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ABSTRACT

Climate change adaptation strategies and flood risk management in complex terrain rely on accurate projections
of sub-daily precipitation extremes and on the realistic evaluation of the associated uncertainty. However, these
aspects are still insufficiently analysed, especially concerning the most updated convection-permitting climate
models (CPM). This study provides a comprehensive approach to assess the performance of CPMs in complex
terrain by analysing bias and uncertainty of sub-daily extreme precipitation. We evaluate extreme sub-daily
precipitation in the north-eastern Italian Alps using an ensemble of CPM simulations. We assess return levels
for 2, 5, 10, 20, 50, and 100-year return periods across five durations (1, 3, 6, 12, and 24 h) and associated
uncertainty. We compare estimates based on CPM simulations with the ones based on rain gauge observations.
Our results show that CPM performance improves with longer durations, with underestimations in the lowlands
and overestimations in the highlands, particularly for short durations. The CPM ensemble captures the
orographic effect, although with a weaker magnitude with respect to what is observed. We quantify intra-model,
inter-model, and total uncertainties, finding that inter-model uncertainty dominates, particularly at higher ele-
vations for short durations. The normalised intra-model uncertainty ranges between 12% and 18% and matches
well the observed uncertainty for the different elevation ranges, suggesting that the sampling uncertainties are,
on average, roughly proportional to the return level values (and the relevant biases). This work provides critical
insights into the performance of CPMs in complex terrain and has important implications for improving the
accuracy of extreme precipitation estimations, which are crucial for climate change adaptation and flood risk
management in mountainous regions.

1. Introduction

Orr et al., 2021).
Global Climate Models (GCMs) and Regional Climate Models (RCMs)

Global warming is expected to increase atmospheric water vapour
content and modify the atmospheric dynamics, leading to the intensi-
fication of precipitation extremes in some regions (Fosser et al., 2020,
2024; Fowler et al., 2021; Kendon et al., 2019; Norris et al., 2021).
Mountainous regions are particularly vulnerable to the impacts of
extreme sub-daily precipitation due to their complex topography, which
can exacerbate the effects of intense rainfall, leading to hazards such as
flash floods, landslides, and debris flows (Borga et al., 2014). Effective
risk management and adaptation strategies in these areas rely on our
ability to understand and quantify changes in the probability of occur-
rence of intense precipitation (Dallan et al., 2024a; Dallan et al., 2024b;
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struggle to accurately represent changes in extreme sub-daily precipi-
tation, particularly in regions with complex terrain. This limitation
stems from their coarse spatial resolution (60 to 300 km for GCMs and
10 to 50 km for RCMs) and their reliance on parametrisations of con-
vection, a known source of errors and uncertainty for the simulation of
short-duration heavy precipitation (Knutti et al., 2010; Martel et al.,
2020; Prein et al., 2015). The advent of Convection-Permitting Models
(CPMs) significantly advances in addressing these limitations. CPMs,
with their higher spatial resolutions (typically less than 4 km) and the
explicit representation of convective processes, have demonstrated
substantial improvements in representing extreme precipitation at sub-
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daily scales (e.g., Fosser et al., 2015; Lucas-Picher et al., 2021; Prein
et al., 2015).

Such simulations are often short (10-20 model years) due to their
high computational cost. The short length of these simulations chal-
lenges the applicability of extreme value analysis, which typically relies
on observed or simulated extremes (Kottegoda & Rosso, 2008; Sou-
kissian & Tsalis, 2015). To address this limitation, recent advancements
in the statistical analysis of extremes based on ordinary values, such as
the Metastatistical Extreme Value (MEV) (Marani & Ignaccolo, 2015)
and its simplified version (SMEV) (Marra et al., 2019) offer a viable
alternative. These methods can provide more reliable estimates of
extreme events associated with a desired low exceedance probability
from relatively short time series by using ordinary events instead of only
using annual maxima (e.g., see Zorzetto et al., 2016 for the comparison
with GEV-type approaches and Dallan et al., 2024a; Dallan et al., 2024b,
for comparisons in the case of CPMs).

Effective adaptation strategies require assessing the uncertainties
associated with climate simulations and projections (IPCC, 2023).

Beyond the uncertainty related to the choice of the climate scenario,
there are two other main sources of uncertainty: model uncertainty and
internal variability, often referred to as natural variability (Jain et al.,
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2023). Given the same climate scenario, model uncertainty is generated
from using different parameterisation schemes or parameter choices
within the same model or numerical formulations across different
models. The second source of uncertainty, i.e., natural variability, is
linked to the chaotic nature of the climate system.

To the best of our knowledge, only a few studies so far examined
biases and different sources of uncertainties—excluding scenario
uncertainty—in sub-daily precipitation estimates characterised by a
very low annual probability of exceedance obtained from CPM simula-
tions, nor their relation with orographic features. Hundhausen et al.
(2024) examined the bias in precipitation extremes and the uncertainty
associated with the climate change signal over Germany for an ensemble
of 4 CPMs. However, a relatively simple orography characterises the
focus region, and different sources of uncertainty were not assessed for
the evaluation period.

Convection permitting model uncertainty quantification was
impossible to achieve until multi-model CPM simulations were made
available over vast areas as part of the CORDEX Flagship Pilot Study
project on Convective Phenomena over Europe and the Mediterranean
(FPS Convection) (Coppola et al., 2020). The multi-model ensemble
consists of 12 ensemble members providing hourly, < 4 km simulations
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Fig. 1. Study area and elevation rain gauge distribution. a) The orography of the study area with the position of the rain gauges. b) Percent distribution of rain
gauges for each elevation range: low (rain gauge elevation < 100 m a.s.1.), medium (100 m < rain gauge elevation < 1100 m a.s.1.), and high (rain gauge elevation >
1100 m a.s.l.). ¢) Box plot showing the elevation differences between individual CPM grid cells co-located with rain gauges and the ensemble mean CPM elevation,
grouped by elevation range. The boxes and whiskers represent the distribution of these differences for each CPM member and their variability in elevation across the
ensemble. The red crosses mark the difference between the mean elevation of the CPM grid cells and the mean observed elevation of the stations in each elevation
range. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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from 10-year time slices, including historical simulations driven by Era-
Interim as boundary condition available for the decade 2000-2009.

Here, we take advantage of the CORDEX CPM ensemble to advance
the knowledge about CPM biases and uncertainties, and their possible
relationship with elevation at different precipitation duration, for
extreme sub-daily precipitation. We focus on a transect from the Italian
Alps to the Adriatic Sea in North-eastern Italy, characterised by complex
orography and diverse climatic conditions. By applying the SMEV
approach, we i) quantify the biases and two different sources of un-
certainties (model uncertainty and internal variability) in the multi-
model ensemble precipitation estimates and ii) assess how biases and
uncertainty sources vary as a function of terrain elevation and precipi-
tation duration.

2. Study area and data

The study focuses on the north-south geographical transect from the
Italian Alps to the Adriatic Sea in North-eastern Italy, with elevations
ranging from the sea level to about 4000 m a.s.l. (Fig. 1). Mean annual
precipitation ranges between 500 mm year ! in the north-western
mountainous area, where precipitation is orographically shielded by
the surrounding mountains, to 2300-2500 mm year " in the central part
of the domain, the Prealps. This represents the first orographic obstacle
to the dominant precipitation systems reaching the area and causes a
strong orographic enhancement (Formetta et al., 2024; Isotta et al.,
2014). This complex terrain creates a unique setting for investigating
extreme precipitation events and their interaction with topography
(Dallan et al., 2022) and coastlines (Marra et al., 2022).

2.1. Rain gauge data

The precipitation data from the regional network of heated rain
gauges are aggregated to 1 h from the original 5-minute resolution data
to be consistent with the modelled CPM rainfall. After quality control
checks, we retain only those stations with 10 valid years during the
period with CPMs available time slices (2000-2009). A year is consid-
ered valid when less than 10 % of the data are missing or are flagged as
low quality. Ultimately, we keep 174 rain gauges covering elevations
from 3 to 2235 m a.s.l. (Fig. 1a) that we divided into three distinct
elevation ranges based on the elevation of the rain gauges: Low lands
(elevation < 100 m above sea level), Medium lands (100 m < elevation
< 1100 m above sea level), and High lands (elevation > 1100 m above
sea level) (Fig. 1b). Dallan et al. (2023) provide additional details on this
dataset.

2.2. Convection permitting model simulations

We used seven members from the CORDEX Flagship Pilot Project on
Convective Phenomena over Europe and the Mediterranean (Coppola
et al., 2020) driven by ERA-Interim (Dee et al., 2011) for the historical
period 2000-2009. We used those members that were made available to
this research group at the time of the writing. Table 1 provides details of
the CPM members used in the study, including their original spatial
resolution and the driving RCM. All CPM members cover a common
domain defined by the FPS Convection protocol (see Fig. 1 in Coppola
et al. (2020)). Most of the CPMs listed in Table 1 use an intermediate
nest at 12 km across Europe, with the exception of MOHC, which is
nested directly in ERA-Interim, and KIT, which is nested within an in-
termediate European domain of 25 km. None of the CPMs uses the
parametrisation of deep convection, and each model uses a different
shallow convection scheme, which varies across model families
(Coppola et al., 2020). The predominant families in the CPM ensembles
that we use are the AROME and the CCLM families (i.e., from CNRM,
DMI-MET-SMHI and KNMI institutes, and from CMCC and KIT institutes,
see Table 1); however, ETH belongs to the COSMO family and MOHC
uses HadREM which is a version of the Unified Model developed by the

Table 1
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List of the CPM members used with the reference name, the original CPM name

and resolution, and the coupled RCM with its resolution.

Institute

CPM name and original
resolution

RCM

CMCC
Euro-Mediterranean Center on
Climate Change

CNRM
Centre National deRecherches
Météorologiques

ETH
Institute for Atmospheric and
Climate Science

DMI-MET-SMHI
DMI-MET Norway- SMHI
HARMONIE-Climate
community

KIT
Karlsruhe Institute of
Technology

KNMI
The Royal
NetherlandsMeteorological
Institute

MOHC
Met Office Hadley Centre
Exeter

CCLM

(3 km)(Adinolfi et al.,
2020; Rockel et al.,
2008)
CNRM-AROMEA41t1
(2.5 km)(Caillaud

et al., 2021)
COSMO-crCLIM

(2.2 km)(Leutwyler
et al., 2016; Rockel
et al., 2008)
HCLIM38-AROME
(3 km)(Belusic et al.,
2020)

CCLM5(3 km)(Baldauf
et al., 2011; Rockel

et al., 2008; Sgrland
et al., 2021)

HCLIM38-AROME41
(2.5 km)(Belusic et al.,
2020)

HadREM_UM10.1

(2.2 km) (Berthou
etal., 2018; Chan et al.,
2020)

CCLM

(12 km)(Adinolfi
et al., 2020; Rockel
et al., 2008)
CNRM-ALADIN63
(12 km)(Nabat et al.,
2020)
COSMO-crCLIM
(12 km)(Leutwyler
et al., 2017; Rockel
et al., 2008)
HCLIM38-ALADIN
(12 km)(Belusic¢

et al., 2020)

CCLM4-CCLM5

(25 km)(Caldas-
Alvarez et al., 2023;
Coppola et al., 2020;
Keuler et al., 2016;
Sgrland et al., 2021)
RACMO2.3

(12 km)(Noéel et al.,
2015)

ERA-Interim (80
km) *Directly driven
by ECMWF without
an intermediate

nested RCM (Dee
et al., 2011)

UK Met Office (Fosser et al., 2024). The inclusion of models from
different families enriches the diversity of the sample and increases the
robustness of the conclusions by reducing the influence of family-
specific biases. An extensive validation of the precipitation field repro-
duced by these models and an investigation of future changes have been
previously carried out (Ban et al., 2021; Pichelli et al., 2021). To
compare the different CPMs, a conservative remapping is applied to all
the simulations to bring them to a regular grid with a horizontal reso-
lution of 3 km. In our study, CPM hourly precipitation data have been
extracted at the nearest grid point to each station to obtain the so-called
“station-collocated” CPM time series (SC-CPM in the following).

Fig. 1c highlights how the ensemble mean CPM elevation compares
with the actual terrain elevations. The figure shows a notable difference
between SC-CPM grid points and rain gauge elevations, with the mean
elevation of the SC-CPM grid points being around 170 m higher than the
mean elevation of the corresponding stations for medium and high
elevation ranges. This happens because stations at these two elevation
ranges are predominantly situated on narrow valley floors, which CPM
cannot correctly represent, given its resolution. The inter-quantile range
in Fig. 1c widens from low to high-elevation regions, highlighting the
differences among CPMs in terms of orography, which are likely to
widen discrepancies in the representation of extremes over this moun-
tainous region.

3. Methods
3.1. Return level estimation

We used the Simplified Metastatistical Extreme Value (SMEV)
(Marra et al., 2019) approach, a non-asymptotic method, to estimate the
extreme precipitation return levels for a set of return periods of interest
(2, 5, 10, 20, 50, 100 years) and five durations (1, 3, 6, 12, and 24 h).
Unlike extreme value theory, this approach estimates the distribution of
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extremes by assuming they are drawn from finite samples of the distri-
bution of ordinary events. This allows all ordinary events to be included
in the statistical inference, strongly reducing estimation uncertainties.
This advantage is particularly valuable when working with short data
records of CPMs (Dallan et al., 2024a).

The starting point for using SMEV is to isolate independent storms.
We follow the unified approach by Marra et al. (2020), in which inde-
pendent storms are defined as wet periods separated by dry periods
(<0.1 mm) of at least 24 h. Ordinary events are calculated as the
duration maxima observed during each storm. Given that SMEV relies
on the tail of the distribution of the ordinary events, we assume that
parent distributions with Weibull tails describe ordinary precipitation
events. This assumption follows theoretical reasoning (Wilson & Toumi,
2005) and empirical evidence (Marra et al., 2023), and its validity was
already verified for the study area of interest (Dallan et al., 2023; For-
metta et al., 2024). We carried out the tail test described in Marra et al.
(2023) and considered ‘tails’ as the largest 10 % and 15 % of the ordi-
nary events for 1-hour- and > 3-hour duration, respectively. We esti-
mated the model parameters by left-censoring the values below these
percentile thresholds. This means that the ordinary events not exceeding
the 90th (or 85th) percentile of the ordinary events are treated as non-
exceedances in the statistical inference. This is not equivalent to
threshold exceedance approaches nor the complete removal of the ob-
servations below the threshold. The parameters obtained are then used
to invert the distribution and estimate the return levels corresponding to
the desired return periods. The outlined procedure was implemented to
compute return levels for the observational dataset and each CPM
ensemble member. It should be noted that the use of a different
threshold at 1 h for tail identification, while on the one hand, provides
the most accurate estimates for this duration, on the other hand, implies
that sampling uncertainty at this duration, being affected by a lower
number of events, cannot be directly compared with the ones at other
durations.

3.2. CPM return levels assessment

The assessment of the CPM ensemble return levels is carried out by
comparing all the stations for each return time and duration, the median
value of the return levels over the ensemble (herewith termed CPM
ensemble return level) with the corresponding return level from the ob-
servations. Three statistics are computed for each return period and
duration among all the stations: the Pearson correlation coefficient, the
relative bias, and the fractional root mean square error (FRMSE). The
equations for the last two statistics are as follows:

Prow:
Relative Bias = Zi ) PCI;MJ "
Obs,i

\2/% lev (PCPM,i - Pobs,i) 2
%levp Obs,i

FRMSE = 2

where Pcpy; and Pops, ; represent the CPM ensemble return levels and the
observation return levels, respectively, computed at the i-th station, and
N is the station number.

3.3. Representation of the orographic impacts by the CPM ensemble

Examining how bias varies across durations within each terrain
range, we clarify how differences in the CPM representation of extreme
precipitation relate to both duration and elevation and which combi-
nations of duration and elevation contribute most to the observed bias.

We complement the bias assessment by analysing the relationship of
the CPM ensemble return levels with elevation for each duration and
return time. For example, a reverse orographic effect, that is, the
consistent decrease of extreme precipitation intensities with altitude
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(Avanzi et al., 2015), was previously observed in the study area (Dallan
et al., 2023). The ensemble-based assessment we carry out here across
the entire range of duration helps to clarify if these earlier findings are in
some way model- and duration-dependent.

We quantify the dependence on elevation of extreme intensities
estimated from CPM and observations using an Ordinary Least Square
(OLS) regression. This provides a simple metric to compare the depen-
dence on the duration of these quantities. We focus on stations (and
corresponding SC-CPM) above 100 m a.s.l. to avoid spurious effects
unrelated to orography. For this, we computed the slope of the rela-
tionship and normalised the slope value by using the spatial median
value of the CPM ensemble return levels. Normalisation allows for
comparison across return levels and durations.

In addition, we evaluate the statistical significance of slopes in the
regression models with an alpha level of 0.05.

3.4. Uncertainty assessment

The term “uncertainty” is treated in multiple and different ways in
the climate change literature (Déqué et al., 2007). In this work, uncer-
tainty is intended as dispersion, or spread: when we are faced with a
choice with several options, taking a particular one, or the average of the
available ones, is related to a type of uncertainty which can be measured
by the standard deviation or inter-quantile range of the available op-
tions. This differs from the meaning in prediction science, where un-
certainty measures the distance between the actual value to be predicted
and its prediction (Reggiani et al., 2021).

The uncertainty assessment is carried out here by considering the
contribution of the two primary sources: model uncertainty and internal
variability (e.g., Fosser et al., 2015; Jain et al., 2023). We thus describe
the ensemble uncertainty based on two main terms, as follows (Foley,
2010; Longmate et al., 2023). Intra-model uncertainty — the uncertainty
embedded within each model due to the internal climate variability,
which in this work is related to the sampling uncertainty affecting the
return level estimates of a given ensemble member. Inter-model uncer-
tainty — the uncertainty arising from the differences among different
parameterisation schemes or numerical formulations used by the
various ensemble models. Information on both sources of uncertainty is
necessary to adequately characterise the climate change signal, as they
combine to shape the overall uncertainty associated with a given sce-
nario. In addition, Total uncertainty is the combination of the two sources
of uncertainty mentioned above.

Sampling uncertainty associated with the estimated return levels is
evaluated using the bootstrap approach suggested by Overeem et al.
(2008) (see also Efron & Tibshirani (1993)), applied at each station
location. A set of 1000 bootstrap surrogates is created for each model
and rain gauge by randomly selecting, with replacement, 10 years out of
the 10-year record. SMEV is applied to each surrogate, thus obtaining
1000 estimates of parameters and return levels for each of the seven
climate models in the ensemble and rain gauge stations. To ensure
consistency across the models, the same sequence of years is used for all
ensemble members and for the observations in each bootstrap iteration.
Stochastic simulations show that such a bootstrap approach provides an
accurate estimate of the estimation uncertainty even for records of 10
years (see Fig. S1 in Dallan et al. (2024a)).

In the following, we indicate the bootstrap return level estimates
with the symbol P, for the models, being b the bootstrap (from 1 to
1000) and M the ensemble member (from 1 to 7), and with Py, ops for the
observations, with no mention of the return period and duration for the
sake of brevity. From each set of 1000 return level estimates we extract
the median value Ppegign, v (With M from 1 to 7) and Predian, obss as well as
the corresponding Interquartile Range (IQR), IQRy and IQRpps.

The ensemble intra-model uncertainty IQRinq is computed as the
median of the IQR, calculated for each ensemble member (e.g., Fosser
et al. (2020)):
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IQRyyrq = Median(IQRy, --IQRw, -+, IQR;7) 3

The ensemble inter-model uncertainty (IQRnzr) is computed as the IQR
of the medians of the bootstrapped samples Pmediany (e.g., Chan et al.
(2023)):

IQR.r = IQR(Pmedian, , ---Pmediany,---, Pmedian;) (€]

The total uncertainty (IQRq) is computed as the IQR of all the 7000
bootstrapped samples Py, y;, as follows (e.g.,Fosser et al. (2020)):

IQRTotal = IQR(P1.17 ~~P1000.17 ~~P1.M7 ~~7P1000.M7 ~~Pl.77 “P1000.7) (5)

Although IQRryq accounts for the combined effects of natural vari-
ability and model differences, it is not the arithmetic sum of inter- and
intra-model uncertainties.

We normalise the three types of uncertainty against the median value
from the 7000 bootstrap-derived estimates of the return level, termed
PCPM here.

Finally, the observation uncertainty is computed through the IQR of
the 1000 bootstrap from the observations, as follows:

IQRops = IQR(Pops 1, ***Pobsys, - Povs,1000) (6)

We normalise the observation uncertainty by using the median of the
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1000 surrogate estimates based on observations Ppedianobs-

To better examine the dependence of medians and uncertainties on
precipitation duration, we estimate power relations between duration
(independent variable) and both IQR and precipitation medians
(dependent variables) for the observations and for each uncertainty
source from the CPM ensemble. These relations are computed over each
elevation range and reproduce the shape of the precipitation depth-
duration-frequency curves (Koutsoyiannis et al., 1998), which are
based on the apparent power-law scaling of heavy precipitation amounts
with duration. Note that we limit the power relations to durations
greater or equal to 3 h to avoid effects due to the different left-censoring
used at 1 h, which makes the sampling uncertainty estimation at 1 h not
directly comparable with that at the other durations.

4. Results

In the following, we report results for the 20-year return level, as this
is a return period that exceeds the length of our data without being too
much in the extrapolation range. The analyses were also performed for
return periods varying from 2 to 100 years, leading to similar results.
The return levels assessment for other return periods can be found in the
Annexes.
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Fig. 2. Comparison between the median of 20-year return levels from the CPM ensemble against those from observations for the five durations. The colour of the dots
indicates the elevation of the station. The relative bias, the Pearson coefficient (r) and fractional root mean square error (FRMSE) are also shown.
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4.1. Return levels assessment

The scatter plot between observation-based and CPM-based 20-year
return levels for the various durations is shown in Fig. 2. The CPM’s
capability to reproduce the observation-based 20-year return levels in-
creases with duration in terms of central tendency and explained vari-
ance. The CPM ensemble tends to slightly underestimate the return level
for 1-hour duration (relative bias 0.91), while the biases for longer du-
rations are within 2 % at most. The Pearson correlation coefficient in-
creases from a minimum of 0.65 for durations short durations to 0.86 at
24 h, meaning the explained variance ranges from 44 % to 74 %.
However, the figure also shows that, for durations up to 6 h, the limited
overall bias reported above arises from the contrasting contributions of a
systematic underestimation of return levels in the lowlands and over-
estimation in the highlands.

Similar conclusions can be drawn considering results for 2-year
(Fig. S1) and 100-year (Fig. S2) return periods. Overall, these results
reveal that the assessment statistics do not degrade remarkably with
increasing the return period, as one would expect using traditional
extreme value methods. This is one remarkable advantage of using the
SMEV approach, as reported earlier by (Dallan et al., 2023), for just one
CPM model and here extended to a CPM ensemble. The scatter plots for
1-hour duration show that the ensemble systematically underestimates
the observed precipitation in the low lands, where the highest intensities
are reported, suggesting that the models may have difficulty capturing
the highest intensities in the region.

Fig. 3 shows the assessment metrics between CPM-based return
levels and the references for each duration and elevation range, delving
into the impact of orography on the quality of the model ensemble.
Fig. 3a—c shows a symmetrical pattern when considering the elevation
ranges, with underestimation at low altitudes and overestimation

a) Low lands

b) Medium lands
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(similar in magnitude) at high elevations. In both cases, the bias reduces
with increasing duration. The lowest bias is reported for the stations
located in the medium range of elevations.

The Pearson correlation coefficient r, shown in Fig. 3d-f, increases
with rainfall duration. Increasing the return period leads to an increase
in estimation variance for both observations and CPM, resulting in a
decrease in the correlation coefficient. The reduction is more marked in
low lands, with particularly low r at short durations (1-3 h). The highest
correlation values are reported for the medium elevation, ranging from
0.65 to 0.95, and for the high lands at the longer durations. The dif-
ferences among correlation coefficients between 1- and 3-hour return
levels at low and high elevations reveal that the corresponding bias,
even though similar in magnitude, is distinct in nature. At high eleva-
tions, the relatively high correlation shows that the bias is roughly
proportional to the return level estimates, whereas, at low elevations,
where the highest intensities are reported, the bias is generated by dif-
ficulties for the models in capturing the observed rain rates without
orographic triggering or close to the sea, as mentioned above.

The FRMSE, shown in Fig. 3g-i, summarises the patterns observed
for bias and correlation coefficient. It decreases with increasing duration
and increases with increasing return period. The lowest FRMSE is re-
ported for the medium lands, as expected, based on bias and correlation
coefficient.

4.2. Orographic effect

Fig. 4 shows the normalised slopes derived from linear regression
analysis (see Section 3. Methods) for the case of 20-year return levels.
The negative slopes show a ’reversed orographic effect’ at short dura-
tions (Avanzi et al., 2015), a decrease in extreme precipitation intensity
with increasing elevation. For observations, the reversed orographic

a High lands
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Fig. 3. Assessment metrics of the return levels estimated from the CPM ensemble using the observations as a reference for all durations and return periods. Each
column refers to one elevation range. Relative Bias (a-c), Pearson correlation coefficient (d-f), Fractional Root Mean Square Error (FRMSE, g-i).
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Fig. 4. Normalised slopes of the OLS relation between the 20-year return levels
and elevations per each duration for the CPM ensemble and for observations.
For the ensemble, the whiskers also indicate the range of slopes among the
members. Orange dots refer to statistically significant slopes, as stated in the
Section 3-Methods. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

effect is particularly marked and statistically significant at 1-3-6-hour
durations and then decreases with increasing duration, with no depen-
dence emerging at 24 h. While the CPM ensemble can capture this trend
with durations, the effect reproduced by the models is weaker than those
from observations at short durations, strengthening previous findings
limited to just one model and 1-hour duration (Dallan et al., 2023). The
CPMs show an orographic enhancement at longer durations, with a
positive slope not emerging for the observations. These results reflect the
bias structure reported in Fig. 3a-c, showing systematic CPM underes-
timation in the low lands and overestimation in the high lands. The
differences between the CPM ensemble-based and the observation-
based normalised slopes tend to decrease with increasing duration, an
effect of the decreasing biases with increasing duration shown in
Fig. 3a—c. The ensemble spread reported in Fig. 4 using whiskers shows a
considerable variation in slope between the models, with whiskers that
include the observed slope at 12 and 24-hour duration. Note that the
ensemble spread decreases with increasing the duration from 18 %km !
at 1-hour duration to 15 %km™! at 24-hour duration. There are
considerable variations among the models in representing the processes
driving the extreme precipitation at various elevations and durations.

4.3. Assessment of uncertainties: observed, intra-model, inter-model and
total uncertainty

For the 20-year return level, Fig. 5a—c report the power law relations
between the spatial average of the median of the bootstrap samples from
observations (Pmedian,0bs) and ensemble (Ppedian,com) as a function of
durations. In addition, Fig. 5d-f show the power law relations between
the spatial average of the IQR for each type of uncertainty (intra-model,
inter-model and total uncertainty) on the 20-year return levels and the
duration. In both cases, the spatial averages are computed over each
elevation range. The slope of these relations (i.e., the exponent of the
power law) is reported in the legend. Fig. Sa—c allow us to appreciate the
remarkable good fit of the power relationships. This is expected for the
medians, which closely resemble the depth-duration relationships used
for hydrologic design. A higher consistency in the values of slopes for
CPMs and observation emerges in low lands and midlands. At the same
time, it is weaker in highlands where high positive bias affects short-

Journal of Hydrology 659 (2025) 133324

duration extremes.

The slope of the power law relationships decreases when moving
from low lands to high lands for both observation and CPM ensembles
(Fig. 5a—c). This is mainly related to the larger intensities at a 1- and 3-
hour duration for low lands than highlands for the observations, while in
the case of the CPM ensemble, there is the effect of slightly larger in-
tensities at a 24-hour duration for highlands than low lands. The higher
(lower) value of the intercept for the observations in the lowlands (the
high lands) mirrors the symmetrical biases (under- and overestimation)
of the CPM in the two elevation bands, as seen in Fig. 5a and c.

The power relationships describing the relationship with duration of
intra-model uncertainty and the uncertainty related to observations
(Fig. 5d—f) closely resemble those reported for the median (Fig. 5a—c).
This confirms that the sampling uncertainty is proportional to the values
of the return level, as expected, being the sampling uncertainty directly
proportional to the product of the standard deviation of the ordinary
events and of a scaling coefficient that depends on the return level and
inversely proportional to the number of ordinary events (Kite, 1975;
Marra et al., 2021). Owing to this proportionality, we expect the sam-
pling uncertainty to be dependent also on the biases in the quantile
estimates.

In Fig. Se, the pattern of intra-model uncertainty in medium lands
aligns relatively well with that of the uncertainty in observed precipi-
tation. In contrast, for the low lands (Fig. 5d) and high lands (Fig. 5f),
intra-model uncertainty tends to be lower and higher than the coun-
terpart for observations at all durations. This is closely related to the
general underestimation and overestimation affecting the ensemble
model simulations in these two elevation ranges, as shown by the
behaviour of the medians.

The inter-model uncertainty is generally more prominent than the
intra-model counterpart, showing a general increase in the slope moving
from low to high lands. This increase in the slope is given by a marked
reduction of the inter-model uncertainty with increasing duration,
which indicates that the different ensemble members tend to converge at
longer durations when orography tends to exert a more predominant
role.

Fig. 5d-f also report the total uncertainty patterns, accounting for the
combined effects of inter-model and intra-model uncertainties. It is
crucial to recall here that the total uncertainty quantified here is not the
arithmetic sum of inter- and intra-model uncertainties.

Fig. 6 reports the normalised uncertainty obtained by normalising
the CPM (Observation) uncertainty types by using the CPM (Observa-
tion) median values. The slope of the intra-model normalised uncer-
tainty and those of the observation-related uncertainty are statistically
indistinguishable from zero. The intercepts (Table 1S in supplemental)
are higher for lowlands for both observations and intra-model uncer-
tainty (18 % and 19 %, respectively) than for midland and highlands (12
% and 14 %, respectively). Overall, the normalised intra-model re-
lationships nearly overlap the observed ones for all the elevation ranges.
The normalized intra-model uncertainty at 1-hour duration, analysed
separately from the other durations, is similar to the observed one in the
low lands and much smaller when moving to the high lands.

The slope of the inter-model normalised uncertainty sharply in-
creases moving from low lands to highlands, showing that the variations
among the models tend to grow at short durations in high-elevation
areas. The fact that the inter-model uncertainty relationship differs be-
tween contrasting terrain ranges indicates that orography amplifies
some of the variability in the short-duration extreme precipitation CPM
simulations. In low lands, the normalised inter-model uncertainty is
similar to the intra-model one across all durations; this happens just at
longer durations for medium and high lands. At short durations, the
inter-model uncertainty is higher than that of the intra-model one.

Finally, the behaviour of the total uncertainty well represents the
combined effect of the two underlying uncertainty sources, with a slope
that increases when moving from low lands to high lands.
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shown. Boldface s values indicate statistically significant slopes.
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relationships.

5. Discussion

The biases in extreme return levels estimated from the CPM
ensemble, reported in Figs. 2 and 3, with underestimations in the

lowlands and overestimations in the highlands, particularly for short
durations, were also noticed in preceding research (Dallan et al., 2023).

Nonetheless, compared to (Dallan et al., 2023), this research provides
advances in assessing CPM biases in extreme precipitation by analysing
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different rainfall durations and explicitly quantifying the relation with
elevation for an ensemble of models. Results from (Dallan et al., 2023),
focusing on the same study area but limited to a single CPM and 1-hour
and 24-hour durations, showed CPM overestimation in highlands, where
relatively lower intensities are observed, and relevant underestimation
in lowlands and coastal zones, where higher intensities are observed.
Ban et al. (2020) also reported CPM overestimation over the highlands
and suggested that observations (gauge under catch) errors can partly
explain it. The major sources of under-catch are strong winds (Pollock
et al., 2018), especially with snow, and issues related to the tipping
movement of tipping-bucket gauges under particularly high rain rates.
The underestimations we report here are related to short-duration ex-
tremes, which are usually convective (hence, no snow) and over
mountainous areas where models show lower intensities (e.g., with
respect to low lands, see Fig. 1). While we cannot exclude contributions
from strong winds, the two main sources of under-catch are expected to
be more important for situations in which no CPM overestimation is
reported: long-duration extremes, where snow can be observed, and
stations in the low lands, where rain rates are typically higher (Dallan
et al., 2023).

The design of numerical climate models is based on the mass and
energy flux between neighbouring grid cells, generally resulting in
reduced variability of nearby grid cells compared to the natural vari-
ability observed in rain gauge measurements. Skamarock (2004) ana-
lysed the kinetic energy spectra in WRF simulations at different grid
spacings (22 km, 10 km, and 4 km) and found that the “effective” res-
olution of the model amounts to 5-7 times the grid spacing. This
distinction is important for our study, as the “resolution” reported in
Table 1 refers to the declared model grid spacing (between 2.2 and 3
km), and not to its “effective” resolution, which depends on the specific
discretisation methods used by each model. In addition, climate models
calculate area averages for grid cells, while in contrast, rain gauges only
represent measurements at one point leading to higher variability
(Schroeer et al., 2018). This effect is even emphasised in extremes (Peleg
et al.,, 2018). Moreover, the alternation of hills and narrow valleys,
responsible for the development of local winds and turbulence crucial
for the triggering and the development of convection (Fosser et al.,
2015), may not be well represented by the 3 km CPM spatial resolution.
The above-mentioned issues could limit the ability of the CPM to fully
represent the interaction of convective cells with orography, thus lead-
ing to a positive bias in the estimated short-duration extremes over this
orographically complex region.

The results from this study also underline the substantial underesti-
mation of extreme precipitation in the low lands and close to the
coastline, where the highest intensities are observed and where eleva-
tion cannot play a relevant role. This type of error is common to all the
models considered here and could indicate some limitations in the
ability of the models to capture the highest intensities in areas without
orographic triggering or close to the sea. Convection modelling in
coastal areas is especially complex due to the land-sea thermodynamic
contrast (Poujol et al., 2021). Also, the current generation of CPMs has
no representation of sea-atmosphere feedback, resulting in decreased
accuracy for convective events approaching the land from the sea
(Cortés-Hernandez et al., 2024; Ho-Hagemann et al., 2017).

Recalling that intra-model uncertainty measures the sampling un-
certainties related to the limited sample of the climate available, the
near zero slope of the normalised observation-related and intra-model
uncertainty relationships (Fig. 6) suggests that the sampling un-
certainties are proportional to the return level values. Hence, dividing
the sampling uncertainties by the median of the return levels across
duration effectively reduces differences among durations and brings the
slope of the scaling relationship to near zero. This also applies to the
cases of near multiplicative bias (3- to 24- hours) and explains why the
observation-related and the intra-model uncertainties relationships
overlap over the three elevation ranges.

Normalised observation uncertainty and intra-model uncertainty
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reported for 1-hour duration tends to be larger than those for longer
durations, showing the effect of using a different threshold at 1 h for tail
identification. This choice implies that a lower number of ordinary
events is used for the return level estimation, which inflates the corre-
sponding sampling uncertainty.

In the low lands, inter-model uncertainty is fully comparable to intra-
model and observation uncertainties, which means that uncertainties
imputable to model structure and parameterisations are comparable to
sampling uncertainty related to the available climate sample. This re-
mains true in mediums and high lands only for durations equal to or
longer by about 6 h. For shorter durations, where the contribution of
convective processes dominates, inter-model uncertainty dominates
over intra-model uncertainty. This indicates that the differences among
the models in representing convection are higher in orographically
complex areas than in lowlands (Prein et al., 2015). This could be due to
the parametrisation of sub-grid processes (microphysics, turbulence)
and to differences in the description of orography, e.g., due to different
resolutions (see Fig. 1c). Thus, especially over orographically complex
terrain and at a short time scales, the use of a multi-model ensemble is
crucial to correctly estimate the uncertainty that could arise from
different numerical formulations and chosen parameterisation schemes.

While uncertainties in future extreme precipitation projections are
widely assumed to be dominated by the ensemble of climate models
used (Meresa et al., 2021), literature shows that not only the contribu-
tions of different sources of uncertainty vary by catchment but that the
dominant sources of uncertainty can be very different on a catchment-
by-catchment basis (Alipour et al., 2024; Kay, 2022; Meresa et al.,
2021). In this sense, this work provides a framework that can inform
catchment-specific flood risk assessments, especially in orographically
complex regions where the relative importance of inter-model and intra-
model uncertainties may vary significantly.

This study holds some limitations, which should be considered when
interpreting the results. First is the geographic alignment of our transect,
where low, mid, and high lands are also aligned in terms of latitude and
distance from the sea. This alignment might hide potential variations in
precipitation patterns that arise purely from orographic effects versus
those influenced by latitude or proximity to the coast. Additionally, the
analysis is based on a relatively small ensemble of seven models and the
prevalence of two “families” (AROME and CCLM models), which may
limit the representation of the full range of uncertainty in a CPM
ensemble.

Another key limitation is using only 10 years of data to calculate
return levels, which is a relatively short period for extreme event anal-
ysis. However, to address this, we apply the SMEV approach, which has
shown robustness even with shorter records, thus lending confidence to
the reliability of the estimated return levels despite the limited data
duration. Nevertheless, future work in other orographically complex
areas, with more extended datasets and a broader ensemble of models,
could provide more comprehensive insights.

6. Conclusions

This work examines the ability of an ensemble of kilometre-scale
convection-permitting climate models to represent extreme sub-daily
precipitation in an orographically complex region. We analyse hourly
rainfall data in the eastern Italian Alps from 174 rain gauges (our
benchmark) and corresponding station-collocated CPM grid points from
seven models. We use the simplified Metastatistical Extreme Value
(SMEV) approach to estimate extreme return levels from a short time
period (10 years).

We compare 20-year sub-daily duration return levels and we inves-
tigate the orographic impact by quantifying their relation with elevation
and by examining three regions based on elevation classes: low lands
(<100 m a.s.l.), medium lands and high lands (>1100 m a.s.l.). We find
that the CPMs tend to overestimate extreme precipitation at highlands,
where low intensities are observed, and a symmetric underestimation in
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lowlands and coastal zones, where higher intensities are observed.
Despite these biases, the orographic effect analysis (Section 4.2) shows
that the CPM ensemble captures the reversed orographic effect for short
durations (3 h and less); however, it does with a substantial underesti-
mation of its magnitude (e.g. approximately —2%/km from the CPM
ensemble versus —26 %/km from the observations for 3-hour durations).
This could be linked to i) limitations in the representation of fine-scale
atmospheric processes and associated parameterisations within the
CPMs, particularly over complex terrain, and to ii) the representative-
ness of rain gauge observations in orographic regions as highlighted in
previous studies (e.g., Ban et al. (2020)).

We also examine the different sources of uncertainties, i.e. linked to
the sampling (intra-model uncertainty) and to the chosen model (inter-
model uncertainty), in the ensemble precipitation estimates as a func-
tion of precipitation duration and terrain elevation. We show that the
normalised intra-model uncertainty matches well the observed uncer-
tainty for the different elevation ranges, varying in a range between 12
% and 19 %. This suggests that the sampling uncertainties are, on
average, roughly proportional to the return level values (and the rele-
vant biases). The CPM inter-model uncertainty is higher than intra-
model uncertainty at medium-high land than lowland at short dura-
tions. This indicates more differences among the models in representing
short-duration extremes in orographically complex areas than in
lowlands.

Overall, the total uncertainty values at 1-hour duration are compa-
rable across all elevation ranges, though the contributions from intra-
and inter-model variability differ. At the 24-hour duration, the total
variability is lower in the medium-high lands compared to the low
lands, as both intra- and inter-model uncertainties decrease and
contribute more evenly.

This study allows to quantify the relative importance of the different
sources of uncertainty that need to be considered when estimating sub-
daily extreme precipitation from CPMs. Clarifying uncertainty in climate
simulations of extreme precipitation enables policymakers and water
authorities to adopt future flood risk management policies with explicit
consideration of uncertainty at the catchment scale. On the one hand,
the quantification of uncertainty at different precipitation durations
allows for improving the probabilistic estimates of extreme flows in
hydrological models. This is particularly useful in small mountainous
catchments, where short-duration events are critical, and their fine-scale
representation is improved with CPMs. Further studies could also apply
the same methodology to other mountain regions to assess whether
uncertainty patterns are similar or different depending on terrain or
ensemble configuration.
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