. This analysis characterizes how peak intensification and event-scale variability 615 

evolve under future climate conditions compared to the past, offering a short-duration, spatial-616 

temporal perspective essential for understanding how extreme rainfall patterns drive hazards in the 617 

catchment. Future projections reveal contrasting changes between the two models rather than a 618 

consistent increase in event magnitude relative to the historical baseline. Under the COSMO 619 

RCP8.5 scenario, maximum hourly intensities reach 79.37 mm h-1 (E08), an increase of +11.6% 620 
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compared to the historical maximum event (Table 4 and Fig. 10). Conversely, WRF future 621 

projections show a reduction of up to -9.4% (E02) in maximum peak intensity compared to 622 

historical events (Table 4).  623 

This reduction may reflect model uncertainty in capturing localized convective hotspots at the sub-624 

basin scale and a limitation of convection-permitting simulations in complex coastal-mountain 625 

terrain, discussed further below (Prein et al., 2015). In addition, in COSMO, the event with the 626 

maximum peak intensity (E08) also corresponds to the event with the maximum cumulative 627 

precipitation depth, whereas in both WRF and the historical dataset, the events with maximum 628 

peak intensity and maximum cumulative depth do not coincide. These contrasting responses 629 

between COSMO and WRF highlight the uncertainty associated with the representation of future 630 

precipitation extremes at the basin scale, particularly for localized, high-impact events in complex 631 

mountainous regions. Further investigation of the underlying physical mechanisms is needed to 632 

attribute these differences to changes in convective processes or storm structure. 633 

The temporal concentration of the normalized 9-hour accumulation extremes and their hyetographs 634 

show that historical sub-daily extremes tend to be front-loaded, with rainfall concentrated in the 635 

first 1–5 hours (Fig. 10a). Note that front-, center-, and back-loaded storms are classified by peak 636 

timing within the first, middle, or final third of the 9-hour window (measured from its start), 637 

respectively. The September 2022 event is the clearest example: it was entirely front- and center-638 

loaded, with no rainfall occurring during back-loaded hours, and was more concentrated in time 639 

than any of the other historical extreme events (Fig. 10a). As shown by Chen et al., (2015), short-640 

duration, highly concentrated rainstorms tend to generate more severe flooding hazards than 641 

continuous, evenly distributed precipitation of similar magnitude.  642 

The August 1976 event was also short (3 hours) but followed a peak-centered pattern, with rainfall 643 

occurring both before and after the peak (Fig. 10a). This event produced the second-most severe 644 

rainfall hazard in the catchment; spatially, it was more widely distributed across the catchment, 645 

with the greatest concentration near the estuarine city. Similarly, the double extreme events of 1955 646 

(September and October) were both spatially confined to small areas: the September 1955 event 647 

was concentrated in the middle-left part of the basin, while the October 1955 event, like August 648 

1976, was concentrated downstream to near the estuarine city but produced no rainfall in the 649 
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upland areas (Fig. 11a). The September 2022 event, in contrast, was concentrated upstream, more 650 

focused in the middle-right area in the basin. 651 

These two events, September 2022 and August 1976, produced the greatest damage in the basin, 652 

driven by the combination of short temporal concentration with a spatially confined pattern 653 

(September 2022) and a broader spatial distribution combined with a locally intense peak (August 654 

1976), as illustrated in Fig. 11a. As shown by Zhou et al. (2021), the maximum discharge in 655 

extreme precipitation events is strongly influenced by the spatial structure of precipitation, and the 656 

spatial heterogeneity of precipitation can increase flood peak magnitudes by roughly 50% on 657 

average. This confirms that the joint spatial-temporal concentration of sub-daily extreme rainfall 658 

is a key driver of greater hazard impact in a basin. The other historical extremes showed less 659 

concentrated temporal distribution but produced hazardous rainfall that resulted in flooding.  660 

Both models' projects future 2039–2068 period of sub-daily extremes to be mostly peak-centered, 661 

with rainfall concentrated in a 3-hour window (hours 3–6), some front-loaded, and overall, more 662 

temporally concentrated than historical extremes (Fig. 10b and c). Spatially, however, these future 663 

events differ markedly from the historical ones: both models project an almost uniform spatial 664 

distribution of rainfall across the basin, with only a few exceptions showing some area-specific, 665 

spatially focused pattern comparable to the historical events (Fig. 11b and c).  666 

 667 
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668 

Figure 10. Hyetographs of the eight selected extreme events, labeled as from E01 to E08 for each dataset: 669 

9-hour maximum cumulative totals and their hourly intensity for the historical extreme events (a), the 670 

period of 2039–2068 future projection by the COSMO RCP8.5 (b) and WRF RCP8.5 (c) extreme events. 671 

Table 4. Summary of the eight selected extreme precipitation events (labeled as from E01 to E08) for the 672 

three datasets used: historical events, COSMO and WRF RCP8.5 model future extreme events values of 673 

maximum and mean peak intensity, and maximum 9-hour cumulative for each dataset  674 

Datasets Sigle max peak 

intensity (mm h-1) 

Average peak intensity of 

all events (mm h-1) 

Max 9-hour cumulative of all 

events (mm) 

Historical  71.08 (E03) 50.31 321.92 (E04) 

COSMO RCP8.5 79.37 (E08) 46.10 216.52 (E08) 

WRF RCP8.5 64.38 (E02) 40.39 224.25 (E03) 
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675 

Figure 11. Spatial distribution of the 9-hour cumulative total precipitation in historical extreme events (a), 676 

COSMO RCP8.5 (b), and WRF RCP8.5 (c) projections of the 2039–2068 period of each extreme event 677 
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3.2.2 Magnitude and Temporal Shift of Extreme Events  678 

679 

Figure 12. Mean cumulative rainfall distribution and its concentration timing (µ) and spread (s): The 680 

logistic fit graph of historical extreme events (black line) and future extreme events selected from COSMO 681 

RCP8.5 (red line) and WRF RCP8.5 (blue line) of 2039–2068 projections 682 

Event-scale analysis of the peak-centered, normalized nine-hour mass curves characterizes the 683 

accumulation dynamics of extreme precipitation events in the Misa River basin, comparing the 684 

historical baseline with future (2039–2068) scenarios. Rather than uniform volumetric expansion 685 

over the event's duration, the results reveal a distinct structural shift under RCP8.5 (Fig. 12). Both 686 

COSMO and WRF project lower initial mass accumulations at hour 5, with negative anomalies of 687 

-8.9% (117.21 mm) and -8.1% (118.22 mm), respectively, relative to the historical value (Table 5). 688 

Accumulation rates then increase rapidly by hour 7, with future volumes temporarily matching or 689 

exceeding historical levels, 164.70 mm (+3.5%) under COSMO and 159.80 mm (+0.5%) under 690 

WRF. This may further enhance that while the early build-up phase of extreme events remains 691 

broadly similar between the historical and future periods, the largest projected changes occur near 692 

peak intensity, where rainfall becomes more concentrated in the model output. The catchment 693 

complex orography may further enhance this effect by favoring moisture uplift and local 694 
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intensification of precipitation (Houze, 2012). By hour 9, both model projections converge, with 695 

cumulative totals stabilizing below the historical ceiling of 184.93 mm: -2.8% for COSMO and -696 

4.9% for WRF (Table 5 and Fig. 12). 697 

These results are consistent with the broader literature suggesting that intensification under 698 

warming climates tends to concentrate within sub-daily, short-duration windows (Westra et al., 699 

2014), which would imply that future extreme precipitation events could become structurally 700 

hazardous, delivering large rainfall volumes within shorter durations. However, given that this 701 

analysis relies on two regional climate models with differing resolution, driving data, and 702 

microphysical parameterizations, and on a limited, subjectively selected set of extreme events, the 703 

observed historical-to-future shift cannot be attributed to climate change alone. Differences 704 

between the two models, and between the historical and future periods, reflect a combination of 705 

model structure, resolution, forcing, physics parameterization, and event-selection effects as well 706 

as climate change (Gutowski et al., 2020), and should be interpreted as indicative rather than a 707 

definitive attribution to anthropogenic warming.  708 

The logistic fit parameters (µ and s) provide a clear mathematical framework for quantifying these 709 

changes in dynamics. For a cumulative logistic curve, µ corresponds to the inflection point of the 710 

accumulation curve, that is, the time at which the rate of rainfall reaches its maximum, rather than 711 

the time of peak cumulative rainfall, which, by definition, occurs at the end of the event window. 712 

The location parameters (µ) remain stable across scenarios, anchored near the 4-hour mark (µ = 713 

4.19 for WRF; µ = 4.32 for COSMO) in Fig. 12. Because the 9-hour windows are peak-centered, 714 

µ near the center is expected by construction rather than a physical signal and should not be read 715 

as an independent finding about future event timing. The more informative quantity is the scale 716 

parameter (s), which decreases from a historical value of 1.28 to 1.24 for WRF and 1.14 for 717 

COSMO under future projection. A smaller-scale parameter indicates a steeper accumulation 718 

gradient around the inflection point, consistent with a compression of rainfall into shorter, more 719 

intense sub-daily periods (Westra et al., 2014; Fowler et al., 2021). This suggests that while nine-720 

hour cumulative totals stabilize below historical levels, the future convective core in the model 721 

projections becomes increasingly concentrated, with higher peak intensities delivered over a 722 

shorter duration around the inflection point.  723 
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Table 5. The future (2039–2068) extreme storm scenarios change at a specific time of the hour in a 724 

normalized nine-hour window. 725 

Datasets Hour 5 (Accum. /%Δ) Hour 7 (Accum. /%Δ) Hour 9 (Accum. /%Δ) 

Historical  128.60 (Base) 159.07 (Base) 184.93 (Base) 

COSMO RCP8.5 117.21 (-8.9%) 164.70 (+3.5%) 179.76 (-2.8%) 

WRF RCP8.5  118.22 (-8.1%) 159.80 (+0.50%) 175.81 (-4.9%) 

Moreover, the Huff curve analysis of temporal rainfall distribution complements the logistic fit 726 

results by revealing not only how extreme rainfall falls but also how it is distributed over time 727 

within an event (Huff, 1967). This non-dimensional analysis reveals a systematic reorganization 728 

of extreme-event structure between the historical and future simulations across the Misa River 729 

basin. For clarity, accumulation patterns are described here relative to the start of the 9-hour event 730 

window: front-loaded denotes disproportionate mass accumulation in the early quartiles (0–50% 731 

duration) relative to the 1:1 uniform distribution, while back-loaded denotes disproportionate 732 

accumulation in the later quartiles (50–100% duration). Under the historical baseline, extremes 733 

exhibit a front-loaded accumulation pattern, consistently exceeding the 1:1 uniform distribution 734 

line from the earliest stages; by the end of the first quartile (0–25% duration), approximately 30% 735 

of total extreme mass has already accumulated (Fig. 13).  736 

Under the future RCP8.5 scenario (2039–2068), both models project a distinct suppression of 737 

early-stage rainfall accumulation, with curves remaining substantially below the historical profile 738 

throughout the first quartile. By the 25% duration mark, WRF has released approximately 20% of 739 

its total mass, while COSMO shows a notably reduced accumulation of approximately 10% (Fig. 740 

13). This suppressed early accumulation sets the conditions for a more rapid rainfall release during 741 

the second and third quartiles in the model projections. Within the second quartile (25–50% 742 

duration) in Figure 13, future accumulation curves increase sharply, exhibiting rapid parallel surges 743 

in both models. WRF shows its steepest accumulation rate during this phase, crossing above the 744 

historical threshold at approximately 45% duration and reaching 60% of total extreme mass at the 745 

50% midpoint, compared to 55% in the historical baseline.  746 

During the third quartile (50–75% duration), COSMO shows an even more pronounced 747 

acceleration, releasing approximately half of its total storm volume within this compressed 25%-748 

time window, while the historical baseline shows a more gradual increase from 55% to 90% across 749 
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the same phase. This mid-window concentration is potentially important for peak discharge 750 

generation, since storm temporal patterns loaded in the latter part of an event have been shown to 751 

substantially increase flood hazard independent of total rainfall volume (Hettiarachchi et al., 2018). 752 

The pronounced second-quartile surge in projected rainfall accumulation may promote earlier soil 753 

saturation and depression-storage filling ahead of the precipitation peak.  754 

During the fourth quartile, future accumulation curves converge toward the uniform distribution 755 

pathway, depleting their remaining rainfall mass as they approach their final totals. This shift from 756 

early-stage accumulation suppression to concentrated mid-rainfall surges is consistent with a 757 

thermodynamic reorganization mechanism described under enhanced radiative forcing (Meredith 758 

et al., 2020; Fowler et al., 2021), though the present analysis cannot isolate that mechanism from 759 

model-structural differences, resolution effects, or the limited set of events selected for this study. 760 

The agreement between the two RCM simulations is suggestive of an elevated rainfall hazard from 761 

concentrated mid-storm intensification (Westra et al., 2014; Struglia et al., 2025); however, given 762 

differences in driving GCMs between the two models, this agreement should not be read as 763 

independent confirmation of a climate-driven signal. 764 

For small basins such as the Misa, flood response depends on both precipitation amount and 765 

timing, in addition to other basin parameters. The projected shift toward more temporally 766 

concentrated rainfall means that a larger fraction of total precipitation mass falls within a shorter 767 

duration in the model output, even when total accumulations remain close to historical levels. The 768 

projected increase in rainfall therefore appears linked not only to stronger intensities but also to 769 

changes in the dynamical structure of extreme events; this signal cannot be fully separated from 770 

model, resolution, and forcing-related uncertainties. 771 

 772 
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773 

Figure 13. Huff curve graph of historical extreme events (black line) and future (2039–2068) extreme 774 

events selected from COSMO RCP8.5 (red dashed line) and WRF RCP8.5 (green dashed line) projections 775 

with a diagonal reference line (black dotted line) 776 

3.2.3 Sensitivity analysis of sub-daily rainfall concentration 777 

A peak-centered 9-hour temporal window captures most of the extreme intensity within an event, 778 

though not necessarily the complete event structure. Sensitivity analysis of cumulative 779 

precipitation in this 9-hour window relative to the full 24-hour window shows that, for both 780 

historical and future extremes, some events capture a core share exceeding 95% of total daily 781 

precipitation mass within a short-duration convective burst (e.g., Historical E08, COSMO E08, 782 

WRF E02), as shown in Fig. S7 in the Supplement. For these events, extreme rainfall hazard is 783 

clearly governed by an acute convective burst rather than prolonged, low-intensity accumulation. 784 

In other cases, the 9-hour core captures only 40–60% of total daily precipitation mass (e.g., 785 

Historical E06, COSMO E07, and WRF E01), reflecting either full-day rainfall of comparatively 786 

low intensity or multiple precipitation peaks occurring outside the selected window (Fig. S7 in the 787 

Supplement).  788 
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In these compound, multi-peak events, the single absolute hourly intensity maximum remains 789 

localized within the 9-hour core window; the window should therefore be interpreted as capturing 790 

the event's principal intensity core, not its full duration, rising limb, or recession. Secondary peaks 791 

and accumulated precipitation outside the window may still contribute meaningfully to total event 792 

volume and downstream hydrological response, even where it does not represent the single most 793 

intense hour. This general temporal concentration is broadly consistent with classic storm-profile 794 

frameworks (Huff, 1967), which describe severe convective systems as concentrating the bulk of 795 

their precipitable water within a short-duration burst. Modern temporal scaling analyses (Lengfeld 796 

et al., 2021), further support the view that 6- to 9-hour windows are well suited for capturing peak 797 

volumetric intensity and hazard potential in most extreme rainfall events, while acknowledging 798 

that a fixed-duration window will not fully represent the evolution of the event in all cases.  799 

4. Study limitations and future perspectives 800 

This first analysis provides insight into possible changes in extreme precipitation distribution and 801 

driving processes at the local scale but is subject to several limitations. The main limitation is the 802 

reliance on only two climate models, limiting the captured range of uncertainty. Since WRF and 803 

COSMO are driven by different GCMs (EC-Earth and CMCC-CM) under the same RCP8.5 804 

scenario, their agreement reflects the combined influence of the driving GCM, model structure, 805 

and physics, rather than an independent confirmation of the climate signal. This study also 806 

considers only a high-emission pathway (RCP8.5); future work should include intermediate- and 807 

low-emission scenarios. Historical event hindcast, initialized event-by-event via ERA5-driven 808 

WRF, would also benefit from further sensitivity testing of spin-up length and soil-state 809 

initialization. Finally, the mass-curve and Huff-curve analyses are based on a limited event sample 810 

(8 historical and 8 future extremes per climate model), so the observed structural shifts cannot be 811 

fully separated from event-selection effects, and results should be interpreted as indicative rather 812 

than statistically exhaustive. Larger event samples, alternative threshold definitions, and broader 813 

regional climate model ensembles would help confirm the robustness of the projected shift toward 814 

more temporally concentrated extreme rainfall.  815 

 816 

 817 
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5. CONCLUSIONS 818 

In this study, the two CPMs, WRF and COSMO-CLM, under RCP8.5 were used to examine 819 

historical (1979/81–2008) and future (2039–2068) basin climatology and precipitation extremes 820 

in the Misa River basin (Marche region in Italy). Quantile-based bias correction was used to reduce 821 

systematic error while preserving each model's physically coherent spatial gradients. This 822 

approach effectively realigned both models with the observed baseline, reducing COSMO's 823 

underestimation and WRF's overamplification, including a shared seasonal bias toward 824 

overestimation in spring, though residual biases remained. The results indicate a reduction in the 825 

mean annual precipitation, mainly driven by reduced future summer precipitation with July as the 826 

driest month, while mean daily precipitation in November shows an increasing signal in the future 827 

period. In contrast to these mean-state changes, extreme precipitation statistics reveal a more 828 

complex, model-dependent pattern. 829 

The return-period analysis of both models consistently projects an intra-model increase in daily 830 

precipitation extremes relative to their own historical baselines: a historical 100-year daily event 831 

is projected to recur every 4.8 years under COSMO and 9.4 years under WRF, suggesting it could 832 

become 10 to 20 times more frequent under future climate conditions. However, when historically 833 

observed extreme magnitudes are evaluated against each model's future return-period curve, the 834 

models diverge; WRF projects reduced nearly 50%, which is a doubling of annual exceedance 835 

probability of these magnitudes, whereas COSMO shows an event-dependent response, with some 836 

becoming more frequent and others rarer. Among these, the top eight known catastrophic flood 837 

events show contrasting return-period responses depending on the model considered.  838 

Specifically, in WRF, the observed basin maximum associated with the September 2022 event 839 

shifts from an 182-year historical return period to approximately 97 years in the future period, 840 

while the August 1976 event decreases from 94 to 47 years. Conversely, COSMO projects an 841 

increase in the estimated return periods, with the September 2022 event shifting from 182 to 860 842 

years and the August 1976 event from 94 to 153 years. These contrasting responses highlight the 843 

uncertainty associated with future extreme precipitation projections and the sensitivity of return 844 

period estimates to the model representation of extreme events. Event-scale analysis of the top 845 

eight extreme rainfall events in a peak-centered 9-hour temporal concentration window, with peak 846 

hourly intensities diverge by +11.6% and −9.4% under COSMO and WRF, respectively, while both 847 
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models show a decrease in nine-hour total accumulation. Huff curve analysis indicates that these 848 

future extreme precipitation events have limited early-stage rainfall accumulation in the first 849 

quartile, then a rapid, concentrated release of precipitation in the second and third quartiles.  850 

Overall, the results reveal that both models increase their own model-relative daily return levels, 851 

while the occurrence of the observed benchmark magnitude and the sub-daily peak responses are 852 

strongly model-dependent. These findings suggest that design standards typically based on 853 

historical climate conditions may underestimate future rainfall hazards under some projections, 854 

underscoring the need to account for model-chain uncertainty in their revision. The expected 855 

changes in rainfall intensity, frequency, and temporal concentration constitute a critical basis for 856 

future hydrological and hydraulic research. Coupling these CPM projections with distributed 857 

hydrological models would allow quantification of flood response, inundation extent, and 858 

infrastructure vulnerability across the Misa River basin.    859 

 860 

 861 

 862 

 863 

 864 

 865 

 866 

 867 

 868 

 869 
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