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ABSTRACT

Extreme rainfall events trigger natural hazards, including floods and debris flows, posing serious threats to so-
ciety and the economy. Accurately quantifying extreme rainfall return levels in ungauged locations is crucial for
improving flood protection infrastructure and mitigating water-related risks. This paper quantifies the added
value of combining rainfall observations with Convection Permitting Model (CPM) simulations to estimate sub-
daily extreme rainfall return levels in ungauged locations. We assess the performance of CPM-informed estimates
of extreme return level against a traditional interpolation techniques. We find that kriging methods with external
drift outperform inverse distance weighting for both traditional and CPM-informed approaches. We then assess
the effectiveness of the two methods under different scenarios of station density. At the highest station density
(1/196 km?), traditional interpolation methods outperform the CPM-informed method for durations under 6 h.
The performance becomes comparable between 6 and 24 h. For lower station densities (1/400 and 1,/800 km?),
the CPM-informed method outperforms the traditional method, with average reductions in fractional standard
error of 24 %, 13 %, and 8 % for return periods of 2, 10 and 50 years, respectively for a rain gauge density of 1/
800 km?, and 16 %, 8 %, and 3 % for density of 1/400 km?. Information from CPM simulations can thus be useful
for estimating sub-daily extreme rainfall events in ungauged sites, particularly in data-scarce areas in which the
density of rain gauges is low.

1. Introduction

objectives in several calls raised by different scientific communities
since long time (e.g. Sivapalan et al. 2003), and still remains among the

Extreme sub-daily precipitation can lead to natural hazards, such as
flash-floods, urban floods and debris flows. Worldwide, the number of
reported damaging events for flash and general floods is growing, and
their economic damages are strongly increasing, with a trend of 0.1 (for
flash floods) and 0.7 billion (for general floods) US$2016/year over the
last 40 years (e.g. Formetta and Feyen 2019). Accurate estimates of
sub-daily return levels are crucial not only for reliable planning and
designing of water-related infrastructure (i.e. quantifying the so-called
design event) but also for advancing the quantification of disaster
risks, and mitigating losses and damages (e.g. UNSIDR 2015).

Typically, the at-site rainfall frequency analysis consists in locally
identifying the parameters of an extreme-value distribution and using
them to compute the return levels relevant for the location of interest.
The prediction of return levels in ungauged locations, i.e. locations
where rainfall is not directly measured, is stated among the main
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unsolved problems in hydrology (e.g. Bloschl et al. 2019). Regionali-
zation techniques have been developed to reduce the parameter esti-
mation uncertainty at gauged locations and to estimate the design
rainfall in ungauged sites (see Claps et al. 2022 for a comprehensive
review). Examples of the most applied techniques involve: (i) pooling
together scaled rain-gauges measurements that belong to a homogenous
region in order to estimate in a more robust way the parameters of the
common (i.e. regional) underlying extreme value distribution (e.g.
Hosking and Wallis 1997; Institute of Hydrology, 1999); (i) using
spatial interpolating algorithms to extend the (previously estimated)
at-site rainfall return levels to ungauged locations (e.g. Szolgay et al.
2009); (iii) using spatial interpolating algorithms to extend the (previ-
ously estimated) at-site parameters of the extreme value distribution to
ungauged locations, and use them to estimate the rainfall return levels
(e.g. Ceresetti et al. 2012, Yin et al. 2018, Schellander et al. 2019).
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Interpolation methods are traditionally classified in two families:
deterministic and geostatistical. The former uses deterministic mathe-
matical functions to predict values of interest in ungauged sites, such as
spatial distances for the Nearest Neighbour (e.g. Thiessen 1911, Tabios
III and Salas 1985), Inverse Distance Weighted (e.g. Shepard 1968)
methods, or the degree of smoothing for radial basis function (e.g.
Hosseini et al. 2016, Adhikary and Dash 2017). The latter accounts for
statistical properties (i.e., spatial autocorrelation) among sample points,
uses the variogram to quantify the spatial variability of analysed phe-
nomena (e.g. Goovaerts 1997), and provides unbiased estimates with
minimum variance at ungauged locations (e.g. ordinary kriging, OK).
Several studies demonstrated that geostatistical algorithms outperform
deterministic methods for spatial interpolation of rainfall fields (e.g.
Pellicone et al. 2018, Berndt and Haberlandt 2018), and that including
the effects of secondary information (i.e. covariates such as elevation) in
multivariate kriging procedures is beneficial for extreme rainfall inter-
polation (e.g. Faulkner and Prudhomme 1998, Zou et al. 2021).

Das et al. (2020) compared different approaches (i.e. interpolation of
summary statistics of data represented by L-moments, interpolation of
the Generalised extreme value distribution, and interpolation of the
rainfall return levels) and different interpolation methods (IDW, OK, and
KED) to estimate extreme rainfall in northeastern part of China. Results
showed that interpolating the using the KED with mean annual precip-
itation as secondary variable provided the most accurate results in their
study area.

Yet, the interpolation of sub-daily rainfall return levels remains
challenging because the spatial variability of the underlying precipita-
tion fields may be larger than the daily, and the number of available
stations is lower than for the daily rainfall return levels. In fact, several
studies pointed out that the sparseness of the currently available gauge
networks is not adequate to capture and effectively reflect the variability
of the precipitation fields (Kidd et al., 2017), especially for short dura-
tion extreme events (e.g. Lengfeld et al. 2020).

Regional climate models and numerical weather prediction offer a
possibility to overcome these limitations by solving the atmospheric
dynamic fundamental equations at fine scales (e.g. Sun et al. 2014,
Brotzge et al. 2023, Giorgi 2019). Their modelled precipitation fields
have been successfully assessed against measured data (e.g. Towler et al.
2020, Ozkaya 2023) or used in combination with learning methods,
such as neural networks (e.g. Zhang et al. 2023). However, when
compared against extreme measured precipitations they still show some
shortcomings and biases (e.g. Knist et al. 2020, Poschlod 2021), attrib-
uted to orographic conditions and model limitations.

Recently, CPMs are increasingly gaining attention for simulating
extreme rainfall fields, since they explicitly represent the deep convec-
tion (e.g. Ban et al. 2020, 2014, Kendon et al. 2012) using
few-kilometres horizontal resolutions. This resolution is high enough (<
4 km) to allow an explicit treatment of convection without the use of
convection parameterization schemes (e.g. Kendon et al. 2017). How-
ever, CPMs have the limitation of being computationally expensive,
therefore recent applications are generally available over relatively
small domains and cover short temporal periods (e.g. Fosser et al. 2015,
Berthou et al. 2020).

Only very recently, a few studies demonstrated the added value of
CMPs simulations in rainfall statistical analysis over the baseline period.
For example, Shmilovitz et al. (2023) combined sub-daily rainfall in-
tensity information from raingauges and CPM weather model to un-
derstand the frequency of sediment mobilization along cliff and sub-cliff
slopes in the Central Negev Desert.

In order to interpolate extreme precipitation of several durations in
ungauged locations over Eastern Canada, Jalbert et al. (2022) used the
long-term average daily precipitation from a (12 km 3-hourly resolu-
tion) regional climate model as covariate. They found that their pro-
posed methodology generally improves the Environment and Climate
Change Canada reference method, which has been used as comparison.

Poschlod and Koh (2024) combined statistics from daily resolution
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rainfall data from a high-resolution convection-permitting climate
model (i.e. the Weather and Forecasting Research) and rain gauge ob-
servations to estimate high return levels of daily precipitation over
Germany. They used a block (annual) maxima approach and built three
spatial Generalized Extreme Value models using in turn (i) classical
topographic information (i.e. latitude, longitude and elevation), and
adding (ii) CPM mean annual rainfall first and, (iii) CPM based param-
eters of the distribution as covariates. Results show that the proposed
models (ii) and (iii) have lower bias in the return level estimation with
respect to the model (i), based on classical topographic information
only.

In this paper we aim at quantifying the added value of the physics-
based information provided by CPM simulations for the estimation of
extreme precipitation return levels in ungauged locations. We extend
over the pioneering work of Poschlod and Koh (2024) by extending our
study to sub-daily (down to hourly) temporal scales. We reach this goal
by: (1) combining for the first time at-site rain gauge measurements with
CPM sub-daily rainfall simulations, and (2) testing the prediction of
moderate to extreme rainfall return levels, from hourly to daily dura-
tions, in ungauged locations.

To exploit the strength of CPM sub-daily rainfall simulations and to
compensate their limitation in record length, we use a non-asymptotic
statistical framework which accounts for ordinary events (not only
annual maxima). The newly proposed methodology is quantitively
compared against traditional regionalization approaches for predicting
sub-daily extreme rainfall in ungauged locations. We also quantified the
influence of different interpolation techniques and varying densities of
stations where observations are available through a controlled Monte
Carlo experiment.

The paper is organized in other 5 Sections where we present the data
used, the proposed regionalization framework, the results and their
discussion, and finally we draw the main conclusions.

2. Study area and data

This study focuses on two Italian regions Trentino Alto-Adige and
Veneto, located in northeast Italy (see Fig. 1). The area is around 32,000
km? in size and it is peculiar because it covers a great variety of climates
and precipitation formation processes, including: (i) a mountainous and
orographically complex region (north-western portion, e.g. Fliri 1975)
which receive relatively low amounts of precipitation (about 900
mm/year) due to the shielding offered by the surrounding; (ii) a central
pre-alpine part, where larger amounts are typically observed, up to
2300-2500 mm/year (e.g. Isotta et al. 2014); and, (iii) a flat area
dominated by the contrast between the Adriatic Sea and coastal land
(south-eastern portion).

The rainfall data used in this study are based on (i) gauge measure-
ments, and (ii) simulated data from a convection-permitting model. The
former dataset is based on quality-controlled, 5 min temporal resolution
rainfall timeseries collected at 174 reheated rain gauges. We considered
rain gauges with a record length from 14 to 37 complete years, i.e. years
in which less than 10 % of the 5 min time intervals are flagged as missing
or low quality (e.g. Marra et al. 2021a, Formetta et al. 2022, Dallan et al.
2023). The latter (i.e. the modelled CPM rainfall data) are provided by
the ETH Zurich and are based on the COSMO-crCLIM, the climate
version of the COSMO (Consortium for Small Scale Modelling)
non-hydrostatic, limited-area climate model (Rockel et al., 2008).

The model domain covers the so called “greater Alpine region”,
defined under the Flagship Pilot Study on Convective Phenomena over
Europe and the Mediterranean (FPS-Convection; Coppola et al. 2020)
which is part of the Coordinated Regional Climate Downscaling Exper-
iment (CORDEX) program.

The simulation covers the period 2000-2009 (i.e. 10 years) at hourly
scale and at 2 km spatial resolution, being nested in a 12 km European
regional climate model driven by ERA Interim (Dee et al. 2011).

We aggregated the 5 min gauged rainfall data at a 1 h temporal
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Fig. 1. Study area, digital elevation model and location of the rain gauges reported with different symbols by elevation classes (see the legend).

resolution to be consistent with the modelled CPM rainfall, obtaining the
so called gauged based precipitation time series. Following the meth-
odology proposed in Dallan et al. (2023) we extracted the CPM hourly
precipitation data at the nearest CPM grid of each rain gauge, obtaining
the “station-collocated” CPM precipitation time series.

FPS-Convection aims to improve the model representation of: (i)
fine-scale surface heterogeneities/orography and (ii) surface fields var-
iations which in turn are crucial for a more realistic modelling of deep
convection processes and a more accurate simulation of mountain,
coastal, and urbanized areas.

3. Methodology
3.1. Return level estimation

We estimate return levels using a non-asymptotic approach able to
leverage information from more data than traditional extreme value
methods. Specifically, we adopt the Simplified Metastatistical Extreme
Value (SMEV) approach (Marra et al., 2019; 2020). This method esti-
mates the non-exceedance probability G(x)of an extreme precipitation
intensity x[mmh~'] based on the ordinary events, that are the inde-
pendent samples of the analysed stochastic process (Marani and Ignac-
colo, 2015):

G(x) =~ F(x;0)" @
where F(x; 0) is the cumulative distribution function describing the right

tail of the ordinary events, 0 its parameters, and n [-] the average yearly
number of ordinary events. The SMEV is a simplified formulation of the

Metastatistical Extreme Value distribution (Marani and Ignoccolo,
2015) in which inter-annual variability is neglected. In this approxi-
mation, all ordinary events are used for the estimation of 6. This allows
to focus on the right tail of F(x; 6) which is the one related to extremes
and yields a more robust parameter estimation. The focus on the right
tail is particularly important in case of sub-daily durations (Wang et al.,
2020; Marra et al., 2020).

We adopted the two parameter Weibull distribution for modelling
the distribution of precipitation ordinary events, which has been applied
in several other studies for daily and subdaily durations (e.g., Papalexiou
et al., 2018; Marra et al., 2020) as well as in other applications over the
analysed study area (e.g., Formetta et al. 2022, Dallan et al. 2022, 2023,
2024). The SMEV formulation presented in Eq. (1) therefore becomes an
exponentiated Weibull:

Gx)=[1-¢ ()I()K n (2)

where A > O[mmh_l] is the scale parameter and x > 0 [-] is the shape or
tail parameter of the Weibull distribution and n is the average number of
ordinary events in a year. Starting from 1 h continuous rainfall time
series (obtained by aggregating the 5 min gauged rainfall data), we
define as “storms” all the consecutive time intervals that include rainfall
and are separated by dry intervals (<0.1 mm in each of the 1 h time
intervals) of at least 24 h (e.g. Restrepo-Posada and Eagleson 1982,
Tarolli et al. 2012). At each location, these storms can be interpreted as
independent meteorological objects (see, Marra et al., 2020). “Ordinary
events” of multiple durations are then computed for each storm by
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calculating the maximum intensity using a moving window of the
duration of interest (Marra et al., 2020). In this study, we considered
durations of 1, 3, 6, 12, and 24 h. Using this approach the parament n at
a given location (Eq. (3)) represents the average number of storms per
year and is, thus, the same of the number of ordinary events per year at
all durations. As shown by Marra et al. (2020), this approach yields
ordinary events that scale with duration in the same way as annual
maxima.

3.2. Parameter estimation at ungauged locations

We compared two different methods for estimating extreme rainfall
return levels at ungauged locations. One is more traditional and based
on the rain gauge only, and one exploits the potential of combining rain
gauge data and CPM model simulations. Both the approaches make use
of two interpolation algorithms, one deterministic i.e. the inverse dis-
tance weighted (IDW) and one geostatistical i.e. the kriging with
external drift (Garen et al., 1994, KED), to disentangle the eventual ef-
fect of including or not the elevation as covariate of the unknown
variable.

The KED algorithm (Garen and Marks, 2005; Garen et al., 1994)
includes the OK as particular cases. If the slope of the linear regression
between the target and the secondary variable is statistically significant
(p-value lower than 0.05) the KED exploits the potential of the sec-
ondary variable, otherwise an OK is performed on the target variable.

The station-based regionalization method (named using the acronym
stat) is based on the following steps:

1. the estimation of the SMEV parameter set 655" = (14, k4, 11) for each ith

gauged site and analysed rainfall duration d, i.e. 1, 3, 6, 12, and 24 h.

2. the interpolation of the estimated parameter set 9;fgt in a generic

ungauged location j; this is performed using the IDW and the KED
spatialization methods.

3. the estimation of the return levels at the jth ungauged location, cor-
responding to assigned return periods (T = 2, 10, and 50 years),

gty [mm h1|

The station-CPM integrated regionalization method (named using
the acronym s-CPM) is based on the following steps:

1. the estimation of the SMEV parameter set 675" and 677" = (4,14, 1)
for each duration d and for each ith gauged site and kth co-located
pixel of the CPM domain, i.e. the nearest CPM grid point to the ith
rain gauge (Dallan et al., 2023, 2024)

2. the computation of the bias (i.e. the ratio) between each parameter of
the i and 67" arrays;

3. the interpolation of the estimated bias for each of the three param-
eters in a generic ungauged location j; this is performed using both
IDW and KED spatialization methods;

4. the bias correction of the 9;_‘;’" using the interpolated bias computed
at the point 3;

5. the estimation of the extreme return levels at the jth ungauged

. s—cpm
location Giar

estimated at point 4.

{mm h’l] using the bias corrected parameter set

We consider that the extreme rainfall distribution parameters esti-
mated from CPM have a systematic and a random error component with
respect to the unknown truth, of which the rainfall distribution pa-
rameters estimated from the raingauges is the best representation. By
applying the s-CPM method we assume that the systematic error
component is larger than the random one and we test this approach over
different durations, return levels, and different station densities.
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3.3. Evaluation of the return level estimation methods in ungauged
locations

We start with a leave-one-out application in which we consider each
of the available 174 rain gauges as ungauged and use other stations to
estimate the relative information. To explore the influence of the station
density on the prediction in ungauged locations provided by the two
regionalization methods we then use: (i) all the remaining 173 rain
gauges (corresponding to a station density of ~1,/196 km?), and
randomly selected subsets of rain gauges corresponding to densities of
(ii) 1/400 km? and 1/800 km?.

The random sampling for the two lower densities is repeated 100
times for each “ungauged” station, to ensure a full statistical description
of the errors at each location while reducing the effect of the random
selection of the gauged stations (e.g. Miniussi and Marra 2021). In doing
so, to avoid the formation of spatial clusters of randomly selected rain
gauges, we enforce a minimum inter-distance between selected stations
equal to half of the square root of the analysed densities (e.g., Nikolo-
poulos et al. 2015).

To assess the effectiveness of the presented methods and account for
the 100 independent simulations, we computed for each station, rainfall
duration d (i.e. 1, 3, 6, 12, and 24 h) and return period T (i.e. 2, 10, and
50 years) the fractional standard error across all the stations for a given
method m and density dens as:

NI
€densm = :}ef ; (qden.s.m - qref>2 (3)

where NI is the number of iterations, which is equal to 1 for the station
density 1/196 km? and equal to 100 for station density 1/400 km? and
1/800 kmz; Qres is the reference return level computed from the station
data, and qgensm is the rainfall return level computed with method m and
density dens. To investigate the effect of the interpolation algorithm on
the estimate of qgensm We computed egens,m both for the IDW and for the
KED.

Finally, to quantify the improvement/deterioration of the mean
fractional standard error across all duration of the interpolation methods
(i.e. KED versus IDW) or regionalization methods (e.g. s-CPM versus
stat) we consider the following index:

d
oo ) ()
r= reference
f ed‘smt

where f indicates in turn the mean and the interquartile range of the
fractional standard errors of the reference (IDW and stat, respectively)
and the proposed methods (stat and s-CPM, respectively) across all the
durations, for a given return period. Negative (positive) values of ir
indicates that the proposed method shows an improvement (deteriora-

4

tion) in accuracy with respect to the reference method, being f (eﬁfs”t‘;‘;se‘v

lower (higher) than f ( reference)_

ed,stat
4. Results

4.1. Assessment of the interpolation methods for the highest station
density scenario

For the highest station density (i.e. 1/196 km?) we assessed which
interpolation algorithm (IDW or KED) provides the most accurate pre-
diction across all the durations and analysed return period (see Fig. 2),
for both stat and s-CPM regionalization methods. The KED algorithm,
which also includes the information on the orography effect in the
interpolation process, shows an average reduction of the mean fractional
standard error (across all durations) of 16 %, 15 %, and 12 % (2-year
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Fig. 2. Boxplot of the fractional standard error for the station density 1/196 kmz, for the stat (a—c) and the s-CPM (d—f) method across all the analyzed durations and

return periods, grouped by interpolation algorithms (IDW and KED).

return levels) and 11 %, 7 %, and 4 % (50-year return level) compared to
the IDW algorithm. For the three analysed return periods and for the stat
(s-CPM) regionalization methods, the KED algorithm also provides a
reduction of the interquartile range of the fractional standard error, on
average across all the durations, of 11 %, 7 %, 5 % (20 %, 16 %, 8 %),
respectively. We therefore choose to use the KED interpolation algo-
rithm to test the effectiveness of the two methods for predicting return
levels in ungauged locations (i.e. stat and s-CPM).

4.2. Return level estimation in ungauged locations with varying station
density

Results in Fig. 3 show the boxplot of the fractional standard error
computed in each station for different durations, for the two regionali-
zation methods (s-CPM and stat) together with the sampling (stochastic)
uncertainty. The latter has been quantified using a 1000-iteration
bootstrap resampling procedure with replacement on the years (e.g.
Efron and Tibshirani 1994, Overeem et al. 2008).

Results are organized by return period (2, 10, and 50 years) and by
station density (1/196 kmz, 1/400 km? and 1,/800 km?) to investigate
how the performances of the methods vary while the monitoring
network becomes significantly sparser.

Results for the highest station density (1/196 km?) show that the
KED stat outperforms the KED s-CPM especially for short durations
(lower than 6 h) and toward longer return periods. For longer duration
the average performance of the two methods are comparable. Overall,
on average across all the durations (see Table 1), the KED s-CPM method
provides an 8 % reduction of the mean fractional standard error with
respect the KED stat for 2 years return period (Fig. 3-a) while providing
an increasing of 2.5 % and 8 % for return periods of 10 and 50 years
(Fig. 3-e and h), respectively.

Results for the lower station densities (1,/400 and 1,/800 km?) show
that the KED s-CPM outperforms the traditional KED stat method. This is
particularly true for return periods of 2 and 10 years and while moving
towards long durations (longer than 3-6 h for 1/400 km? and longer

than 3 h for 1/800 km?).

Table 1 shows that KED s-CPM method for station density 1/400 km?
provides, on average across all the durations, a reduction of the mean
fractional standard error with respect to the traditional KED stat method
of 16 %, 8 % and 3 %, while moving from 2 to 50 years return period.
The performances of KED s-CPM are comparatively better for station
density 1/800 km?, with a reduction of 25 %, 13 % and 8 %, for the three
return periods.

We then disentangled the effect played by the elevation on the per-
formance of the two methods. Fig. 4 shows the boxplot of the fractional
standard error computed in each station for different durations, for the
two regionalization methods (s-CPM and stat) and the uncertainty due to
the sampling uncertainty, for different durations and 10 years return
period organized by equi-populated elevation classes.

Results for the highest station density (1/196 km?) show that the
KED s-CPM outperforms the KED stat especially for durations longer
than 3 h, moving towards higher elevation (above 150 m). For the lower
station densities (1/400 and 1/800 kmz) KED s-CPM outperforms the
traditional KED stat method generally across all the durations for ele-
vations above 150 m. For lower elevations it outperforms KED stat only
for 24 h durations for station density of 1/400 km? and for durations
longer than 6 h for station density of 1/800 km?. On average across all
durations (Table 2), for the highest station density case (1/196 kmz), the
traditional KED stat clearly outperforms KED s-CPM for elevations lower
than 150 m. For elevations higher than 150 m, KED s-CPM equalizes or
improves the mean fractional standard error value with respect to KED
stat, particularly at the elevation band 150-700 m. Results for the lowest
station density 1/800 km? show that on average across all the durations,
the KED s-CPM method reduces the mean fractional standard error for
elevations class, with remarkable performances for elevation higher
than 150 m. Intermediate results are reported for the intermediate
density (1/400 km?).

Finally, Figs. 5 and 6 show the maps of the interpolated rainfall in-
tensities for 1 h and 24 h duration, respectively, and for 2 and 50 years
return period, obtained using the KED-stat and KED s-CPM
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Fig. 3. Boxplot of the fractional standard error for the different station densities (1/196 kmz, 1/400 km? and 1,/400 kmz), different return periods, i.e. 2 (a-c), 10
(e-g), and 50 years (h, i, 1), and different durations organized by regionalization method, i.e. stat in orange and s-CPM in blue. In grey the boxplot of the sample
uncertainty is reported, which is estimated considering the station as gauged and summaries the uncertainty due the sample randomness.

Table 1

Percentage of improvement (if negative) or deterioration (if positive) of the
mean value of the fractional standard error of the s-CPM over the stat method,
across all the stations, durations and organized by return periods (rows) and
station density (columns).

Station density

1/196 km? 1/400 km? 1/800 km?
2 years return period -8.0 -16.3 —24.6
10 years return period 2.5 —-8.5 -13.3
50 years return period 8.0 -3.2 —-8.3

regionalization methods and the corresponding fractional bias
(computed as the ratio of the differences between return levels estimated
by s-CPM and stat to mean of the two). At 1 h, the KED-stat maps
(Fig. 5a-d) show the so called “reverse orographic effect” (Avanzi et al.,
2015; Formetta et al., 2022; Dallan et al., 2023), with intensity
decreasing with increasing elevation. The overall pattern is also well
represented by the KED s-CPM maps (Fig. 5b—e), even though in a less
marked way. At 24 h duration (Fig. 6), both maps show a direct
orographic effect (or orographic enhancement), with intensity generally
slightly increasing with elevation, but also showing a reduced intensity
corresponding to the high elevation north-west portion, due to the
orographic shielding offered by the surrounding mountain ranges. On

the other side, results for the KED s-CPM method at 1 h duration (Fig. 5-b
and e) seem much scattered compared to the KED stat (Fig. 5-a and d)
and to the 24 h duration (Fig. 6-b and -e).

The fractional bias increases with return period for both 1- and 24 h
durations, with the KED s-CPM return levels being higher than the KED
stat in the mountain areas and lower in the valleys for the 1 h durations
(Fig. 5-c and f). The spatial pattern of the fractional bias for 24 h
duration is less clear, with KED s-CPM return levels being lower than
KED stat in limited areas in the north-western and north-eastern part and
higher in small portions of the central part of the study area.

5. Discussion

The KED method, which includes the elevation as additional infor-
mation in the interpolation, outperformed the traditional IDW approach,
for both regionalization methods based on rain gauges only (stat) and on
rain gauges combined with CPM simulations (s-CPM). This agrees with
other studies which performed interpolation of extreme rainfall in oro-
graphically complex regions. Haberlandt (2007), for instance, in a
spatial estimation analysis of hourly heavy rainfall events in Germany,
successfully explored the use of radar based and daily rainfall precipi-
tation, together with elevation. Page et al. (2022) tested different
co-variates for inclusion into the interpolation process, finding a
smoothed elevation to be the most appropriate. On the other hand,
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Fig. 4. Boxplot of the fractional standard error for the different station densities (1/196 km?, 1/400 km? and 1/400 km?), for the 10 years return period, and
different durations organized by regionalization method, i.e. stat in orange and s-CPM in blue. In grey the boxplot of the sample uncertainty is reported, which is
estimated considering the station as gauged and summaries the uncertainty due the sample randomness. Results are grouped by classes of elevation bands (indicated

on the right-hand side of each row).

Table 2

Percentage of improvement (if negative) or deterioration (if positive) of the
mean value of the fractional standard error of the s-CPM over the stat method
across all the stations, durations, and for the 10 years return period organized by
elevation bands and station density (columns).

Station density

1/196 km? 1/400 km? 1/800 km?
-3;15 33.9 7.3 —4.5
15;150 40.5 9.8 -1.8
150,700 -17.8 -18.2 —-25.9
700;1200 7.7 -12.6 —26.2
1200;2300 3.0 -26 —6.2

Minuissi and Marra (2021) interpolated daily extreme rainfall return
levels over Germany by spatially estimating the SMEV at-site parameters
testing the nearest neighbour, the IDW and the Ordinary Kriging
methods and finding the IDW as the algorithm providing the more ac-
curate estimates. We show here that it is possible to improve over their
findings by accounting for the elevation information in the interpolating
process using the KED method.

We extend the work of Poschlod and Koh (2024) by exploring the

potential of combining CPM sub-daily rainfall field simulation and at
site sub-daily rainfall measurements to estimate moderate to extreme
rainfall return levels. Given the structure of the tested methods, the
results reflect the contrast between the spatial variability of the three
distribution parameter bias fields (which are interpolated by the s-CPM
procedure) and that of the three distribution parameter fields (which are
interpolated by the stat procedure). The biases in the distribution pa-
rameters and return levels were assessed for different durations by
Dallan et al. (2023, 2024), who reported larger biases at 1 h, decreasing
with increasing the rainfall duration. These authors also discussed the
physical reasons for these biases. The significant biases in the distribu-
tion parameters were generally found in the lowlands along the coast,
and in limited areas at high elevation. Conversely, mid elevation areas
showed generally not significant biases. This highlights some CPM
limitations in simulating the high dynamical interacting processes be-
tween large-scale atmospheric systems and local-scale processes, which
generate extreme rainfall events in flat/coastal areas (e.g., Adinolfi et al.
2023, Dallan et al. 2023) and in some high elevation areas. As can be
noted from Dallan et al. (2024), the higher the bias the larger also its
spatial variability. They found biases on return levels (which translate to
distribution parameter biases) with higher magnitude and a bigger
spatial variability at 1 h duration, decreasing with longer durations,
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Fig. 5. 1 h duration rainfall intensities for 2 and 50 years return period and fractional bias (i.e. ratio of the differences between return levels estimated by s-CPM and
stat to mean of the two) in percentage for the KED stat (a—c) and KED s-CPM (b and d) regionalization methods.

with the 24 h exhibiting biases smoothed in magnitude and spatially
more uniform. These considerations can explain the noisier patterns of
the return levels at 1 h for the s-CPM method, and its increasing per-
formances with increasing duration. Also, in Dallan et al. (2023),
comparatively more important and spatially variable biases were found
for the shape parameter. This explains why the performances of the
s-CPM method decreases with increasing the return period, a charac-
teristic which is mainly controlled by the shape parameter.

Given this background, it is not surprising that at 24 h KED s-CPM
increases the accuracy of the extreme rainfall return levels prediction in
ungauged locations with respect to KED stat. This result agrees with the
findings of Poschlod and Koh (2024) in Germany. Furthermore, we
showed that this improvement is also evident for sub-daily durations
and increases with decreasing the station densities. Symmetrically with
the relevance of the biases in the distribution parameters, and as an
average across all the durations, the added value of the KED s-CPM
method is generally more evident for medium high elevations (from 150
m to 1200 m). This improvement is still observed for high elevations
(from 1200 m to 2300 m), even though the added value is here less
conspicuous. For low elevation (i.e. —3 m to 150 m) the improvement is
absent for station density of 1/400 km? or minimum (i.e. less than 6 %)
for station densities of 1/800 km?.

Results showed that for: (i) long durations only (12 and 24 h) in the
highest station density case and (ii) all the analyzed durations in the
lower station density cases the hypotheses assumed by the s-CPM
method holds, i.e. the systematic error component in the estimated pa-
rameters from CPM rainfall with respect the parameters estimated from
raingauge data is larger than the random error component. The opposite
occurs for short durations (1, 3 and 6 h) in the highest station density
case, where the random component is larger, and the s-CPM method

does not provide added value in the estimation of extreme rainfall with
respect to the traditional Stat method in our study area.

The KED method provides the uncertainty related to the estimated
parameters of the SMEV distribution under the assumption of Gaussian
errors. Moving from this estimated uncertainty towards the uncertainty
in the return level is not an easy task, that would require strict and
unverified hypotheses on the independence of the error in the distri-
bution parameters. A formal propagation of these errors could only be
done for each parameter independently, for example using Taylor series
as done in Siena et al. (2023). However, the formal estimation and
propagation of the prediction uncertainty is not an objective of this
paper.

We recognize that epistemic uncertainty is associated with our
choice of a two parameter Weibull distribution. Despite this, the limited
record length of the CPM simulations requires using methods that are
different from the traditional ones. This Weibull model, however, is
supported by atmospheric physics (WIlson and Toumi, 2005), empirical
observations (Marra et al., 2023), previous studies (Zorzetto et al., 2016,
Schellander et al., 2019) and stochastic modeling results (Papalexiou
et al., 2022).

Finally, it should be noted that the stat and the s-CPM method are
based on the availability of different record lengths. On the one hand the
stat method is executed by using rainfall record lengths ranging from 14
to 37 years, on the other hand the s-CPM method is based on just 10
years data, as it is limited by the CPM temporal availability. While this
choice ensures that the reference return levels are characterised by the
lowest possible sampling uncertainty, it also means that the comparison
factorises different sampling uncertainties, thus penalising the s-CPM
method that has higher sampling uncertainties.
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Fig. 6. 24 h duration rainfall intensities for 2 and 50 years return period and fractional bias (i.e. ratio of the differences between return levels estimated by s-CPM and
stat to mean of the two) in percentage for the KED stat (a—c) and KED s-CPM (b and d) regionalization methods.

6. Conclusions

In this paper we quantified the added values provided by CPM
simulated rainfall field in combination with raingauge data in esti-
mating sub-daily extreme rainfall return levels in ungauged locations.
To overcome limitations due to the short record of CPM simulations, we
used a non-asymptotic framework (SMEV) for estimating moderate-to-
extreme rainfall return levels. We also quantified the influence: i) of
the interpolation algorithms, by comparing two of the most used, i.e.
KED and IDW and ii) of varying station densities on the regionalization
of extreme rainfall in ungauged locations.

The KED interpolation method outperforms the traditional IDW for
both the stat and the s-CPM regionalisation methods, with a reduction of
the mean fractional standard error of 16 %, 15 %, and 12 % (for the stat)
and 11 %, 7 %, and 4 % (for the s-CPM) across the three analysed return
periods (2, 10, and 50 years) and on average across all the durations.

The added value of CPM simulations to derive sub-daily return levels
depends on the station density and on the duration of interest. For the
highest station density (1/196 km?) the traditional method outperforms
the CPM informed regionalization method for short durations (lower
than 6 h). For longer durations, the performances of the two methods are
comparable.

In scenarios with lower station densities (1,/400 and 1,/800 kmz), the
CPM informed estimates outperform the traditional interpolation. For
the lowest station density, the reduction of the mean fractional standard
error (on average across durations) amounts to 24 %, 13 % and 8 % for 2,
10, and 50 years return period respectively. For the intermediate den-
sity, the reduction is comparatively lower and amounts to 16 %, 8 % and
3 %, respectively. Finally, results are discussed in terms of elevation. The
highest improvements of the CPM informed regionalization methods are
observed in medium high/high elevations.

The flexibility of the proposed regionalization method and the pe-
culiarity of the analyzed study area (which cover a variety of climate,
spanning from coastal environments to high elevation alpine zones)
show how the approach can be extended for analysis in different cli-
mates and eventually to different climatological variables. Future efforts
should focus on using ensembles of convection-permitting model sim-
ulations. The use of multiple models could decrease the biases and the
sampling uncertainties, thereby improving the representation of high
temporal resolution extreme rainfall. Additionally, long-term CPM
simulations could be used to reduce the uncertainty of the applied
extreme value distribution framework.
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