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 A B S T R A C T

Understanding spatial scale-dependent changes in extreme precipitation is crucial for flood risk adaptation in 
a warming climate. This study investigates how future changes in sub-daily to daily extreme precipitation 
can be transferred from point to catchment scales. We use the areal reduction factor (ARF) concept to 
quantify the impact of climate change on extremes at multiple scales from point (individual model grid 
cell) to catchment scales up to 3,751 km2 in the upper Adige River basin, eastern Italian Alps. We apply 
the Simplified Metastatistical Extreme Value (SMEV) framework to estimate extreme precipitation return 
levels (1–24 h durations, up to 100-year return periods) at multiple spatial scales using an ensemble of nine 
convection-permitting models from FPS-CORDEX. Models provide hourly precipitation data (remapped to 3 
km grid) for historical (1996–2005) and future (2090–2099) periods under the RCP8.5 scenario. Our results 
show that ARFs derived by the models in the historical period align well with ARFs values obtained from 
observations. Under future scenarios, changes in ARFs cannot be in general deemed statistically significant, due 
to the important inter-model variability. ARFs slightly increase for short durations (1–3 h) and low-to-medium 
return periods (2–20 years) over small basins (<100 km2), suggesting more spatially uniform extremes at these 
scales. Conversely, ARFs decrease for longer durations, larger basins and high return periods, implying that 
corresponding areal design precipitation will increase less than point precipitation under the same conditions. 
Our results highlight the need for high-resolution ensemble modeling to capture inter-model variability in 
extreme precipitation projections.
1. Introduction

Changes in intensity and frequency of extreme precipitation have se-
rious implications for effective adaptation to changing flood risk (IPCC, 
2023). Warming climate is driving not only more intense and frequent 
episodes of heavy precipitation but also altering the patterns of their 
distribution across time and space, as growing evidence suggests (Pa-
palexiou and Montanari, 2019; Fischer and Knutti, 2016; Guerreiro 
et al., 2018; Wang et al., 2017; Wasko et al., 2024; Westra et al., 
2014). Indeed, numerous recent studies have investigated the changes 
in the spatial pattern of precipitation linked with its intensification in a 
warming climate, with contrasting results: the direction of this change, 
as well as its specific variations across different locations and seasons, 
remains unclear (Zhong et al., 2024). For example, Lochbihler et al. 
(2017) found that the size of convective rain cells in the Netherlands 
tends to increase, suggesting that convective showers organize into 
larger clusters. Such increases have also been found by Tan et al. 
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(2021), who have reported increases in the observed spatial extent 
of precipitation extremes for several regions over the Northern Hemi-
sphere and in the western Pacific over 1983–2018. On different scales, 
based on an ensemble of global climate models (GCMs), Bevacqua 
et al. (2021) found that winter precipitation is expected to have a 
larger spatial extent along with intensification. By contrast, some stud-
ies suggest a smaller extent in future precipitation patterns. Wasko 
et al. (2016), by using an empirical approach combined with quantile 
regression to identify extreme events, have shown that the extent of 
observed precipitation events in Australia decreases with temperature 
increase. The results reported by Chang et al. (2016), from a regional 
climate model (RCM) showed a reduction in the size of individual 
rainstorms, also becoming more intense, especially in summer. The 
decreasing trend in storm spatial extent was mainly found for short 
duration storms (Li et al., 2018; Wasko et al., 2016). Long-term radar 
records from the southeastern Mediterranean further support this hy-
pothesis by showing that as temperatures increase, convective areal 
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precipitation rises, while the area of non-convective precipitation and 
the overall storm size decrease (Peleg et al., 2018a), a result also con-
firmed by convection-permitting simulations of pseudo global warming 
scenarios (Armon et al., 2022).

The recent development of Convection Permitting Models (CPMs) 
marked an important improvement in capturing the changes in inten-
sity and frequency of sub-daily extreme precipitation events as well 
as changes in their space–time patterns (Prein et al., 2015; Fosser 
et al., 2015, 2024; Chen et al., 2021). Compared to traditional regional 
climate models (RCMs), which run on resolutions on the order of 
10–20 km and rely on parameterized convection, CPMs can explicitly 
resolve deep convection, and can thus better simulate the spatial and 
temporal distribution of convective storms. However, while CPMs offer 
significant advantages, their high computational demands often limit 
the duration of climate simulations that can be performed (Ban et al., 
2021), potentially affecting the robustness of statistical predictions of 
extreme precipitation.

This issue was recently addressed by Dallan et al. (2023, 2024a) us-
ing a non asymptotic extreme value method (e.g. Marani and Ignaccolo, 
2015; Marra et al., 2019, 2020). Unlike traditional methods focusing on 
annual maxima or high-threshold exceedances, these approaches ana-
lyze all independent process realizations and allows to use short data 
records, with reduced uncertainty in estimating extreme precipitation 
distribution (e.g. Zorzetto et al., 2016; Dallan et al., 2024a). In particu-
lar, Dallan et al. (2023, 2024a,b) applied the Simplified Metastatistical 
Extreme Value Distribution (SMEV) (Marra et al., 2019, 2020) to 10-
year CPM simulations. SMEV builds upon the Metastatistical Extreme 
Value framework (Marani and Ignaccolo, 2015) by disregarding inter-
annual variability and focusing on the upper tail of the ordinary event 
distribution. In their works, Dallan et al. (2023, 2024a) showed reduced 
uncertainty of SMEV compared to traditional approaches, particularly 
for low-probability precipitation estimates, robust estimation of future 
changes in extremes and the possibility of physical interpretation of 
results.

While these advances have opened the possibility to investigate 
future changes of point precipitation based on CPM (Dallan et al., 
2024a,b), the analysis of changes in areal precipitation is scarcely dealt 
with by the relevant literature. This is unfortunate, because developing 
effective flood risk adaptation strategies heavily relies on the accu-
rate assessment of changes in areal precipitation. Actually, changes in 
point-based design precipitation values can be effectively translated to 
catchment-scale design events by quantifying changes in Areal Reduc-
tion Factor (ARF). The ARF is the factor which, when applied to point 
precipitation for specified duration and return period, gives the areal 
precipitation for the same duration and return period (De Michele et al., 
2001; Sivapalan and Blöschl, 1998; Bacchi and Ranzi, 1996). There 
are two main ARF concepts (Omolayo, 1993): storm-centered ARF, 
which adjust for individual storm paths and intensities (Wright et al., 
2014), and fixed-area ARF, which is calculated for specific geographic 
locations by dividing areal precipitation over a fixed catchment by 
point precipitation with the same return period (Biondi et al., 2021). 
An ARF tends to be lower for larger catchment areas, shorter durations 
and higher return periods (Breinl et al., 2020; Mineo et al., 2018; 
Flammini et al., 2024; Le et al., 2018; Allen and DeGaetano, 2005). 
This is because extreme precipitation becomes more spatially localized 
at short durations and higher return periods, and as rainfall is averaged 
over a wider area or shorter time frame, the disparity between point 
and areal estimates increases. Furthermore, regional climate differences 
influence ARFs, highlighting the need for localized calibration (Chang 
et al., 2023; Kao et al., 2020). While ARF estimates involve uncertainty, 
particularly at higher return periods, this uncertainty is generally rea-
sonable due to robust datasets (Wright et al., 2014; Kao et al., 2020). 
Exploring changes in ARF functions, which represent functional rela-
tionships with drainage area, precipitation duration and return time, 
provides a compact way to examine the transmission of point to areal 
changes.
2 
To the best of our knowledge, only Li et al. (2015) analyzed changes 
in ARF values in a warming climate by using a high resolution CPM 
(2 km spatial and 1 h temporal resolutions). Based on a case study 
in Australia, they found that climate change could lead to significant 
variations in precipitation intensity and spatial distribution, depending 
on the design precipitation durations. Their study found that intense 
short duration precipitation may cover a larger area, while longer 
durations heavy precipitation may become more localized. This high-
lights that changes in precipitation due to climate change may not 
be uniform across spatial scales. However, Li et al. (2015) used a 
single model, which limits the robustness of their findings as single 
model studies are prone to biases specific to that model. This makes 
it challenging to capture the full range of model uncertainties, which 
could be particularly remarkable at convective scales that are the 
most relevant for several precipitation driven hazards in urban or 
mountainous areas (Borga et al., 2014; Cristiano et al., 2017). More 
recently, a few studies have investigated potential changes in ARFs 
using RCMs. Innocenti et al. (2019) used an ensemble of RCMs (12 
km resolution), finding that ARF sensitivity to duration increased for 
short durations and low return periods while changes for longer du-
rations were smaller and less consistent. The increased ARF values in 
future scenarios especially for short durations and large spatial scales 
were found by El Hachem et al. (2025) after correcting the spatial 
dependence structure and the marginal distribution function of the 
selected RCM. Yan et al. (2025) assessed future ARF changes in two 
large Canadian basins by using a 6 km WRF model to downscale five 
GCMs and found that ARFs for snowmelt-influenced runoff increased 
due to reduced spatial heterogeneity associated with fewer snowmelt 
events in a warmer climate, while ARFs for total precipitation exhibited 
smaller and more variable changes across models and return periods.

Here, we aim to understand how information about the projected 
changes in hourly to daily point-scale design precipitation can be 
transferred to projected changes of catchment-scale precipitation with 
the same return period by using ARF functions. The study is based on 
a multi-model ensemble of CPMs covering 10-year periods in historical 
and far future (RCP 8.5 scenario) climates. By using an ensemble of 
CPMs we seek to provide a comprehensive framework that accounts for 
climate model variability, enabling a more detailed exploration of how 
ARF values and functions may change in the future. More specifically, 
we aim to fulfill two specific objectives: (i) how CPMs are able to 
capture observed values of ARF, (ii) how ARF values are changing in 
the future as a function of space, time and return period. We use the 
SMEV framework to estimate extreme precipitation return levels from 
the short time periods available in the CPM simulations (Dallan et al., 
2024a).

2. Material and methods

2.1. Study area

The region selected for this study is the upper Adige river basin 
closed at Bronzolo (Fig.  1), located in the Eastern Italian Alps. This 
alpine catchment covers an area of 6926 km2, with a mean elevation 
of 1800 m a.s.l. and ranging from about 200 m a.s.l. in the southern 
valleys to around 3900 m a.s.l. in the western upper ranges. Mean 
annual maxima of precipitation at 1 h range between about 8 mm h−1
to 33 mm h−1, whereas those at 24 h range between about 1.5 mm h−1
and 4.5 mm h−1.

We selected this area due to the high climatological interest and 
the good data availability. First, significant historical trends in pre-
cipitation extremes have been observed here, with record-breaking 
precipitation anomalies increasing over time, especially for short pre-
cipitation durations (Libertino et al., 2019; Dallan et al., 2022). Second, 
future projections indicate substantial increases in extreme precipita-
tion events, particularly at short durations, due to both thermodynamic 
effects and changes in atmospheric dynamics (Dallan et al., 2024b). 
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Fig. 1. (a) Study area and elevation, (b) to (f) represent sub-basins of group 1 to 5, respectively.  (For interpretation of the references to color in this figure legend, the reader 
is referred to the web version of this article.)
Third, the basin offers good precipitation data coverage in a highly 
complex mountainous terrain that allows to estimate observed ARFs 
(see Section 2.7). Fourth, previous research using CPMs has been con-
ducted in this region, providing valuable insights into the performance 
of these models (Dallan et al., 2023, 2024b; Correa-Sánchez et al., 
2025).

The main basin is initially subdivided into 64 sub-catchments, ac-
cordingly with earlier works (Norbiato et al., 2008; Borga et al., 2007; 
Shrestha et al., 2023). To sample a more complete range of spatial 
scales, these sub-basins are combined to create larger basins through 
continuous nesting. They are showed in Fig.  1 panels b to f where 
they are organized in 4 groups. The first group (panel b) contains the 
original 64 sub-basins ranging from 13 to 267 km2, the second group 
(panel c) comprises 13 basins ranging from 64 to 899 km2, the third 
group (panel d) includes 5 basins ranging from 1047 to 1676 km2, the 
last group (panels e and f) consists of 3 basins ranging from 2723 to 
3751 km2. In total, 85 sub-basins, ranging in size from 13 to 3751 km2, 
are examined.

2.2. CPMs ensemble dataset

The study uses precipitation fields of nine CPMs (details in Table  1) 
from the FPS-CORDEX project (Coppola et al., 2020), which are avail-
able for a historical (1996–2005) and far future (2090–2099) period 
under the Representative Concentration Pathway (RCP) 8.5 scenario. 
All models cover the greater Alpine region and are nested within a 
3 
RCM, with the only exception of the MOHC model. This model is 
directly nested within a high-resolution global model at a 25 km scale, 
and covers slightly different time periods: 1998–2007 for the historical 
period and 2096–2105 for the far future. The spatial resolution of the 
models varies between 2.2 and 3 km, and the temporal resolution of the 
precipitation field is 1 h. A conservative remapping to a common 3-km 
grid was applied to all simulations before conducting further analyses. 
For each ensemble member, the mean areal hourly precipitation is 
calculated by averaging hourly precipitation over the grid cells whose 
barycenter is included within each sub-basin’s polygon.

Earlier study in the area (Dallan et al., 2023) showed that CPM tend 
to overestimate 20 yr return levels at 1 h duration by 40–60 percent, 
with the bias decreasing at longer durations. This bias pattern was 
confirmed using an ensemble of CPMs, which further highlighted the 
bias-elevation dependency across multiple sub-daily durations (Correa-
Sánchez et al., 2025).

2.3. Estimation of point and catchment scale design precipitation

The original CPM hourly precipitation time series on each grid 
point, and the time series obtained as areal average precipitation on 
each sub-basin, are used to estimate extreme return levels using the 
SMEV framework (Marra et al., 2020, 2019). This non-asymptotic 
approach involves defining the tail behavior of the distribution 𝐹 (𝑥) of 
the parent process 𝑥 and considering the finite, observed number 𝑛 of 
events per year, rather than assuming the asymptotic limit 𝑛 → ∞ as in 
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Table 1
Summary of institute abbreviations, CPMs, and nested RCMs with GCMs, along with 
their horizontal resolutions (see Adinolfi et al., 2021; Baldauf et al., 2011; Rockel 
et al., 2008; Leutwyler et al., 2017; Sørland et al., 2021; Keuler et al., 2016; Nabat 
et al., 2020; Belušić et al., 2020; Noël et al., 2015; Powers et al., 2017; Berthou et al., 
2020; Leutwyler et al., 2016; Chan et al., 2020; Caillaud et al., 2021).
Institute CPM (Resolution) RCM (Resolution) GCM

ETH COSMO-crCLIM
(2.2  km)
(Rockel et al., 2008)
(Leutwyler et al., 2016)

COSMO-crCLIM
(12  km)
(Rockel et al., 2008)
(Leutwyler et al., 2017)

MPI-ESM-LR

KIT CCLM5
(3 km)
(Rockel et al., 2008)
(Sørland et al., 2021)
(Baldauf et al., 2011)

CCLM4
(12  km)
(Sørland et al., 2021)
(Keuler et al., 2016)

MPI-ESM-LR

CMCC CCLM5
(3 km)
(Rockel et al., 2008)
(Adinolfi et al., 2021)

CCLM5
(12  km)
(Rockel et al., 2008)
(Adinolfi et al., 2021)

EC-Earth

CNRM CNRM-AROME41t1
(2.5 km)
(Caillaud et al., 2021)

CNRM-ALADIN63
(12 km)
(Nabat et al., 2020)

CNRM-CM5

HCLIMcom
(DMI-MET-SMHI)

HCLIM38-AROME
(3 km)
(Belušić et al., 2020)

HCLIM38-ALADIN
(12 km)
(Belušić et al., 2020)

EC-Earth

KNMI HCLIM38-AROME
(2.5 km)
(Belušić et al., 2020)

RACMO2.3
(12 km)
(Noël et al., 2015)

EC-Earth

WRF381CA
(FZJ & IDL)

WRF3.8.1CA
(3 km)
(Powers et al., 2017)

WRF3.8.1CA
(15 km)
(Powers et al., 2017)

EC-Earth

WRF381DA
(FZJ & IDL)

WRF3.8.1DA
(3 km)
(Powers et al., 2017)

WRF3.8.1DA
(15 km)
(Powers et al., 2017)

EC-Earth

MOHC HadREM_UM10.1
(2.2 km)
(Berthou et al., 2020)
(Chan et al., 2020)

HadGEM
(25 km)

the extreme value theorem. Let 𝑥 represent the ordinary events, that is 
the precipitation maxima of independent storms at a specific temporal 
aggregation, such as 1, 3, 6, 12, or 24 h. Under these conditions, 
the cumulative distribution function of the annual maxima can be 
approximated by: 
𝐺SMEV(𝑥) ≈ 𝐹 (𝑥)𝑛, (1)

where 𝑛 represents the average number of independent events occur-
ring per year. For precipitation, the tail of 𝐹 (𝑥) is typically modeled 
using a two-parameter Weibull distribution. This choice is supported 
by atmospheric physics (Wilson and Toumi, 2005) and effectively 
captures observational data (Zorzetto et al., 2016; Marra et al., 2023; 
Papalexiou, 2022). Additionally, it was pointed out that this model 
is in agreement with the tail behaviors of annual maxima computed 
using traditional extreme value theory (Papalexiou and Koutsoyiannis, 
2013; Marra et al., 2023). The two-parameter Weibull distribution is 
expressed as: 

𝐹 (𝑥) = 1 − exp
[

−
(𝑥
𝜆

)𝜅]
(2)

where 𝜅 is a shape parameter that determines the tail heaviness, and 𝜆
is a scale parameter.

Independent storms are defined as wet periods separated by dry 
intervals lasting at least 24 h (i.e. with less than 0.1 mm of precipitation 
recorded over 24 consecutive hours). We tested the adequacy of this cri-
terion at the catchment scale by assessing the temporal autocorrelation 
of mean areal precipitation with a 1-h lag. This evaluation, originally 
developed by Marra et al. (2020) and adapted to the area by Dal-
lan et al. (2023) for point-scale precipitation, ensures that the SMEV 
methodology can be reliably applied to catchment-scale precipitation.
Ordinary events are then defined as the peak intensities observed during 
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each storm for the specific duration of interest. The empirical tail of 
the ordinary-event dataset is identified through a properly defined left-
censoring threshold, which allows one to isolate the portion of the 
ordinary events whose tail can be described with two parameters and 
that share the statistical properties with the annual maxima (Marra 
et al., 2020). A test (codes are available in Marra et al., 2023) is 
applied to all grid cells and basin mean areal precipitation series to 
assess whether the assumption of having Weibull tails could be rejected 
based on the data. The left-censoring threshold is calculated for each 
CPM model grid (basin). Then, a unique threshold for each model is 
determined as the 80th percentile of all grid (basin) values. Finally, the 
median of these model thresholds is used as the result for the duration. 
The results on the grid scale followed already reported results by 
Dallan et al. (2024a) and Correa-Sánchez et al. (2025) for durations ≥
3 h as 85th percentile, but median of models for 1 h duration in our case 
showed as well 85th percentile. As on the basin scale, the medians were 
in the range 75th to 85th percentile. In order of simplicity, we decided 
to apply a uniform left-censoring threshold at the 85th percentile of 
ordinary events for the different precipitation duration on both grid 
and basin scale for all CPM models.

It should be pointed out that this approach is not equivalent to 
threshold exceedance methods in which all values below threshold 
are discarded, because the SMEV formulation explicitly considers the 
ordinary events below threshold as non-exceedances. For both the his-
torical and far future scenario, quantiles up to a 1% annual exceedance 
probability (AEP), equivalent to a 100-year return period, are estimated 
for duration of 1, 3, 6, 12, and 24 h at each grid point and sub-basin 
using data from the nine CPMs. The quality of this approach for the 
region was evaluated by Dallan et al. (2023, 2024a), highlighting its 
advantage over traditional approaches.

2.4. Estimating ARF using the fixed-area approach

In our study, ARF is determined independently for each basin to 
account for the variability in basin-specific precipitation characteris-
tics. The ARF for each basin and CPM model is calculated using a 
modified version of Bell’s method (Bell, 1976), a fixed-area approach 
that defines ARF as the ratio of the mean areal precipitation to the 
representative point precipitation for a defined duration at equal return 
period. It should be noted that fixed-area approaches rely on the equal 
frequency and not necessarily on the co-occurrence of point and areal 
precipitations, unlike storm-centered methods.

In general, mean areal design rainfall depths for a specified duration 
differ from point reference design rainfall depth for the same duration 
as a function of catchment area, event duration, and return period. 
The precipitation is typically more localized at short durations, and the 
reduction of areal precipitation with respect to point precipitation with 
the same exceedance probability increases with increasing the catch-
ment area. As a consequence, ARF decreases with increasing the area. 
For longer durations, the total precipitation is more evenly spatially 
distributed, reducing the disparity between point and catchment-scale 
design values. Due to these characteristics, ARFs usually range be-
tween 0 and 1, increasing with increasing the precipitation duration 
for the same area. Similarly, the ARF decreases with increasing the 
return period, usually due to a higher contribution of the convective 
activity (Sivapalan and Blöschl, 1998).

Our modification to Bell’s method (Bell, 1976) replaces the area-
point relationship with an area-model grid relationship. This is indeed 
what is required when the ARF concept is exploited to investigate how 
changes at the grid scale may be transferred to the catchment scale. 
The modified Bell’s method is represented below as: 

ARF(𝐴,𝐷,RP) = 𝑋(𝐴,𝐷,RP)
1
𝑚
∑𝑚

𝑖=1 𝑋(𝐺𝑖, 𝐷,RP)
(3)

where 𝑋(𝐺𝑖, 𝐷,RP) represents the precipitation intensity at a grid (𝐺𝑖)
for duration 𝐷 and return period RP, m is the number of grids within 
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the basin area, and 𝑋(𝐴,𝐷,RP) is the precipitation intensity over 
basin area 𝐴 for the same return period RP and duration D as the 
grid precipitation. The ARFs for the CPM ensemble are computed as 
the median of the ARFs calculated for each individual model of the 
ensemble, independently for each basin.

2.5. Parametric definition of the ARF models

The ARF samples in the study region are used to calibrate parame-
terized ARF models based on the scaling model proposed by De Michele 
et al. (2001). In our preliminary analyses (details not shown), we found 
that the De Michele et al. (2001) model generally demonstrates more 
plausible suitability with respect to other models such as Koutsoyiannis 
and Xanthopoulos (1999) and Thorndahl et al. (2019). The original 
model by De Michele et al. (2001) is designed to provide one set of 
parameters for all durations without considering return period and con-
sidering the point scale as the reference. We modified the De Michele 
et al. (2001) model in three parts to better adapt it to our needs. 
First, we incorporated the grid point area into the model, ensuring 
that the ARF model is constrained to start at 1 for the grid area. This 
ensures internal consistency, as ARF represents reductions relative to a 
reference point, which under our assumptions corresponds to the grid 
cell scale when using SMEV (Rosin et al., 2024). This setup prevents 
the occurrence of ARF greater than 1, when area is at point scale, and 
aligns with the methodology proposed by Li et al. (2015), who showed 
that assuming no change at the grid scale is reasonable when focusing 
on future changes. Second, we calibrated the model in a separate way 
for short (1 and 3 h) and long durations (6, 12, and 24 h), as similarly 
implemented by Innocenti et al. (2019). Indeed, we noticed that models 
using a single set of parameters for all durations tend to perform worse 
for smaller basins at longer durations. This separation stems from the 
recognition that short and long duration extremes are generally linked 
to different precipitation processes characterized by different spatial 
scales (Eggert et al., 2015; Formetta et al., 2022; Marra et al., 2022). 
Third, we calibrated the ARF models separately for each return period, 
mainly due to the reason that the original De Michele et al. (2001) 
model does not account for return periods as done by Yan et al. (2025). 
This was done for each CPM model individually, as well as for the 
ensemble median ARF values. This results to set of 9 ARF models (one 
for each CPM) and one ARF model representing the ensemble median 
ARFs, hereafter termed ‘‘median ARF model’’. The ‘‘median ARF model’’ 
is developed based on fitting the model on the set of medians of ARF 
basin samples (see 2.4).

The modified model is a function of the basin area 𝐴 (km2), the grid 
area 𝐺 (km2), and the duration 𝐷 (hours), and requires the calibration 
of four parameters 𝑏, 𝑤, 𝑧, and 𝑣: 

ARFfit =
[

1 +𝑤
(

(𝐴 − 𝐺)𝑧

𝐷

)𝑏
]− 𝑣

𝑏

(4)

The constrained rectangular trust region dogleg method (Voglis and 
Lagaris, 2004) is used to estimate these four parameters. This method 
operates within a trust-region framework but utilizes rectangular trust 
regions instead of conventional ellipsoids. The minimization problem 
is solved using the dogleg method (Powell, 1970). Initial guesses of 
parameter values from Pavlovic et al. (2016) are used, under the 
assumption that all parameters are positive numbers, ranging up to 1.2, 
0.5, 3, and 2 for 𝑏, 𝑤, 𝑧, and 𝑣, respectively. The chosen parameters 
ranges are based on typical reported values (De Michele et al., 2001; 
Pavlovic et al., 2016; Kao et al., 2020),

2.6. Future changes of ARFs

Projected changes in ARFs for far-future simulations, compared to 
the historical period, are evaluated for both the empirical ARF values 
and for the fitted ARF models. For each CPM model 𝑖 and drainage area 
𝑗, the future relative change is calculated as the percentage difference 
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Table 2
Observed ARFs factors for the Upper Adige river basins.
 Basin area (km2) 1 h 3 h 6 h 12 h 24 h 
 149 0.83 0.89 0.93 0.94 0.96 
 342 0.73 0.82 0.89 0.91 0.92 
 419 0.70 0.80 0.87 0.88 0.91 
 613 0.65 0.75 0.86 0.87 0.90 
 920 0.62 0.72 0.83 0.86 0.89 

between far-future and historical of the ARF values. This is done for 
each return period. This is expressed as: 

CARF, i, j[%] =
𝐴𝑅𝐹fut,𝑖,𝑗 − 𝐴𝑅𝐹his,𝑖,𝑗

𝐴𝑅𝐹his,𝑖,𝑗
∗ 100 (5)

The future change for the ensemble is computed based on the 
median value of ARFs at the basin level (calculated as the median 
of ARF samples for each basin) and on its own parametric model 
(median ARF model). Because of this smoothing effect, the future 
change in the median ARF model does not always reflect the median 
future change across individual models. To evaluate the changes, the 
Wilcoxon–Mann–Whitney test is applied to the samples of ARFs at two 
drainage area: small basins, with median of 50 km2 (ranging from 20 to 
80 km2 with a total of 28 basins), and large basins, with median of 1640 
km2 (ranging from 1000 to 4000 km2, with a total of 8 basins). The 
test is conducted for the future and present climates for a given area, 
duration and return period. Being a non-parametric test, the Wilcoxon–
Mann–Whitney test does not rely on any distributional assumption on 
the ARFs to be tested.

2.7. Observed ARF values

Observed ARFs are computed for specific basins of the upper Adige 
river system based on the availability of a hourly precipitation archive 
with high spatial resolution (1 km2). The archive is based on earlier 
work on extreme precipitation events in the area (Borga et al., 2014; 
Marra et al., 2014; Nikolopoulos et al., 2014, 2015; Marra et al., 
2017; Destro et al., 2018) and cover the period 2000–2014. The study 
catchments, ranging in drainage area from 149 to 920 km2, are located 
in the Passirio and Talvera river basins (highlighted in orange in Fig.  1 
panel a), both well monitored by the local weather radar (Marra et al., 
2014). Precipitation fields are obtained by merging rain-gauge data 
and radar rainfall estimates for the summer-early fall months (May to 
September). Owing to radar rainfall estimation error related to vertical 
reflectivity profile and beam occlusion (Marra et al., 2014), difficult 
to correct in a comprehensive way in this mountainous context, only 
rain-gauge interpolated data are used for the other months.

Both point and catchment-scale annual maxima of precipitation are 
computed based on this composite precipitation record. Observed ARFs 
are calculated based on the fixed-area approach following the Bell’s 
method (Bell, 1976) as the ratio of areal to average point precipitation, 
where radar grids are considered as the point precipitation. In Table  2 
we report the results of ARFs for the mean value of the annual maxima 
(corresponding to around 2-year return period). These values are later 
used as a reference for the comparison with CPM-based estimates.

3. Results

Results are organized into two parts. We first focus on ARFs during 
the historical period, analyzing how ARFs vary with each duration, 
basin size, and return period, and compare them with the observed 
ARFs (Section 3.1). Then we focus on projected changes in ARFs 
considering all durations and return periods (Section 3.2).
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Fig. 2. ARFs estimated from the CPMs ensemble in the historical period for a 2-year return period and durations of 1, 3, 6, 12, and 24 h. The parametric ARFs models are shown 
as dashed, dotted and dash-dotted curves distinguished by different colors. The median ARF model established from the median of the basin ARFs (represented by red points) is 
shown as a solid dark red curve. The gray envelope is established from the lowest and the highest models value. Note the logarithmic scale on the area axis.  (For interpretation 
of the references to color in this figure legend, the reader is referred to the web version of this article.)
3.1. Assessment of ARFs derived from CPMs for the historical period

Fig.  2 illustrates the 2-year return period ARFs estimated from the 
CPMs ensemble for the historical period and durations of 1, 3, 6, 
12, and 24 h. The figure includes also the observed ARF values. In 
spite of the biases affecting the CPMs-based estimates of point extreme 
precipitation across all durations (Dallan et al., 2023), it is interesting 
to note that the median ARF model aligns well with the observed 
reference ARFs (which correspond to drainage areas ranging from 149 
to 920 km2) across all durations. Also, the observed values are well 
contained within the ARF model envelope. A clear decreasing trend 
in ARFs is observed across all the CPM models as the area increases. 
The figure also shows that variability among climate models increases 
with basin area and with decreasing precipitation duration. Notably, 
the MOHC model predicts significantly lower ARFs for smaller areas 
for short durations (1 and 3 h), departing from the other models. 
However, as duration increases (6, 12, and 24 h), the ARFs for the 
MOHC model converge toward the median ARF model, showing better 
alignment with the overall trend at longer durations. The highest ARFs 
across shorter durations are produced by the CNRM model, although 
both WRF models are very close to this upper bound of the envelope. 
At longer durations the lowest ARFs are primarily produced by the 
HCLIMcom and KNMI models. This is particularly evident at 24-h 
duration and for areas larger than 1000 km2.
6 
Fig.  3 presents the relationship of the median ARF models, for 
return periods of 2 years and 100 years, and precipitation durations. 
The consistence between the two return periods is evident, particularly 
the steady increase in ARFs with duration by approximately the same 
difference between return periods. As expected, the ARF model for 1-h 
duration shows a sharper decrease in their values compared to those for 
24-h duration. Notably, there is a general decrease of the ARF values 
moving from 2 to 100 yr return period.

The relationship between the ARF values and the return periods 
is shown in Fig.  4 for the median ARF model, for 1-h and 24-h. The 
ARF values are decreasing with increasing the return period. Although 
the difference between the ARFs for the 2-year and 100-year return 
periods is small for 1-h duration (approximately decrease by 7.4% at 
4000 km2), it becomes larger for 24-h, with a decrease by 8.2% at the 
same basin area size. Thus, the effect of decreasing ARF with increasing 
the return period is more noticeable at long durations for larger areas 
(around 4000 km2), while for smaller basins (around 100 km2) appears 
more evident at 1-h duration, with differences between the ARFs for the 
2-year and 100-year return periods at 100 km2 by 3.8% for 1-h and by 
1.7% for 24-h.

3.2. Future climate impacts on ARFs

The relative change in ARFs between future and historical climates 
is shown in Fig.  5, for durations of 1, 3, 6, 12, and 24 h. Fig.  5, focused 
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Fig. 3. Median ARF models for (a) 2-year and (b) 100-year return periods and their relation with durations. ARFs values are plotted against basins area sizes on a log scale axis.
Fig. 4. Median ARF models for 1-h and 24-h durations and their relation with return periods (2, 5, 10, 20, 50, and 100 years). Note the logarithmic scale on the area axis.
on moderate extremes (2-year return period), shows that the spread 
among CPM models increases with basin area across all durations, 
highlighting the increasing uncertainty especially for short durations. 
The changes of 100-y return period present the same trends as the one 
of 2-year return period (Figure A.1).

At 1-h duration (Fig.  5 panel a), the median ARF model change 
is slightly positive for all basin sizes, meaning that future ARFs are 
expected to be marginally higher than historical values, especially for 
larger basins. The median ARF model change at 3-h (Fig.  5 panel b) 
is slightly positive for smaller basins but becomes negative (future 
decrease) for areas larger than 100 km2. Relative changes at 1-h 
duration range from −18% to +17% at 4000 km2 and show greater 
model variability than at 3-h duration, when they range from −10% to 
+15%. KNMI stands out for the highest positive future change in ARFs 
in both durations, and MOHC for the strongest negative change.

At longer durations of 6, 12, and 24 h (Fig.  5, panels c–e), no 
major change is found in the future in the median ARF model for 
smaller basins, while a decreasing trend is reported for larger basins. 
However, it is noticeable that this decreasing trend becomes less sharp 
with longer durations, meaning that the future ARF reduction becomes 
less marked with increasing duration. Relative changes at 6-h duration 
range from −7.5% to 5.6%, at 12 h from −6% to 7.4%, and at 24 h from 
−5% to 8.3%, all at 4000 km2. The CPM models spread is much lower 
at these longer durations than at 1–3 h, with most of the ARF models 
close to the ensemble median ARF model. Interestingly, the KNMI 
model stands out, consistently predicting higher future ARFs than the 
other models. In contrast, models such as CMCC and CNRM exhibit a 
declining trend. MOHC shows the strongest decrease for smaller basins 
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at 6 h, but as the area increases, CMCC becomes the one with the 
strongest decreasing signal.

Fig.  6 shows the relative change in the median ARF model, compar-
ing future and historical climates for different return periods (2, 5, 10, 
20, 50, and 100 years) and durations of 1 to 24 h. At short durations 
(1-h and 3-h), the changes in ARFs are noticeably different across 
return periods. At 1-h duration, the future changes remain positive 
up to approximately 100 km2 and then begins to diverge. The 2-
year return period shows an approximate 1% increase in ARFs in the 
future, while longer return periods show a declining tendency, with the 
sharpest decline seen for the 100-year return period (which ends with 
a maximum decrease of −5% at 4000 km2). A similar trend is seen in 
the 3-h duration, with no major future change until around 100 km2, 
and with a decrease for larger basins and higher return periods. For 6 h 
(12 h) duration, the differences between return periods reduce, but a 
clear decreasing trend in the ARFs is visible for basins larger than 100 
km2 (500 km2), which reaches a maximum of −4% (−2%) at 4000 km2. 
In contrast, for the 24-h duration, the future change in ARFs remains 
stable, varying only slightly between 0.5% and −1% across all basin 
sizes and showing no evident dependence on return period.

The results of the Wilcoxon–Mann–Whitney test indicate that for 
the majority of cases, we cannot reject the null hypothesis, suggesting 
no statistically significant changes in ARFs. However, statistically sig-
nificant changes (significance level 0.05) are observed at 6-h duration 
100 year return period in large basins. When extending the significance 
level to 0.1, which indicate weak evidence, additional cases for 1–6 h 
at 2-year return period and 1–3 h at the 100-year return period emerge, 
both also in large basins.
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Fig. 5. The relative change in ARFs between future and historical climates for 1, 3, 6, 12, and 24 h durations at a 2-year return period. The gray envelope represents the range 
from the lowest to the highest relative future change value. Note the logarithmic scale on the area axis.
4. Discussion

4.1. Evaluation of ARF estimates from CPMs for the historical climate

Our results show that the observed ARF values are in good agree-
ment with the median ARF model across all durations (Fig.  2), being 
consistently positioned near the median ARF model and well-contained 
within the spread of the individual models. This provides solid valida-
tion of our approach, particularly given the complex Alpine topography 
with steep elevation gradients that might be challenging for CPMs. 
Previous research has shown that CPMs exhibit systematic elevation-
dependent biases, with overestimation at higher elevations where our 
study area is predominantly located (Ban et al., 2021; Dallan et al., 
2023; Correa-Sánchez et al., 2025). However, the observed-modeled 
agreement demonstrates that these biases are multiplicative in nature 
and are therefore expected effectively cancel out in the ARF calcula-
tions. This gives us confidence that CPMs provide reliable future pro-
jections, since they can reproduce historical patterns accurately in this 
orographically complex region thanks to a more realistic representation 
of both orography and convective processes.

We acknowledge that the precipitation composite used to compute 
the observed ARF values includes, at least partially, point precipitation 
measurements—particularly when precipitation maxima occur during 
the fall-winter months. The accuracy of the comparison with CPM grid-
based ARF values relies on the assumption that precipitation variability 
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at the grid scale is sufficiently small for the grid to reasonably approx-
imate point precipitation (Li et al., 2015; Lutz et al., 2024; Zhao et al., 
2023; Rosin et al., 2024; Paixao et al., 2015). However, this assumption 
may not always hold, especially for coarser grid resolutions, where spa-
tial rainfall variability can still impact accuracy (Peleg et al., 2018b). 
Nevertheless, this issue is expected to be mitigated by averaging grid 
values and applying the SMEV approach, as demonstrated by Rosin 
et al. (2024). Additionally, precipitation variability at the grid scale 
is typically lower during the fall-winter months, further supporting the 
validity of this assumption.

Several studies (Breinl et al., 2020; Le et al., 2018; Sivapalan and 
Blöschl, 1998; Pavlovic et al., 2016; Kao et al., 2020; Zhao et al., 2023) 
have reported that ARF tend to decrease with increasing return period, 
mainly due to a higher contribution of the convection activity. Our 
study, as shown in Fig.  4, further supports these findings.

While all the individual CPM ARF models agree in the decreasing 
ARF values with area size more pronounced at shorter durations, 
there is a noticeable spread among them especially at short dura-
tions (Fig.  2). This suggests a high degree of uncertainty in how 
different CPMs represent precipitation spatial patterns at short du-
rations. Such uncertainty is expected, given the known differences 
among models in representing convection, which plays a greater role 
in short-duration precipitation than in longer events, especially in 
orographically complex regions (Fosser et al., 2024).
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Fig. 6. Impact of return periods on the median ARF model relative future change comparing future and historical climates across durations of 1, 3, 6, 12, and 24 h. Note the 
logarithmic scale on the area axis.
Looking at the individual CPMs, MOHC shows a characteristic be-
havior at short durations (1- and 3-h). The lower ARFs for smaller 
basins suggests that MOHC tends to simulate more localized heavy 
storms, with a larger difference between grid precipitation and areal 
precipitation. As mentioned previously, this model is unique in being 
nested directly with a high-resolution global model at a 25 km scale, 
which may influence the way it models convective storms. The larger 
resolution jump, from 25 km to 2.2 km, might hamper the spin up 
for convective processes compared to simulations nested in a 12 km 
model, which likely already present some explicit convection (Fosser 
et al., 2020). Additionally, MOHC showed a positive bias during the 
summer season (JJA) (Chan et al., 2020), overestimating the intensity 
of convective storms, which likely contributes to the larger difference 
between grid and areal precipitation and results in lower ARFs for small 
basins.

In contrast, models such as CNRM and WRF, show higher ARFs for 
short durations compared to the ensemble median. These higher values 
suggest that these models may produce more widespread precipitation 
than the others at these durations, which are related to convective 
storms. The tendency of CNRM-AROME to overestimate low precipi-
tation and produce overly large convective cells, particularly at high 
intensities (Caillaud et al., 2021), may explain its higher ARFs.

At 6-h duration (Fig.  2), results show a transitional phase where 
precipitation become less localized and more evenly distributed across 
larger areas. The median ARF model is positioned near the center of the 
model envelope, reflecting greater consistency and reduced variability 
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among models at this duration. This alignment implies that models are 
generally in better agreement on the spatial distribution of precipitation 
over this duration. This duration may mark the end of the duration 
range in which convection dominates extremes (Cipolla et al., 2020).

As the duration increases to 12 and 24 h, ARF values generally rise, 
reflecting a shift in precipitation mechanisms, see Fig.  2. Short-duration 
precipitation, mostly driven by convective processes, tend to be more 
localized and intense, while long-duration storms often linked with 
large-scale processes result in more evenly distributed precipitation 
over larger areas (Mineo et al., 2018; Breinl et al., 2020; Haddad 
and Rahman, 2014). In Fig.  3, the ARFs decrease more sharply with 
increasing basin size for short durations compared to longer dura-
tions. However, models like HCLIMcom and KNMI show lower ARFs 
specifically for the 24-h duration (Fig.  2). Caillaud et al. (2024) noted 
that the AROME models tend to overestimate the area and duration 
of precipitation events, which is expected to lead to higher ARFs. 
However, we observe a contradictory pattern in this family, where 
HCLIMcom and KNMI have the lowest ARFs and CNRM has the highest 
one. Differences in the temperature biases, spatial resolution, and/or 
in the internal model parametrization used in CRNM, compared to 
HCLIMcom and KNMI, could explain this emerging behavior within the 
same family. However, further analysis beyond the scope of this paper 
would be required to confirm this hypothesis.

Furthermore, it is interesting to place our findings in a wider context 
relating our results from CPM with those, in other studies, derived 
from coarser-resolution RCM. Thomassen et al. (2022) found that RCMs 
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only capture realistic spatial correlation in extreme precipitation from 
durations ≥24 h, while CPMs perform more realistically from 1 to 
3 h durations. Brêda et al. (2022), focusing on daily and multi-day 
durations, showed that RCMs exhibit stronger spatial dependence and 
lower biases at longer durations (e.g., 5 days), further limiting applica-
bility of RCMs for short duration extremes. The actual spatial resolution 
of RCMs is too coarse to resolve short-scale and localized extreme 
precipitation events (Prein et al., 2015; El Hachem et al., 2025), which 
may lead to underestimation of future changes, especially for short-
duration extremes (Mailhot et al., 2012). These findings support the 
added value of high-resolution CPMs for sub-daily ARF estimation.

4.2. Projected changes in ARFs under future climate scenarios

For moderate extremes, represented by the 2-year return period, the 
projected changes in ARFs for short durations (1-h and 3-h) reveal the 
distinct trends shown in Fig.  5. The future change based on the median 
ARF model, indicates a slight increase in ARF across all basin sizes, with 
minimal changes close to 1%. This emerges from a high spread among 
the models, making the estimates of ARF changes more uncertain. In 
the case of the 1-h, four models exhibit a decreasing trend in ARF across 
all basin sizes (up to about −15%), while other 5 show mixed signals, 
with some indicating a decrease with increasing drainage area and 
others projecting positive changes (up to about +15%). In particular, 
two models (CMCC and HCLIMcom) project positive changes up to 200 
and 400 km2, respectively, and 3 out of 9 models show positive trends 
across all basin sizes. While MOHC shows the strongest decrease in 
ARF, indicating more localized precipitation, KNMI projects the highest 
positive future change, which could imply larger and more widespread 
future storms. This outcome for MOHC and KNMI is consistent with 
findings from Caillaud et al. (2024) during the extended fall season in 
the French Mediterranean area for high-precipitation events. In their 
research, the MOHC predicted an increase in the frequency of intense, 
short-duration, and small-area storms, while KNMI projected fewer but 
larger and more intense storms. At the 3-h duration the future change 
in the median ARF model remains close to 1% for smaller basins, but 
show a decreasing trend as basin size increases, in contrast to the 1-h 
duration results. This may suggest that future storms at this duration 
would become smaller, and with localized impact particularly over 
large basins. Overall, there is a better agreement among models for 3-h 
durations with respect to the 1-h.

Longer precipitation durations (6-h, 12-h, and 24-h) exhibit almost 
no changes in ARFs across smaller basin area, but reveal a more marked 
decreasing trend with increasing area size. This behavior indicates that 
future long-duration storms may become more localized, similarly to 
the 3-h duration. The growing model spread with increasing basin 
area is driven by KNMI, which projects significantly higher ARFs. 
This behavior (that could be related to larger storms in the future) is 
consistent with the tendency of this model to favor larger, more intense 
storms (Caillaud et al., 2024). The other models lie roughly symmet-
rically around the median ARF model changes, providing a clearer 
picture of future changes and of inter-model uncertainty. Additionally, 
the future decrease in ARFs with increasing basin size becomes less 
noticeable as duration increased from 6 to 24 h, similar to what re-
ported by Li et al. (2015). This is likely because long-duration extremes 
are less influenced by convective processes and are more often asso-
ciated with widespread, stratiform storms. Furthermore, the projected 
changes in ARFs could also reflect shifts in the intensity and size of 
convective storms, which may become more intense and widespread, 
thus influencing the statistics of long durations.

The dependence of future change of ARFs on return period is most 
evident at short durations on larger basins. For the 100-year return 
period at 1-h duration, the future ARFs drops by 5% for larger basins 
(4000 km2), implying that corresponding areal design precipitation 
will increase less than point precipitation under the same conditions. 
However, for smaller areas (under 100 km2), 1-h ARFs slightly increase 
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across all return periods, which could mean that future short-duration 
storms could cover wider areas, as also been reported by Prein et al. 
(2017) for the US. Furthermore, results from Li et al. (2015), limited 
on a single CPM, align closely with our ensemble median results. They 
observed similar increases in ARFs for 1-h duration until areas around 
500 km2, while ARFs began to decrease for larger areas. In addition, 
our analysis offers an estimation of the models spread associated with 
the future changes (see Figs.  6 and A.1). Our findings indicated that 
the slight intensification of extremes is expected to occur up to areas 
of about 100 km2, which is compatible with the scale of convection.

While Li et al. (2015) found decreases in ARFs for all longer du-
rations (6 to 72 h), our research reveal that the decrease is more 
noticeable at 6- and 12-h durations, with minimal change at 24 h. In 
our study region, 24-h duration show a small positive trend for areas up 
to 2000 km2 and then decrease slightly, resulting in an overall change 
around ±1%. On the other hand, Li et al. (2015) reported decrease of 
−1% for 24-h duration at 1000 km2. Although the small positive change 
in our results suggests slight variability, the overall trend is consistent 
with the minimal change for daily durations reported by Li et al. 
(2015). Furthermore, our results of Wilcoxon–Mann–Whitney partially 
align with Li et al. (2015), who observed higher statistical significance 
at higher return periods compared to lower return periods. In our study, 
we reveal weak evidence for changes at high return periods, while no 
significance is found at lower return periods.

Changes in ARFs should be considered alongside the projections of 
extreme precipitation return levels at the grid-scale. In particular, at 
the grid scale short-duration extremes are projected to increase more 
than long-duration extremes (Olsson and Foster, 2013; Dallan et al., 
2024a,b; Hosseinzadehtalaei et al., 2020). In our study area, Dallan 
et al. (2024a,b) revealed significant increases—up to 50% in short-
duration and high-intensity precipitation events. Similar significant 
increase based on annual maxima and 99.9th percentile were found 
by Estermann et al. (2025). This has significant implications, as neg-
ligible changes in ARFs at short durations below basin size 100 km2

(close to the scale of convection) indicate similar increases for both 
point and areal precipitation extremes. Such increases could exacer-
bate flood hazards, particularly in urban areas or small catchments 
where localized intensification has larger impact. On the other hand, 
a decrease in the ARFs at longer durations (and at short durations for 
high return periods for basins larger than 100 km2) might suggest that 
increases in local peaks are larger than those for areal precipitation. 
This further highlights that localized intensification of extreme rainfall 
could worsen flood hazards, even if ARFs remain similar at short 
durations.

Although outside the scope of this paper, we notice that the influ-
ence of the driving GCM seems substantially lower than the specific 
CPM selected. In fact, the spread between HCLIMcom, KNMI, CMCC 
and the two WRF381, is substantial although they are all driven by 
EC-Earth GCM. This is to be expected since the influence of the driving 
GCM is reduced in summer months when local phenomena are the main 
driver for extreme precipitation (Vautard et al., 2021).

4.3. Study limitations

First, our observational validation is limited by the short temporal 
coverage (2000–2014) and the spatial focus on a few basins in the 
upper Adige river system, restricting the general implication of our 
findings. Additionally, the use of seasonally inconsistent precipitation 
data (radar-gauge merged from May to September and interpolated 
gauge-only in other months) could have introduced artificial seasonal 
variability in ARF estimates, especially at long durations. While mod-
eled and observed ARFs agree well, these limitations constrain our abil-
ity to evaluate CPM performance beyond the limited spatial domain, 
under different atmospheric conditions and longer timeframes.

Second, although the SMEV framework improves robustness with 
limited samples, the 10-year simulation periods used for both historical 
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and future scenarios remain short for reliably estimating high return 
period quantiles. This limitation is particularly relevant for the 50- to 
100-year return periods. Longer simulations would enhance the stabil-
ity of extreme value estimates and strengthen confidence in projected 
ARF changes at these extreme events.

Third, while our ensemble includes nine CPMs driven by four dif-
ferent GCMs, a larger, more systematically designed ensemble would 
be needed to ensure better robustness of statistics and for formally 
partitioning uncertainty between driving GCM effects and CPM-specific 
differences. Although we notice that the driving GCM might not be 
the main source of uncertainty (as evidenced by the substantial spread 
among EC-Earth driven models), such an expanded ensemble would 
allow us to more precisely investigate the sources of cascade uncer-
tainty from global to local scales and determine whether the observed 
inter-model spread in ARF projections stems primarily from differences 
in global climate sensitivity, regional downscaling approaches, or local 
physical process representation.
5. Conclusion

In this study, we analyzed how projected changes in hourly to 
daily point precipitation extremes are transmitted to catchment-scale 
extremes considering an ensemble of nine CPMs under the RCP 8.5 
scenario through the ARF concept. We estimated extreme precipitation 
return levels at both point and catchment scales using the SMEV 
framework. We examined various durations and return periods and we 
calculated ARFs for both historical and far future projections.

A key finding of this research is that CPMs demonstrate robust ca-
pability for capturing the spatial organization of extreme precipitation 
events. Observed ARFs align closely with those derived from CPMs for 
the historical period, with observed values consistently falling near the 
median ARF model and remaining well within the spread of individual 
models across drainage areas and durations. This alignment indicates 
that, despite the biases in CPMs grid precipitation, the models are able 
to effectively capture the observed ARFs. Furthermore, as expected, 
ARFs derived from CPMs for the historical period decrease with basin 
size, increase with duration and decrease with return period. This 
validation establishes CPMs as a reliable tool for estimating ARFs in un-
gauged or data-sparse regions, providing a physically-based alternative 
to traditional empirical methods that rely on extensive observational 
networks. Even though there is a noticeable spread among model 
simulations, especially at short durations. This indicates a high degree 
of variability in how different CPMs represent precipitation spatial 
patterns at short durations.

Under future climate scenarios, earlier works in the study area 
showed that point-scale extreme precipitation is projected to increase 
significantly, particularly for short-duration, high-intensity events (Dal-
lan et al., 2024b). However, our analysis reveals a critical insight that 
intensification of point-scale extremes does not translate uniformly to 
the catchment scale by examining changes in the ARF structure. For 
lower return periods, ARFs tend to slightly increase for short durations 
over smaller basins, suggesting convection core areas could increase 
in size in the future leading to a more uniform spatial pattern over 
small basins. Combined with the projected increase at the point-scale, 
this suggests an increase, albeit slight, in the hazard at these scales. 
Conversely, ARFs decrease for longer durations over larger basins, 
implying that corresponding areal design precipitation will increase less 
than point precipitation under the same conditions.

For higher return periods, both short and long durations tend to 
show a decrease in ARFs, which implies that increases in extreme 
intensification at point scale may not fully translate to the catchment 
scale, although statistical significance or potential trend is reported 
only in a few cases. The lack of statistical significance should not lessen 
the practical importance for climate impact assessments. These direc-
tional trends represent the best available information on how spatial 
structures may evolve under climate change. Ignoring these physically 
plausible changes in the assessment studies could lead to systematic 
11 
biases in flood risk estimations, particularly when the consequences of 
underestimating risk are severe.

The inter-model variability remains high, highlighting the impor-
tance of using an ensemble of models and reminding once again that 
predicting future extremes is a challenging and uncertain task. This 
variability is more pronounced at short durations, reflecting the dif-
fering capabilities of CPMs in representing convective processes over 
topographically complex terrain Correa-Sánchez et al. (2025). The en-
semble approach emphasizes that reliance on single model projections 
for critical infrastructure decisions would be inadequate.
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