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Key Points:

« We develop seasonal IDAF models at every pixel location in Switzerland.

e We use all the non-zero precipitation data and model the intensities using the ex-
tended generalized Pareto distribution.

¢ We highlight the complexity of modeling areal precipitation in mountainous re-
gions
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Abstract

Intensity-Duration-Area-Frequency (IDAF) models provide the mathematical link be-
tween precipitation intensities (I), durations (D), areas (A), and frequency of occurrence
(F). They play a critical role in hydrological design, areal rainfall hazard quantification,
storm characterization, and early warning system development. IDAF models extend the
conventional Intensity-Duration-Frequency (IDF) models by accounting for the spatial
extent of precipitation(i.e., the area). In this study, we develop IDAF models using the
entire non-zero precipitation intensities, not only the extremes. We use the extended gen-
eralized Pareto distribution (EGPD) to model the precipitation intensities. To build the
IDAF models, we adopt a data-driven approach that allows the linkage of EGPD param-
eters with duration and area, based on empirically determined parametric relationships.
The inference of model parameters is done using a global maximum likelihood estima-
tion, and uncertainties are assessed by the bootstrap method. The study area is Switzer-
land, a topographically complex region of 42,000 km? with regional precipitation vari-
ability and clear seasonality. The study utilizes 17 years of data from CombiPrecip, a
radar-reanalysis product developed by geostatistically merging radar and rain gauge data
in an operational setting. We build the IDAF models for the spatiotemporal range of 1
to 72 hours and 1 to 1,089 km? at each pixel in the study area. To the best of our knowl-
edge, our study is the first attempt to use the EGPD in IDAF curve modeling. It dis-
cusses the use and limitations of CombiPrecip in extreme value analysis and highlights
the challenges of modeling areal precipitation in a complex topographical environment.

1 Introduction

In the face of escalating threats posed by climate change and increasingly volatile
weather patterns, understanding and predicting extreme precipitation is necessary, now
more than ever, in safeguarding communities and infrastructure. One of the key factors
driving flood generation is the spatial aggregate of precipitation over a given area, rather
than just the precipitation at a specific point location. This is because watersheds and
river basins integrate the precipitation falling over their respective areas, leading to the
accumulation of runoff and subsequent flood generation. Additionally, extreme precip-
itation events, manifesting at varying scales, contribute differently to flood dynamics.
Short and small-scale intense precipitation may induce rapid, localized flash flooding,
whereas longer and larger-scale precipitation events can lead to sustained fluvial flood-
ing (Sikorska et al., 2015). However, the interactions and synergies between these scales
are crucial in shaping the overall flood risk landscape. As a consequence, it is vital to
consider multiple spatiotemporal scales in the modeling of extreme precipitation. This
will enhance our ability to better predict and manage the impacts on communities and
infrastructure, ensuring their resilience in an ever-changing climate.

Intensity Duration Area Frequency (IDAF) curves summarize the main statistical
characteristics of extreme precipitation (return level, return period, duration, and area.)
They provide the mathematical link between precipitation intensities (I), durations (D),
areas (A), and frequency of occurrence (F). They are useful tools for engineers and hy-
drologists in hydrological design (see Bertini et al., 2020, for example), quantification of
areal rainfall hazard (Overeem et al., 2010; Panthou et al., 2014; Mélése et al., 2019; Zhao
et al., 2023), storm characterization (Ramos et al., 2005; Ceresetti et al., 2012; Blanchet
& Meélese, 2020), and development of early warning systems (Panziera et al., 2016). IDAF
models extend the well-known Intensity Duration Frequency curves (IDF) by incorpo-
rating the spatial extent of precipitation (i.e., the area).

IDAF curves are commonly built by coupling IDF models and a coefficient, the areal
reduction factor (ARF) that transforms point rainfall of a given duration and return pe-
riod to areal return levels of the corresponding duration and return period. Applications
of the ARF-based IDAF models can be found in the literature, for example, De Michele
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et al. (2001) derived an ARF formulation based on the concept of dynamic scaling of rain-
fall and used it to model IDAF curves in Milan. Later, Ceresetti et al. (2012) used the
ARF of De Michele et al. (2001) to model IDAF curves for storm severity assessment in
southern France. Panthou et al. (2014) also used the same ARF formulation to charac-
terize areal rainfall in West Africa. Ramos et al. (2005) used an empirical ARF formu-
lation to model IDAF curves for storm severity assessment in Marseille. Bertini et al.
(2020) used another empirical ARF formulation to build IDAF curves and used it to de-
sign a dam in Italy. Mélése et al. (2019) and Blanchet and Mélése (2020) used an exten-
sion of the ARF formulation of De Michele et al. (2001) to build IDAF curves respec-
tively for areal hazards and storm severity assessment in southern France. The exten-
sion was to cope with the significant spatiotemporal variability in the mountainous area

Beyond the ARF-based IDAF curves modeling approach, Overeem et al. (2010) pro-
posed a purely data-driven approach to model IDAF curves. This involves modeling the
parameters of the statistical distribution of the precipitation intensities as a function of
duration and area. The type of relationship is empirically determined from the data, with
no underlying physical hypothesis such as spatial correlation as done in Rodriguez-Iturbe
and Mejia (1974) or scaling (as done in De Michele et al., 2001). As highlighted by Mélese
et al. (2019), this approach has the advantage of being flexible and applicable in cases
where the assumptions of the analytical ARF formulations cannot be verified.

In spite of the chosen method of building the IDAF curves, whether ARF-based
or purely data-driven, the previously cited works have one thing in common; the pre-
cipitation data they used and by extension, the underlying parametric distribution. To
elaborate more, all the authors used only extreme data in the form of block maxima and,
as the distribution, the generalized extreme value (GEV) distribution (Overeem et al.,
2010; Ceresetti et al., 2012; Panthou et al., 2014) or its special case, the Gumbel distri-
bution (Nhat et al., 2007; Mélese et al., 2019; Blanchet & Meélése, 2020; Bertini et al.,
2020), or log-normal distribution (De Michele et al., 2011). A rare application of gen-
eralized Pareto distribution (GPD) for threshold excesses is found in Zhao et al. (2023)
for IDAF curve modeling. A major drawback of such approaches is the inefficient use
of the data since only one value is retained in a block (usually the maximum in a year)
or the excesses of a threshold (a tiny fraction of the data), and all the other data in the
block is discarded. This can result in significant uncertainty in estimation, especially in
cases where the length of the data series is not sufficiently long. The problem of short
record length is more apparent with radar and radar reanalysis products, which are usu-
ally used in IDAF curve modeling (Overeem et al., 2010; Méleése et al., 2019; Blanchet
& Mélese, 2020; Zhao et al., 2023), due to the required spatial information they provide.

To address this issue, our approach here is to make efficient use of information by
including all the non-zero precipitation intensities, instead of only the block maxima, in
modeling the IDAF curves. We then use the extended generalized Pareto distribution
(EGPD) of Naveau et al. (2016) as the parametric model for the intensities. This dis-
tribution is compliant with extreme value theory in both tails (an advantage over the
gamma distribution), it models the entire distribution of non-zero precipitation and does
not require the choice of the threshold as in the generalized Pareto distribution (GPD).

It has been shown in many applications to be able to adequately model precipitation (Naveau

et al., 2016; Evin et al., 2018; Le Gall et al., 2022; Haruna et al., 2022, 2023). In par-

ticular, Haruna et al. (2023) showed that it is possible to model IDF curves (without Area)
with the EGPD, and we intend to extend their work to model IDAF curves with the EGPD.
To our knowledge, this is the first time the EGPD has been used in modeling IDAF curves.

Modeling IDAF curves using all the non-zero data has two potential advantages.
First, by using all the non-zero data, estimation uncertainty is expected to reduce, re-
sulting in more accurate predictions. Secondly, in addition to having IDAF curves, we
will have robust marginal distributions for the entire non-zero precipitation that can be
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used in stochastic weather generators for simulations, or verification of weather and cli-
mate models.

We apply the model in Switzerland, a topographically complex location with sea-
sonality, regional variability, and multiple precipitation regimes. Following the work of
Mélese et al. (2019) which underscores the complex spatiotemporal variability of precip-
itation in mountainous areas, we use the more flexible data-driven method of Overeem
et al. (2010) to model the IDAF curves.

The data and study area are presented in Section 2. The EGPD, the methodology
for building the IDAF curves, and the method for uncertainty assessment are explained
in Section 3. Results on the goodness of fit of the model and areal rainfall hazard assess-
ment in the study area are presented and discussed in Section 4. Finally, conclusions and
perspectives are given in Section 5

2 Study area and Data
2.1 Study Area

300+
2501
Ezoo- o 0
1504
1004

X (Km)

500 1000 1500 2000 2500 3000 3500

Elevation (m)

Figure 1. Map of Switzerland, the study area. The background color denotes the eleva-

tion (meters) above mean sea level. The Radar symbols show the location of the five radars in
Switzerland, with their names in the white boxes. The name of some cities is shown in black and
the name of some mountains and regions are shown in red. The colored embedded squares show
exemplarily the extent of 7 out of the 10 square windows used for data aggregation. They cover
areas of 25, 49, 169, 289, 529, 729, and 1089 km?, from the innermost to the outermost. The red
colored circles show the location of 79 rain gauges used for evaluation of the gridded product
(CPC).

Our study focuses on Switzerland, a country covering 41,285 km?. Despite its small
size, Switzerland exhibits a complex topography, ranging in elevation from 191 to 4,127
m above mean sea level. Figure 1 shows the map of the study area. Approximately 30%
of the land is situated above 1,500 m elevation, resulting in pronounced spatial variabil-
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ity in both the intensity and occurrence of precipitation. The climate of Switzerland is
influenced by multiple factors, such as the Alps, the Atlantic Ocean, and the Mediter-
ranean Sea, and these contribute to the seasonal and spatial variability of precipitation,
as documented in previous studies (Sodemann & Zubler, 2009; Giannakaki & Martius,
2015; Scherrer et al., 2016). Precipitation patterns show distinct regional differences, with
the highest annual sums exceeding 2,000 mm in the Alps, the Jura region (northwest),
and the Ticino region (south of the Alps). Conversely, the inner valleys such as the Rhone
and Inn receive the lowest annual precipitation, less than 700 mm. Summer is the pri-
mary season for precipitation throughout Switzerland, except in Ticino, where autumn
dominates. Conversely, winter experiences the least amount of precipitation across all
regions. In terms of heavy precipitation, defined as the average seasonal maxima, the spa-
tial distribution varies according to accumulation duration (Panziera et al., 2018). For
short-duration accumulations (e.g., 1 hr), the heaviest precipitation occurs in summer
across the entire country, with maximum intensities reaching up to 30 mm/hr in Ticino,
Jura, and the northern rim. For longer accumulations (1 day and more), Ticino receives
the most intense precipitation, with autumn experiencing a maximum 24 hr total exceed-
ing 130 mm. In other regions, heavy precipitation predominantly occurs during summer.

2.2 CombiPrecip

CombiPrecip (CPC) is a radar-reanalysis product resulting from the geostatisti-
cal merging of radar and rain gauge in an operational setting (Sideris et al., 2014a). It
combines the high accuracy of rain gauge with the high spatial coverage of radar. The
geostatistical merging is through co-kriging with external drift, where the rain gauge data
is treated as the primary source, and the radar data as the external drift. Information
from the rain gauge comes from more than 250 automatic stations at 10 minutes reso-
lution, and that from the radar comes from five polarimetric C-band Doppler radars that
are suitably located to provide the reliable coverage required in the topographically com-
plex area (see Figure 1). Since CPC is produced operationally, only rain gauge data within
Switzerland are used in the algorithm, As a result, an algorithm for the treatment of ex-
trapolation is used in which some radar pixels outside the Switzerland border are used
as virtual rain gauges in the merging. Additionally, a convection control scheme is im-
plemented to overcome the limited representativeness of rain gauges during convection
events, especially in summer see Sideris et al. (2014b, for details)

The data from both the rain gauge and radar are subjected to substantial quality
control before being employed in the CPC algorithm. The gauge data is checked to en-
sure that recorded values are within climatologically physical limits, they are consistent
with those from nearby gauges, they satisfy inter-parameter consistency, and variabil-
ity tests (MeteoSwiss, 2017). Treatment of the radar data (Germann et al., 2006) involves
clutter elimination through a robust algorithm designed for this purpose, visibility cor-
rection resulting from orthographic shielding, correction for vertical profile of reflectiv-
ity, and bias correction. This is in addition to an automatic hardware calibration of the
radars to check the stability/accuracy of the components and a tailored operational scan
strategy (20 elevation sweeps every five minutes) crucial in mountainous regions such as
Switzerland (Germann et al., 2015).

CPC is available at hourly temporal resolution and a spatial grid of 1 km by 1 km
and extends 100-150 km beyond the borders of Switzerland. It has been available since
2005, and 17 years of data is available for this study, from 1%¢ January 2005 to 315¢ De-
cember 2021. It has been used in several applications in Switzerland for extreme value
analysis (Panziera et al., 2016), climatological studies (Panziera et al., 2018), meteoro-
logical forcing of hydrological model (Andres et al., 2016), and has been evaluated in sev-
eral aspects (Gabella et al., 2017; Panziera et al., 2018; Gugerli et al., 2020). Known lim-
itations of CPC involve the limited length of the data, non-homogeneity of the series due
to radar upgrades and evolution of the number of radars, and conditional bias (MeteoSwiss,
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2017). Despite these limitations, it is the only sub-daily gridded data available in the study
area, and producing a gridded product is beyond the scope of the present study. We note
that these limitations are not unique to CPC alone, but common to other radar and radar-
reanalysis products, and notwithstanding, they have been used in IDAF modeling e.g.
Overeem et al. (2010); Mélese et al. (2019); Blanchet and Mélese (2020), or extreme value
analysis (Durrans et al., 2002; Allen & DeGaetano, 2005; Wright et al., 2014; Gouden-
hoofdt et al., 2017; Panziera et al., 2018). This is due to the detailed spatial represen-
tativeness they provide, especially in mountainous areas, which is practically unobtain-
able with rain gauge networks alone.

3 Methodology
3.1 Marginal Distribution for Non-Zero Precipitation Intensities

We use the three-parameter EGPD of Naveau et al. (2016) as the marginal distri-
bution for the non-zero rainfall intensities in the IDAF model. The model is an exten-
sion of the classical GPD (which applies only to the excesses of a chosen threshold) to
model the entire distribution of precipitation intensities (the low, medium, and extremes).
The first advantage of EGPD is that since it is an extension of GPD, it is compliant with
extreme value theory, so it behaves like the GPD in the upper tail of the distribution,

i.e. the same shape parameter see Tencaliec et al. (2020) for demonstration. Secondly,
since it makes use of all the non-zero precipitation data, one does not need to worry about
the delicate issue of threshold selection that is known with the GPD. Finally, it mod-

els the whole range of non-zero precipitation, which has several practical applications

in cases where the interest is not only in the largest values but in the medium and low
values as well (e.g. in simulation frameworks or climatological studies).

We define the random variable I to represent non-zero rainfall intensities. We as-
sume that it follows the EGPD whose cumulative distribution function (CDF) is defined
as:

F(i) = P(I < i) = [Hg (;)] " (1)

with

i\ _ [ 114 ife#£0
Hﬁ(a)_{1—exp(—:;>+ if&=0 " ®

and the probability density function (PDF) is given as

where a4 = max(a,0), o > 0 is the scale parameter, and £ > 0 is the shape pa-
rameter that controls the upper tail of the distribution. The flexibility parameter, x >
0 controls the lower tail. With the addition of only one parameter, x, compared to the
GPD, the distribution is able to model the full range of non-zero precipitation see ap-
plications in Evin et al. (2018); Le Gall et al. (2022); Haruna et al. (2022, 2023).



219 3.2 Space-time aggregation of the data

220 The total area of Switzerland is 41,285 km?, and so we have hourly time series of

221 precipitation at 41,285 CPC pixels, each of size 1 km?. We take each time series and strat-

22 ify it into four seasons, with winter (Dec-Jan-Feb), spring (Mar-Apr-May), summer (Jun-

23 Jul-Aug), and autumn (Sep-Oct-Nov). This seasonal approach is done to account for the

204 pronounced seasonality in the study area, as done in several studies in the same area (Molnar

225 & Burlando, 2008; Fukutome et al., 2015; Panziera et al., 2018; Evin et al., 2018; Haruna
226 et al., 2022, 2023).

207 To produce the areal precipitation for use in modeling the IDAF relationships, we
228 aggregate the data into 9 additional spatial scales (area) that includes 9, 25, 49, 81, 169,
229 289, 529, 729 and 1,089 km?, . The area corresponds to squares of sides 3, 5, 7, 9, 13,

230 17, 23, 27, and 33 km, which are illustrated in Figure 1. This leads to a total of 10 se-

231 ries of areal precipitation with area ranging from 1 to 1,089 km? centered around each

232 pixel in the study domain. Since CPC is available beyond the borders, it allows us to

233 have spatially aggregated rainfall everywhere in Switzerland (including the pixels close

234 to the border). We comment here that the choice of the squared area is for simplicity

235 and convenience since the CPC data is originally in this geometry. Other choices are pos-
236 sible such as circular or elliptical shapes as discussed in Mélése et al. (2019).

237 Next, to build the time series for higher accumulation durations, we use a moving
238 window to aggregate the hourly areal precipitation series into 9 additional durations, that
230 include 2, 3, 6, 10, 12, 16, 24, 48 and 72 hr. We consider durations up to 72 hr (3 days)
240 because according to Froidevaux et al. (2015), while studying catchments larger than 10
211 km?, these time scales are the most relevant for flood-triggering precipitation accumu-

202 lations in Switzerland. The intermediate durations are meant to ensure a good spread

213 on a logarithmic scale. We also apply temporal declustering to reduce serial dependence
204 in the time series as done in several studies (e.g. Naveau et al., 2016; Le Gall et al., 2022;
25 Haruna et al., 2022, 2023). To achieve this, we retain every 3'd observation in the 1 hr

246 time series, and every 4th, 5th gth 10th 12th 16th 24th 4g8th 79nd regpectively in each
247 time series of 2, 3, 6, 10, 12, 16, 24, 48, and 72 hr. A ratio plot (not shown) of the max-
28 imum intensity with and without declustering over all pixels revealed a median value be-
249 tween 0.8 and 0.95, without any systematic evolution with duration and season. This

250 indicates that in certain cases, the highest intensities in each duration were left out as

251 a result of the declustering process. However, given that we are using all the non-zero

252 precipitation intensities, retaining the aggregated time series from the moving window

253 would result in significant serial dependence in the time series. A plot of the lag-1 auto-
254 correlation after declustering (Figure not shown) showed a large reduction in the auto-

255 correlation especially in summer and the transition seasons, whereas it remains relatively
256 high (median of 0.44) in winter, especially for the 1 hr series. Nonetheless, we retain the
257 declustering steps to decrease the potential of omitting the highest intensities.

258 At the end of the aggregation, we have a total of 100 time series of areal precip-

250 itation at each pixel, each for a pair (D, A). Unlike in the case where only block max-

260 ima will be used for modeling the IDAF relationships, here, we retain and use all the non-
261 zero precipitation intensities in modeling the IDAF relationships. Although we have the
262 areal precipitation at all the pixels, for computational reasons (an average of 260,000 non-
263 zero observations in summer, at each pixel location), we fit the IDAF model only at a

264 subset of the pixels, by considering every second and third pixel along the latitude and

265 longitude respectively. This results in a total of 7,056 pixels.

266 3.3 EGPD-IDAF Model

267 Our assumption is that the random variable of non-zero precipitation intensities
268 for any duration D and area A, I(D, A) follows the EGPD, i.e.:
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I(D, A) ~ EGPDI[x(D, A), (D, A), (D, A)], (4)

where (D, A) > 0, 0(D,A) > 0 and £(D, A) > 0 are the three EGPD parame-
ters for the duration D and area A.

Let Fp a(i) be the CDF of I(D, A), such that Fp 4(i) =P (Ip,a < i), then IDAF
curve, which is the T-year return level over duration D and area A is defined by the quan-
tile function of Fp 4, i.e.:

. o(D, A) 1 )
Z(T’D’A):ié(D,A) 1_{1_T><5(D,A)] -1y, (5)

where (D, A) > 0, o(D,A) > 0 and (D, A) > 0 are the three EGPD parame-
ters for the duration D and area A. T is the return period in years, §(D, A) is the av-
erage number of non-zero precipitation intensities for duration D and area A per year.
We estimate dp 4 based on the long-term average of the non-zero precipitation inten-
sities per year.

As already highlighted in Section 1, we use the data-driven approach of Overeem
et al. (2010) to model the IDAF relationships. The approach involves empirically find-
ing the appropriate regression model to explain the relationship between each of the three
EGPD parameters as a function of duration and area. We will now explain our method-
ology to determine the appropriate regression model.

We begin by considering each pixel and fitting EGPD separately to the 100 aggre-
gated time series of scales (D, A) at that pixel location. We then examine how the three
EGPD parameters change with A and D. To model the relationships, we test various
regression models using A, D, their transformations; log(A), log(D), v/A, VD, as well
as some interactions terms. To avoid having a different regression model at each pixel,
we compare competing models regionally by assessing their predictive performance in
cross-validation. In the end, we retain the following regression models for the EGPD pa-
rameters:

log[#(D, A)] = Bo,x + Br.xA + BauD + Ba s 10g(A) + Ba,s VD + B5,.VDlog(A) + Bs D log(A)
10g[0'(D, } = 50,0 + ﬂl,aA + ﬁZ,o’D + 63,0 IOg(A) + 64,0\/5 + 55,0\/510g(z4) + /86,0‘D log(A)

§(D, A) = Bog + Br.eD + Paclog(A) + B3V D + BaeVDlog(A) + Bs.eDlog(A),

A)
A)

(6)

where D is in hours and A is in km?. §3; . fori = 0,1,..6 are the regression co-
efficients. The scale (o) and flexibility parameter (k) both have a log link transforma-
tion because of their positive support. They both have seven regression parameters (/3;
for i = 0,1,..6)). The shape parameter £ has six parameters, making a total of 20 pa-
rameters for the complete EGPD-IDAF model for each season and pixel location. We
note here that while the number of parameters might appear large, the model is still par-
simonious compared to fitting EGPD separately for each time series of (D, A), which
amounts to a total of 300 parameters (three (3) EGPD parameters for the 100-time se-
ries in our case). In the result Section we will show additional performance comparisons
between the 20-parameter EGPD-IDAF model, and the 300-parameter base model. In
addition to this, the relative complexity of the model (in terms of parameterization), high-
lights the inherent difficulty of modeling areal precipitation in mountainous regions, where
areal rainfall is less homogeneous in space compared to relatively flat regions. A simi-
lar attempt to model IDAF curves in southern France (Massif Central) by Mélése et al.
(2019) highlights similar complexity.
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Figure 2. a) Conceptual illustration of IDAF curves in 3-dimension. IDF curves for A = 81
km? (shown in panel b) are obtained by cutting a plane on the IDAF curves in panel a at A = 81
km? (red-colored broken lines). The IAF curves on panel c) are obtained by cutting a plane at D

= 6 hr on panel a (blue-colored broken lines).

To conclude this section, we illustrate a conceptual plot of IDAF curves in Figure
2. A plot of IDAF curves is 3-dimensional (Figure 2a ), with Intensity (I) along the ver-
tical axis, duration (D) along the horizontal axis, and area (A) along the third axis which
is perpendicular to the other two axes. For each specific return period (e.g. 2-year, 10-
year, or 50-year), a curve is shown to visualize how the intensity changes across A and
D. However, a much simpler approach is to decouple the 3-dimensional plot into two sub-
plots, each in 2-dimension. The first one shows how the intensities of specific return pe-
riods change across durations for a fixed area, i.e. IDF curves (Figure 2b), and the sec-
ond one, a plot of Intensity-Area-Frequency (IAF) curves, shows how the intensities change
across areas for a fixed duration (Figure 2c).

3.4 Model Estimation

Let us call 8 the vector of 20 regression parameters of the EGPD-IDAF model to
be estimated at a given pixel location. We estimate 8 by maximizing the censored log-
likelihood of the EGPD-IDAF model [(0), which is given by:

1) =>>" > log{Fp.4 [C(D, A}+>_ > > log{fp,a [i(D, A, )]},
A D

3:i(D,A,j)<C(D,A) A D ji(D,A,5)2C(D,A)

(7)

where 6 is the vector of the 20 regression parameters to be estimated. Fp 4 and
fp,a are the CDF and PDF of the EGPD associated with (D, A), i(p 4 is the precip-
itation intensity for (D, A) and time step j. C(p a4y > 0 is the left censoring thresh-
old applied to the data of (D, A). The log-likelihood is finally expressed in Equation 8
as:
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where (D, A) > 0, 0(D,A) > 0and &(D,A) > 0, are the EGPD parameters
for (D, A) and the other variables retain their earlier definitions.

[(D,A)—1]

R

3:i(D,A,5)>C(D,A)

The use of the censored likelihood (Equation 8) is mainly to improve the param-
eter estimation by reducing the influence of the small intensities (Naveau et al., 2016).
Without censoring, the smaller intensities influence the parameter estimation, thereby
resulting in a gross overestimation of the upper tail shape parameter (£). In the equa-
tion, both the data above and below the censoring threshold C' contribute to the like-
lihood, albeit in two different ways. The data above C' is believed to be observed and
so the density function f (Equation 3) is applied to them. For the data below C, it is
assumed that their precise magnitude is not known, although they have been observed.
All that is known is that they are less than C, and so the distribution function F' (Equa-
tion 1) is applied. The need for the censored likelihood is likely due to the insufficient
flexibility of the three-parameter EGPD model to adequately model the left tail of the
distribution or the associated uncertainty in the instrumental recording of very small in-
tensities. A usual censoring approach is to apply a uniform censoring threshold (e.g. 2
mm for all the daily data, or 0.5 mm for all the hourly intensities), but as highlighted
by Haruna et al. (2023), this is not usually sufficient, and so, an appropriate censoring
threshold has to be obtained for each time series. We follow their footstep and estimate
a threshold, for each time series of (D, A) that minimizes the squared error between the
modeled and empirical quantiles (see Equation 10). This approach usually results in an
adequate fit of the model. . We comment that the censoring only applies during infer-
ence, afterwards, the model is applied to all the non-zero precipitation intensities, even
to the data below the threshold. Additionally, all the goodness of fit criteria is computed
on the whole non-zero precipitation, and not only the data above the censoring thresh-
old.

Furthermore, Equation 7 is based on the independence likelihood, which assumes
independence in the data. This assumption is unlikely to hold given that we have three
levels of dependence in the data; serial dependence within time series of the same (D,
A), dependence between time series of different durations (e.g. time series of 1 hr and
1 km?, versus time series of 2 hr and 1 km?), and lastly the dependence between time
series of different spatial scales (e.g. time series of 1 hr and 1 km?, versus time series of
1 hr and 3 km?). Despite these, since our target is on the marginal (univariate) return
levels, the violation of the independence assumption is unlikely to induce bias in our es-
timates (Sebille et al., 2017). Additionally, within the framework of modeling IDF curves
using generalized extreme value (GEV) distribution, Jurado et al. (2020) showed that
little gain in performance is achieved by explicitly modeling the dependence between the
data of different durations, in addition to the added complexity. Since their application
is with GEV rather than EGPD, an interesting perspective is to investigate this effect
with the EGPD. Here we retain the independence assumption to avoid additional com-
plexity to our model which already has 20 free parameters. . Finally, to avoid underes-
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timating uncertainties in our model, which is one of the main consequences of the inde-
pendence assumption, we resort to block-bootstrapping for uncertainty assessment (see
Section 3.5).

3.5 Uncertainty Assessment

In order to assess uncertainty in the EGPD-IDAF model, we use the block boot-
strap approach (Kunsch, 1989). The principle of the block bootstrap involves dividing
the time series into blocks of consecutive observations. Resamples are then generated by
randomly selecting blocks with replacements and concatenating them to create a boot-
strap sample. By preserving the block structure, the block bootstrap can capture the
dependence structure of the original data. This approach is suitable for uncertainty es-
timation in our case, where we made the independence assumption in the likelihood es-
timation of the parameters. The block bootstrap method was used for uncertainty es-
timation by Overeem et al. (2010) in IDAF curves modeling, and by Overeem et al. (2009);
Haruna et al. (2023) in IDF curves modeling.

To apply the block bootstrap approach, we take the seasonal time series at each
pixel and estimate the uncertainty by following the outlined steps below:

1. Aggregate the time series into the 10 durations and 10 areas, resulting in a total
of 100 time series, each for a pair of duration and area (D, A). Decluster each of
the series according to the declustering procedure explained in Section 3.4. We
call this sample M,4.

2. Randomly select blocks of size 2 weeks with replacement, G times, to form the re-
sampled time series (Mpoot). Both Mg and Mpeor have the same dimensions. The
block bootstrapping ensures that we keep the data of the different durations D
and areas A together, and hence the dependence structure. We use a block size
of 2 weeks, beyond which the autocorrelation in the data does not decrease, as done
in Haruna et al. (2023) for the same study area in the case of IDF curve model-
ing.

3. Fit the EGPD-IDAF model to the data in My, and estimate the intended return
levels.

4. Repeat steps 2 to 3 a total of 300 times to obtain the bootstrap distribution of
the return levels. Finally, compute the 95% Confidence Interval (CI) of the return
levels by the percentile method. This is done by taking the empirical 0.025 and
0.975 quantiles of the bootstrap distribution of the return levels obtained in step
4.

As a measure of model precision, we compute the normalized width of the 95% CI
of a T-year return level estimate (Shehu & Haberlandt, 2023). For a given pixel loca-
tion s, it is computed from:

TT.97.5% — T'T,2.5%
n95CIwidth 8 = 07 - (9)

rT,

where rq 9 is the p% quantile of the 300 bootstrap estimates of the T-year return
level (rq) and 7r denotes the average of the 300 estimates. The normalization is to en-
able the comparison of uncertainty width across intensities of different scales and return
periods.

3.6 Goodness of fit of the EGPD IDAF model

To assess the goodness of fit of the EGPD-IDAF model, we compute the normal-
ized root-mean-square error (NRMSE) and the normalized bias (NBias) at each pixel s
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and spatiotemporal scale (D, A). To focus on the high intensities, the criteria are com-

puted only on the exceedances above a 1-year return level, computed using the Weibull

plotting position, defined as —4= with j being the rank (from largest to smallest) and

n+1
n is the sample size. The normalization allows comparison of the score across intensi-
ties of different spatiotemporal scales (D, A). For a given pixel s, the two criteria are

given as:

1 n. R 9 1/2
{775 Zj:l (’rsvTj - Ts,Tj) }
NRMSE, = — (10)
LS (fer e,
NBias, = 2z 2321 (o, Z7a7) (11)

where n; is the sample size, rs 7, is the jth largest empirical quantile with return
period T} = T;.S;;l, 0 is the average number of non-zero precipitations for (D, A) per
year, 7s 1, is the corresponding T; return level estimated from the EGPD-IDAF model.
The denominator is the average of the exceedances

NRMSE measures the accuracy of a given model in predicting the empirical quan-
tiles. A good model should have NRMSE = 0, and the smaller the score, the better the
model. NBias measures the ability of the model to avoid systematic underestimation (NBias
< 0) or overestimation (NBias > 0) of the empirical quantiles. NBias = 0 means an un-
biased model.

3.7 Cross validation

A natural question to ask is whether the EGPD-IDAF model which links the EGPD
parameters with duration and area is a better model, in terms of some performance in-
dicators, compared to fitting the EGPD model separately to each time series of spatiotem-
poral scale (D, A). The two models will henceforth be referred to as the global model
and the base model, respectively. To answer this, we compare the two models in a split-
sample cross-validation framework. We will start by describing the cross-validation frame-
work, and then introduce the criteria for measuring the performance.

In the split sampling cross-validation, we consider each pixel and divide the time
series into two subsamples of the same length but on different randomly chosen years.
We consider the first sub-sample, aggregate the data into the 10 durations and 10 ar-
eas, and fit the two competing models, i.e., the base model and the global model. We
then assess how the two models perform on the second sub-sample (validation sample).
A good predictive model should perform well in the data not used in training it. We do
the same on the second sub-sample (use it as the training sample, and the first sub-sample
as the validation sample). Since the split sampling is done randomly, we repeat the pro-
cedure 40 times to address sampling bias. We apply the same procedure to all the pix-
els in the study area. We then select the method that has the best regional performance
(average of the scores over all the pixels.)

We use some well-chosen predictive performance criteria to measure the performance
of the models. The criteria have seen wide applications in the literature (see Garavaglia
et al., 2011; Renard et al., 2013; Blanchet et al., 2015; Evin et al., 2016; Haruna et al.,
2022, 2023). We give a brief overview of the criteria, while details can be found in the
cited references.

* Robustness: The Robustness criteria, SPAN, measures the ability of a model to
give similar estimates of a high return level when data from two different calibra-
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tion periods are used to train the model (Garavaglia et al., 2011). At a given pixel
(s) and for a spatiotemporal scale (D, A), SPAN is computed as:

(1 +(2)
2 e’l)“ s, T

(% + )

SPAN, 1 = (12)

where r(l% and 7 A(Z) are the T-year return levels estimated from sub-sample 1 and

2 respectlvely at plxel s. A SPAN of 0.5 means that the absolute difference be-
tween the two return levels is half of their average.

A reglonal value of SPAN, over Switzerland, is computed as SPANyeg 7 = 1 —
~ ZS 1 SPAN, 7, where N = 7,056 is the total number of pixels. A perfectly
robust model should have SPANyeg 7 = 1.

Reliability in predicting the maximum value: At a given pixel (s) and for a given
spatiotemporal scale (D, A), the reliability of the model fitted on sub-sample 1
in predicting the maxima in sub-sample 2 and wvice versa is measured by the FF
criteria as follows:

e
FF(12) = [FS) (maxf)ﬂ (13)

where FFgm) is the cross-validation criteria computed at pixel s, by predicting the
probability of the maximum value in sub-sample 2, of sample size ng2) using the
model fitted on the sub-sample 1. FF gﬂ) is computed symmetrically.

As noted by Renard et al. (2013) and Blanchet et al. (2015), if the fitted model

is a good estimate of the true distribution of the data, FFgm) should be a real-
ization of a uniform distribution. Hence, the difference in the area, noted dif f,
between a theoretical uniform distribution and that of the N = 7,056 values of
FFSQ) (computed over the N pixels), should be close to zero. FFreg at the regional
scale, given as 1 — dif f, should therefore take a value of 1 for a reliable model

and 0 for a completely unreliable model; the lower the value the less reliable the
model is.

The reliability /accuracy over the entire observations: While the previous reliabil-
ity score (FF), and SPAN focus on extremes only, it is important that the model

is also reliable in the bulk of the distribution, especially given that we use the EGPD.
To measure the reliability of a model in predicting all the observations in cross-
validation, we use the normalized root mean square error (NRMSE CV), which

is expressed as:

1/2
n® [ (2 (1) )2
B (18 -)'}
@

NRMSE CV{1? = { (14)

where NRMSE _ CV!? is the score computed at pixel s, nt? is the sample size of
the second sub-sample, Tg’z%j is the empirical quantile with return period T; = TR
0 is the average number of non-zero precipitations for (D, A) per year in sub-sample
2, 7 % is the corresponding 7} return level estimated from the model fitted on

sub sajmple 1. The denommator is the mean of non-zero precipitation in sub-sample

(2) (2)
2 at pixel s computed as (z) =1 Te Ty

Similar to the other crlterla the regional score for each spatlotemporal scale (D,A),
computed over the N pixels, is given as NRMSE CVgé) = 17— Zs 1 NRMSE_CV| (12),

The other score, NRMSE_CVSig” is computed symmetrically. NRMSE_CV,., =
1 indicates a perfectly accurate model (the model accurately predicts the empir-
ical return levels).
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201 4 Results and Discussion

102 4.1 Evaluation of CPC data

203 We begin by checking how the statistics from the CPC data compares with those

494 from the rain gauge through a point-to-pixel comparison. This involves comparing the

405 time series from a gauge to the time series from a CPC pixel at the location of the gauge.
296 We consider 79 stations, with no missing data from 2005 to 2020 (the period of overlap
a07 of both datasets), and in each case, the data from the gauge is considered the "truth".

498 The location of the stations is shown in Figure A3. We comment here that the compar-
499 ison is not entirely independent since most of the stations (69 out of the 79) are already
500 utilized for correcting the radar data to produce CPC. However, since some differences

501 remain between the two, it would be interesting to see how the statistics from CPC com-
502 pare to those from the rain gauge before using them in modeling the IDAF relationships.
503 The difference arises mainly due to the nugget effect in the variogram model, the inher-
504 ent scale differences between radar and rain gauge measurements, and the convection con-
505 trol scheme in summer (Sideris et al., 2014a).

506 The comparison is in two steps, in the first step, we compare the two time series

507 using some chosen criteria and in the second step, we fit EGPD to both time series and
508 compare the 20-year return level estimate. The result of the comparison is presented in
500 the following subsections.

510 4.1.1 Comparison on the empirical values

511 i) Criteria on all observations

512 Following the work of Zambrano-Bigiarini et al. (2017), we use the three sub-components

513 of the Kling-Gupta-Efficiency (KGE) criterion (Kling et al., 2012) to compare the two
514 datasets (see Equation Al in Appendix A). The first is the bias (the tendency of CPC

515 to under or overestimate the gauge data). The second is the variability ratio, which mea-
516 sures the under or over-dispersion of CPC data compared to the gauge. The third com-
517 ponent measures the linear correlation between the two time series. For a perfect match
s18 between the gauge and CPC, all the criteria should be equal to 1. The criteria are com-
519 puted based on all the data, including zeros.

520 The boxplot of the correlation coefficient is shown in Figure 3a for the four seasons
521 and eight aggregation durations (1, 2, 3, 6, 12, 24, 48, and 72 hr). Generally, there is a
522 good temporal correlation between the two data sets for all seasons and durations (me-
523 dian > 0.9). For all seasons, the correlation increases with the aggregation duration. Sum-
524 mer generally exhibits the lowest correlation irrespective of the duration, due to the lo-
525 calized and isolated nature of convective events that are likely to be missed by the rain
526 gauge. The bias and variability scores are given in Appendix A. There is generally a

527 tendency toward overestimation of the data (Figure Ala by the CPC for all seasons (me-
528 dian > 0), again the bias is more pronounced in summer compared to the other seasons.

529 Lastly, the dispersion bias (Figure Alb is generally negative with a median of 5% for all
530 seasons

531 ii) Criteria on extremes

532 Next, we evaluate the ability of CPC to correctly detect extreme precipitation as

533 measured by the gauge. Extremes here are defined as the exceedances of a 2-year return

534 level within the 16 year record. We compute three criteria similar to Panziera et al. (2018).
535 The first criterion measures the bias in extreme precipitation totals. The second crite-

536 rion computes the probability of detecting extremes (POD), i.e., the ability of CPC to

537 classify events as extremes, given that they are also extremes according to the gauge. Lastly,
538 we compute the false alarm ratio (FAR), which measures the rate at which CPC clas-

539 sifies events as extremes when they are not extremes according to the gauge. For a per-

—14—



540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

a) Winter ‘ Spring ‘ b) Winter ‘ Spring ‘
10 1.00
T ==
?TTTT TT B0 TTT1
g 88 ¢ 8
° o 8 0.75
1 o 87 s g 8
i ) I g 8 8¢ $
° o ° 0509 © 8 g ©° o 3 °
° ° ° o o o 8 °
J o ° ° 8
0.6 o 3 ] ° o 4 8 8 o o
]
0.25 0 7
o ©
,_047, S N N S o e ¢ [ [ 11 ||
Summer ‘ Autumn ‘8 Summer ‘ Autumn
$$$$?$ PTTTIN =
° 8
o|lg & ° 3 [ 075
T : o
o o ©° o © .o ° H 8 8
s o 2 % o o 0.50 ; g T
0.6- o & ° o o o | g o .
o o ©° o . e °o o i ° o
o o 0.25{ © © 2 T o
°
°
1 2 3 6 12 24 48 72 1 2 3 6 12 24 48 72 1 2 3 6 12 24 48 72 1 2 3 6 12 24 48 72
Duration (hour) Duration (hour)

Figure 3. Boxplots of linear correlation (a) and probability of detection (POD) (b) for the
four seasons. Each boxplot contains 79 points, 1 point for each pair of rain gauge and the under-

lying CPC pixel.

fect agreement, bias should be equal to 0, POD should be equal to 1, and FAR should
be equal to 0.

Figure 3b shows the seasonal POD scores. The median of the score ranges from
0.7 to 0.99, which means that 70% to 99% of the gauge extreme events are correctly clas-
sified as extremes by the CPC. Again, summer shows the lowest values compared to the
other seasons.The seasonal boxplots of FAR are shown in Appendix A (Figure A2b) and
the median FAR decreases with duration, which shows the agreement improves as the
intensities are aggregated to higher durations. The median of the bias in the extremes
precipitation totals (Figure A2a is less than 5% for all cases. Summer in this case has
the lowest bias but shows the most spread in the case of short durations.

4.1.2 Comparison of return level estimates

In the final phase, we compare the 20-year return level estimates from the two datasets.

We fit EGPD to each dataset and estimate the 20-year return level. Figure 4 shows the
relative bias in the 20-year return level estimates. A positive bias indicates that the CPC
estimates are higher than the gauge estimate. In general, the bias for durations greater
than 6 hr is close to zero. For the 1 hr duration, however, there is a tendency to have
lower estimates with CPC for all seasons, except summer which shows the opposite.

The map of the relative bias, as well as correlation coefficient (r), POD, and bias
in total precipitation (), is shown in Figure A3. It can be observed that in general, there
is no distinct spatial pattern, except for 5, which shows overestimation in the north and
underestimation in the south in all seasons except summer. In addition, three more sta-
tions show a quite large disagreement with the CPC data. They are located at La Dole
(elevation 1669 m), Col Du Grand Saint-Bernard (2472 m), and Séntis (2501 m) in the
west, southwest, and northeast respectively. MeteoSwiss indicates that rain gauge mea-
surements at these stations are subjected to large uncertainties since the stations are not
shielded (e.g. influence of wind and snow drift) (MeteoSwiss, 2023).

In conclusion, the result shown in these sections is aimed at checking how the statis-
tics of CPC data compares with those from the rain gauge and to understand which di-

—15—



568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

Winter Spring

0.50 —t
8 8 o
0.25 3 ° ’J_‘ ° ? 8
o
VN S S R N e SO L
S FTTT T T L
-0.25 °o o
é—o.so 8 R S
E Summer Autumn
é 0.50

T
-
|}@
D_d,
& b

b {} -
{H> a4
@{}m
M{H_m .

-0.25 8

T =g

oo o—ﬂ]—o 000

-0.50

1 6 12 24 72 1 6 12 24 72
Duration (hour)

Figure 4. Boxplots of relative bias in a 20-yr return level estimate for the four seasons. Each

boxplot contains 79 points, 1 point for each pair of rain gauge and the underlying CPC pixel.

rection they take before using the in modeling the IDAF relationships. Despite the no-
ticeable disagreements, there is generally, a good agreement between the two datasets,
given the inherent uncertainties in both databases (gauge versus radar reanalysis). As
mentioned before, although CPC is corrected using the rain gauge data, some differences
remain, mainly due to the nugget effect in the variogram model, the convection control
scheme in summer (Sideris et al., 2014a), and the measurement scale difference between
radar and raingauge. As emphasized in Section 2.2, it is beyond the scope of this study

to develop a new gridded dataset for this topographically complex study area. CPC presents

the only dataset at the sub-daily temporal resolution in the study area, and it brings the
required spatial information needed for modeling IDAF, which cannot be obtained from
rain gauges due to their limited spatial representativity. In the remainder of the article,
only CPC is used to build the IDAF models.

4.2 EGPD parameters as a function of Duration and Area

The purpose of this section is to show the complex relationship that exists between
the EGPD parameters and duration D, and area A. Moreover, it aims to showcase that
the EGPD-IDAF model is flexible enough to adequately capture this complexity.

As an illustration, we focus on a single pixel located at an elevation of 1,351 m in
Adelboden, west of the Bernese Alps (see Figure 1). The estimated EGPD parameters
as a function of D and A for the four seasons are shown in Figure 5. In each panel. the
lines represent the modeled relationship using the EGPD-IDAF model, and the points
show the parameter estimates using the base model. It can be observed from the figure
that there is a clear season-dependent relationship of the parameters with D and A. We
will focus on winter and summer since the other two seasons present behavior in between
the two.

Starting with the top row, the flexibility parameter s that controls the bulk and
lower tail of the distribution shows a clear relationship with both D and A. For large
A, it shows a positive monotonic relationship with D, while for small A, it shows a non-
monotonic relationship, decreasing and then increasing with D. This non-monotonic re-
lationship with D was also observed by Haruna et al. (2023) while modeling IDF curves
in the study area using rain gauge data. Next, looking at the middle row, the scale pa-
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Figure 5. EGPD parameters as a function of duration D and area A at a pixel located in
Adelboden (elevation of 1354 m, see Figure 1), for the four seasons (columns). The first row is
for k(D, A), the second row is for o(D, A), and the last row is for £(D, A). In each panel. the
lines represent the modeled relationship using the EGPD-IDAF model, and the points show the

parameter estimates using the base model. The lines and points are colored by duration.

rameter o decreases with an increase in D for all A in both seasons. It however shows

a non-monotonic relationship with A, which also varies with D. Finally, in the bottom
row, the upper tail shape parameter ¢ shows a season-dependent relationship with D and
A. The strongest relationship is observed in summer, where it decreases with both D
and A. While it shows exponential tail (£ ~ 0) for D > 24 hr irrespective of A, it shows
a heavy tail (¢ > 0.1) for D = 1 hr even at A = 1089 km?. In winter, however, it shows
an exponential tail for all D and A.

We highlight here that the pattern of relationship observed at this pixel location
is not general all over Switzerland, and our aim is just to illustrate the complexity of the
relationship by focusing on this pixel. For instance, for some locations, o can show a positive-
monotonic relationship with A for all D. The shape parameter £ can remain positive for
all D and A in winter, increases with D, or increases with A. This intricate relationship
of the parameters with D and A underscores the difficulty and complexity of modeling
relationships of areal precipitation in topographically complex locations, due to the re-
gional heterogeneity of the rainfall process. Despite this, as seen in Figure 5, the pro-
posed regression models in Equation 6 are flexible enough to capture the observed trends
in the points corresponding to the base model estimates. In the next section, we will present
the results of the goodness of fit of the EGPD-IDAF model at all the pixel locations in
Switzerland.
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vertical axis is cut at zero although negative values exist. The negative values account for less

than 0.06 % of the scores b ) NBias for the four seasons. Each boxplot contains 7,056 by 10

points, 1 point each for a pixel and a spatiotemporal scale (D, A).

4.3 Goodness of fit of the EGPD-IDAF model for extremes

We fitted the 20-parameter EGPD-IDAF at each pixel and for each of the four sea-
sons and assessed the goodness of fit of the model using NRMSE and NBias (see Sec-
tion 3.6). To assess the model’s performance on the extreme values, we computed the
two criteria on extremes only, defined as the exceedances of a 1-year return level. The
normalization allows comparison of the score across intensities of different spatiotempo-
ral scales (D, A). Figure 6 shows the results for the two criteria. In both figures, each
of the four panels shows the score for a given season. The results are shown as a func-
tion of area (A), and so each boxplot contains the results of 7,056 pixels for the 10 ag-
gregation durations of a given A. Figure 6a shows the result for 1 - NRMSE and so the
ideal score is 1. For all seasons, the median of the score is greater than 0.8 and the score
gets better as A increases, possibly because as we aggregate the process over larger spa-
tial domains, the variability decreases and the fit of the model gets better. While the score
is relatively the same across seasons, summer shows slightly lower scores for smaller A
(as seen from the width of the boxplot). These smaller scales in summer largely corre-
spond to those experiencing more intense and skewed rainfall due the convective events.
As such the shape parameter is heavy, and so the fit becomes more difficult. In Figure
6b, the median of the NBias remains close to zero which means that the model does not
consistently overestimate or under-estimate the empirical quantiles. As with the other
score, the variability around zero decreases as A increases.

These two scores show that the model is able to adequately reproduce the areal pre-
cipitation across durations in the study area. It shows good predictive performance as
judged by the NRMSE, and doesn’t show a systematic tendency to overestimate or un-
derestimate the empirical values (NBias).
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Figure 7. Boxplots of the cross-validation criteria for the four seasons. Each boxplot contains
2 x 100 x 40 points for NRMSE _CV and FF ( 2 regional scores (i.e. FFE;? and FFgé)) for
each pair of (D, A), and 40 resamplings). In the case of SPAN20, each boxplot contains 100 x 40

points (1 regional score for each pair of (D, A) and 40 resamplings)

4.4 Comparison of the EGPD-IDAF model with the base model
4.4.1 Cross validation results

The result of the split sampling cross-validation for the comparison of the EGPD-
IDAF model (global model) and the base model is shown in Figure 7. This Figure shows
the three cross-validation scores (NRMSE CV, FF, and SPAN20), one panel for each
criterion. As a reminder, the 20-parameter global model allows the linkage of the EGPD
parameters with duration and area, the base model fits a separate EGPD model to each
of the 100-time series of spatiotemporal scales (D, A). The best model in each case has
a score of 1. Starting with the first panel from the left, NRMSE CV is nearly the same
for both models, which means that both models have the same accuracy in predicting
the whole non-zero precipitation. Next, the FF criterion also shows similar performance
by the two models. A noticeable exception is in summer, where the global model shows
better performance. Hence, according to this criterion, while the models have similar re-
liability in predicting the maximum value, the global model is slightly better in summer.
Finally, SPAN20 shows that a better performance is obtained with the global model for
all seasons compared to the base model. This means that the global model gives a more
stable estimate of a 20-year return level when the calibration sample is changed. Finally,
the heat maps in Figure B1 show the median scores for each (D, A) pair. Poor scores
are typically obtained for short spatiotemporal scales.

In summary, both models have similar reliability in their predictive ability (NRMSE _CV
and FF), however, the global model is more robust in 20-year return level estimations
(SPAN20). The robustness of the global model can be explained by the fact that the model
is trained with much more data (all the 100-time series are pooled in the parameter es-
timation), compared to the base model.

4.4.2 Uncertainty

Since the two models have similar predictive performance, we also go a step fur-
ther to compare the models in terms of their uncertainty estimates. While a good model
should give correct predictions, the uncertainty of the prediction should not be too large.
Figure 8 shows the n95CL ;41 (%)) (Equation 9) of a 50-year return level estimate with
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Figure 8. Boxplots of n95CL;q:n(%) for a 50-year return level estimate using the base model

and the global model. Each boxplot contains 7,056x10 points (7,056 pixels, 10 durations)

both the global and base model. The smaller the score, the better the preciseness of the
model (less uncertainty). Each panel in this Figure shows the result for a given season.
The results are shown as a function of area (A4), and so each boxplot contains the results
of 7,056 pixels for the 10 aggregation durations of a given A. For all seasons, the global
model has the smallest values of the n95CI,;4:, as seen from the median and width of
the boxplots. The lower values of the global model mean less uncertainty compared to
the base model, which can be explained by the fact that the global model is trained with
more data, and this translates to less uncertainty (narrower confidence intervals). Two
more comments can be made from Figure 8. First, for all seasons, the uncertainty de-
creases with A, which can be a result of the smoothing effect due to spatial averaging.
Secondly, some inter-seasonal differences are noticeable, with summer (winter) having
the highest (lowest) uncertainty. A possible explanation is that since more extremes are
observed in summer (especially at sub-daily time scales), the uncertainty is expected to
be larger. For a given return period, the magnitude of the return levels in summer at
the small scale is larger compared to the other seasons, and so will the uncertainty.

To conclude, the results shown so far demonstrate that the modeled EGPD-IDAF
can be used in the study area. It has adequate goodness of fit, is reliable and robust in
prediction, and has relatively low uncertainty in estimation. With this validation, we will
now proceed to showcase examples of IDAF curves constructed from the EGPD-IDAF
model at some pixel locations in the next section.

4.5 IDAF curves

Figure 9 shows an application of the EGPD-IDAF model to build summer IDF and
TAF curves at the pixel located in Adelboden. This pixel has been introduced in Section
4.2 and is shown in Figure 1. Starting with the top row (Figure 9a), IDF curves are shown
in the case of four aggregation areas i.e A = 1, 25, 529, and 1,089 km? (1 column each).
In each column, the colored lines represent the T-year return level estimate using the EGPD-
IDAF model across duration for T' = 2, 10, and 20 years. The corresponding empirical
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Figure 9. Application of the fitted EGPD-IDAF model at a pixel location in Adelboden for
the summer season. The top row (a) shows some IDF curves for four spatial scales (one per col-
umn). The bottom row (b) shows the IAF curves for four temporal scales (one per column). The
lines and the points show the modeled and empirical levels respectively, colored by their return
periods. The colored envelopes are the 95% confidence intervals of the model estimates obtained
by block bootstrap. The 50-year empirical values are not shown due to the short record length of
the data

levels, computed using the Weibull plotting position, are shown by the colored points.

It can be seen that the EGPD-IDAF model correctly predicts the observation as they

are within the 95% CI (shown by the colored envelopes). We also see that the uncertainty
(indicated by the width of the bounds) is higher for shorter durations. Finally, irrespec-
tive of the spatial scale (A), the return levels decrease as the duration increases.

The second row (Figure 9b) shows the IAF curves for four temporal scales, D =
1, 3, 24, and 72 hr. While the model shows an adequate performance for longer dura-
tions (D > 24 hr), the fit is less good in the case of shorter durations, especially for higher
return periods. Looking at the IAF curves for short durations, we see that the return
levels tend to decrease with an increase in the spatial scale. For longer durations, how-
ever, the return levels have nearly the same magnitude (flat TAF curves) irrespective of
the spatial scale. A possible explanation is that at short durations, the rainfall events
are more localized (typical of convective events) and so the magnitude decreases due to
spatial averaging. For longer durations, however, the rainfall is more homogeneous in space
(typical of frontal events), with no significant variations in rainfall intensity, leading to
similar marginal distributions for the considered areal rainfall.

To explore the regional and seasonal variability of the IDAF relationships, Figure
10 shows the autumnal IDF curves (top row) and IAF curves (bottom row) at a loca-
tion in Sion, in the inner valleys, southwestern Switzerland. This location is at a rela-
tively low elevation of 482 m and experiences low-intensity rainfall due to the shielding
effect of the Alps on both sides. Remarkably, the IDF and IAF curves at this pixel lo-
cation exhibit a distinctive behavior, diverging from the conventional trend of decreas-
ing return levels with increasing spatial scales. The IAF curves (bottom row) highlight
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this feature. It can be seen that the IAF curves for 1 hr are nearly flat, and the IAF curves
for D > 24 hr have positive slopes. A plausible explanation of this behavior is that rain-
fall, of short and long duration, is less intense at the pixel location compared to its neigh-

borhood locations, which are at a higher altitude (see Figure 6 to 8 of Panziera et al. (2018)).

As a consequence, more intense rainfall is observed as the rainfall is spatially aggregated
around the pixel location. Figure 1 shows that a spatial window of 1,089 km?, centered
around the pixel (elevation of 480 m), extends well beyond the valley into the Bernese
alpine slopes (elevation up to 2,400 m). This seasonal and regional variability highlights
the complexity of modeling areal precipitation in the study area due to the complex to-
pography.

a) Intensity—Duration—-Frequency (IDF) curves: Sion
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Figure 10. Same as Figure 10 but for autumn at a location in Sion in the Canton of Valais

(see Figure 1).

4.6 Areal rainfall hazard in Switzerland

In this last section, we use the EGPD-IDAF model to assess areal rainfall hazards
in the study area. We investigate the 20-year return level for two spatiotemporal scales,
specifically the scales (D = 1 hr, A = 1 km?) and (D = 24 hr, A = 1,089 km?). The cor-
responding maps of the seasonal 20-year return level are shown in Figure 11a and Fig-
ure 11b respectively. For the scale (D = 1 hr, A = 1 km?), we observe that the highest
return levels occur during the summer months, while the lowest values are observed in
winter. This can be attributed to the prevalence of convective rainfall during summer.
We also see significant regional variability across all seasons, particularly during sum-
mer. The Ticino region in the south of the Alps, the Bernese Alps in the north, and the
Jura Mountains consistently exhibit the highest return levels. Conversely, the inner val-
leys in Valais and Grisson, due to their location between mountains, depict the lowest
values as they are shielded from both directions.

Moving to the scale (D = 24 hr, A = 1,089 km?), we see a shift in the seasonal and
regional variability of the 20-year return level. The black colored square shows the spa-
tial coverage of A = 1,089 km?, centered around a pixel in Adelboden. The map in Fig-
ure 11b shows that the largest values are observed in Ticino, regardless of the season.
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Figure 11. Map of seasonal 20-year return level obtained with the EGPD-IDAF model for
the spatiotemporal scales a) (D = 1 hr, A = 1 km?) and b) (D = 24 hr, A = 1,089 km?). The
black-colored square in b) shows exemplarily the maximum extent of the square window used for

data aggregation, i.e. 1089 km?.

The Ticino region consistently exhibits the highest levels of extreme precipitation in Switzer-

land. In the north of the Alps, the plateau displays lower levels compared to the pre-Alps
(along the Glarus Alps). These results emphasize the influence of spatiotemporal scale
on the seasonality and regional patterns of rainfall hazard in Switzerland. Smaller scales
show a higher hazard during summer, while larger scales demonstrate a higher hazard
during autumn, particularly in the Ticino region. It is important to note that the Ti-
cino region consistently remains at a higher hazard of extreme precipitation, irrespec-
tive of the scale. Conversely, the inner valleys in Valais and Grisson exhibit lower sus-
ceptibility to extreme precipitation events.

In conclusion, this result provides insights into the seasonal and regional patterns
of rainfall hazards in Switzerland, highlighting the importance of considering spatiotem-
poral scales when assessing extreme precipitation hazards. It is important to note that
while this assessment focuses on the hazard of extreme precipitation, it is essential to
consider other factors such as exposure and vulnerabilities at specific locations to fully
evaluate the overall risk.

5 Conclusions

This paper focused on modeling the relationship of extreme precipitation across
duration and area through Intensity-Duration-Frequency (IDAF) curves in Switzerland.
We proposed a novel approach to model IDAF curves, by using all the non-zero (low,
medium, and extremes) precipitation data, instead of only the extremes. To build the
IDAF curves, we used the EGPD as the parametric distribution for the precipitation in-
tensities. The EGPD has the key advantage of adequately modeling the entire distribu-
tion of non-zero precipitation while being compliant with extreme value theory in both
tails. We followed the footsteps of Overeem et al. (2010) to model the IDAF curves through
a data-driven approach. This approach involves modeling the EGPD parameters as a
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function of area and duration, with the form of the relationship being empirically deter-

mined from the data. We used 17 years of data from the radar-reanalysis product, CombiPrecip

(CPC) (Sideris et al., 2014a) to build the EGPD-IDAF model at each pixel location in
the study area.

We used the model to assess areal rainfall hazards for some spatiotemporal scales
in Switzerland. More than any region, the results showed that Ticino, located south of
the Alps, is the most exposed to extreme precipitation for all the scales considered. Over-
all, the result provided insights into the seasonal and regional patterns of rainfall haz-
ards in Switzerland, highlighting the importance of considering multiple spatiotempo-
ral scales when assessing extreme precipitation hazards. We comment here that although
we used the EGPD-IDAF model for areal rainfall hazard assessment, it can be used in
several applications, such as the design of hydraulic structures (Bertini et al., 2020), or
the determination of thresholds for use in early-warning systems (Panziera et al., 2016).
Another potential application is that since the EGPD models the whole distribution of
non-zero precipitation, not only the upper tail, it can be used as a marginal distribution
in stochastic weather generators for areal rainfall generation. The model will provide for
a robust marginal distribution, given the quantity of data used to train it.

Additional results through a point-to-pixel comparison showed that both CPC and
rain gauge data provided similar return level estimates, especially for longer durations.
While this can be seen as a sort of validation of the CPC in extreme value analysis, the
inferred return levels have to be interpreted with caution, mainly due to the limited length
of the data. Notwithstanding, our work still provided a framework for further analysis
in the presence of longer time series, e.g. from simulated series using weather genera-
tors. Another limitation concerning the use of EGPD is that the data has to be tempo-
rally declustered to reduce the serial dependence in the time series. For example, for du-
rations higher than 10 hr (see Section 3.2) the temporal declustering means the data are
taken in blocks. This can undoubtedly lead to the omission of high-intensity events that
might result in the underestimation of the return levels. Potential methods to correct
this have to be explored, since existing methods, to our knowledge, are for annual max-
ima series (e.g. Hershfield, 1962; Blanchet et al., 2016).

Some perspectives for the present work involve using splines to model the relation-
ships in the EGPD-IDAF model rather than regression forms. A possibility is to use Gen-
eralized Additive Models (GAMs) as implemented in Youngman (2020), or its extension
that uses censored likelihood as used in Haruna et al. (2022). While splines can be promis-
ing due to their flexibility, a likely drawback is the enormous computational time required
for inference of the model when using the EGPD, which uses all non-zero data. Our ex-
perience in Haruna et al. (2022) shows that the model requires significant time before
convergence. The problem will be more complicated in this case where 100 time series
is used and for more than 7,000 pixels. Another avenue for further research involves de-
veloping an Areal-Reduction-Factor (ARF)-based IDAF model and comparing it with
the data-driven approach used in this model. While empirical (e.g. Mineo et al., 2018)
and analytical (e.g. De Michele et al., 2001) ARF formulations exist in the literature (see
Svensson & Jones, 2010, for a review), our suggestion is to empirically develop an ARF
model that works in the study area. This is because previous research by Mélése et al.
(2019) showed that in mountainous regions, ARF formulations can exhibit unusual be-
havior (e.g. increasing value of ARF with an increase in Area, or ARF > 1). Further-
more, from an inference point of view, it will be interesting to explicitly account for de-
pendence in the likelihood of the EGPD model (Equation 8). Beyond addressing the po-
tential of likelihood misspecification, it will allow the possibility to estimate the condi-
tional probability of observing an extreme event of a particular spatiotemporal scale, given
that an extreme of another scale has been observed. This kind of information is invalu-
able in practice for risk management and planning.
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Finally, an avenue for further research is to make an objective comparison of the
performance of the EGPD and other distributions, such as GEV or GPD, or the recently
proposed meta-statistical extreme value (MEV) distribution (Marani & Ignaccolo, 2015)
in modeling IDAF relationships. The MEV distribution, in particular, has become in-
creasingly popular in hydrological applications (e.g. Schellander et al., 2019; Griinde-
mann et al., 2023) because it does not require the asymptotic assumption, and it uses
more data compared to GEV and GPD. The evaluation framework and criteria used in
this thesis (see Section 3.7) can be applied to compare these distributions. Additionally,
the criterion proposed by Griindemann et al. (2023) to measure the heaviness of the tail
of the distribution can also be computed. This will allow a thorough evaluation of the
advantages and potential drawbacks of using the EGPD when the interest is only in the
extremes. In any case, the EGPD has an edge over the GPD/GEV/MEV distributions
since it models the entire non-zero precipitation (low, medium, and extremes), while the
latter distributions only model the extremes.

6 Open Research

The CombiPrecip (CPC) data used in this study are freely available from the Swiss
Federal Office of Meteorology and Climatology, MeteoSwiss, and can be freely obtained
from IDAWEB (2023). The software used in this research is freely available as an @ pack-
age Haruna (2023) with GPL-3 license.
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Appendix A Comparison of CPC to raingauge data
The Kling-Gupta Efficiency (KGE) (Kling et al., 2012) is computed from:

KGE=1-\/(r—1) +(8-17+ (7 1)° (A1)

Where r = w is the Pearson correlation coefficient between the CPC
CPC” Gauge
data (icpc ) and the station data (igquge), Cov is the co-variance between the two time
series and o denotes the standard deviation. § = :GC o evaluates the bias between
auge

the two time series, with p being the mean. v = ((ijvcﬂ is the variability ratio, that
auge

is the ratio between the coefficient of variations of the two time series.

a) b) Winter Spring
o

Summer Autumn

=, [
Tl

0.8 0.9

Winter ~ Spring  Summer Autumn 12 3 6 12 24 48 72 12 3 6 12 24 48 72
Seasons Duration (hour)

Figure A1l. a): Boxplots of bias (3) for the four seasons. b): Boxplots of variability ratio
(7) for the four seasons. Each boxplot contains 79 points, 1 point for each pair of gauge and the

underlying CPC pixel.
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Figure A2. a): Boxplots of the bias in extreme precipitation totals for the four seasons. b):
Boxplots of the false alarm ratio (FAR) for the four seasons. Each boxplot contains 79 points, 1
point for each pair of gauges and the underlying CPC pixel.
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Figure A3. Map of Switzerland showing the location of the 79 stations used for compar-

ing CPC against rain gauge time series. The locations shown by the circles are those managed
by MeteoSwiss, while those shown by the triangles are managed by the canton of Lucerne. The
shapes are colored according to the value of the criterion. From top left in clockwise direction:
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855 Appendix B Cross validation criteria for various spatiotemporal scales
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Figure B1l. a): Seasonal heat maps of the median score over 80 values (2 x 40 resamplings)
for various spatiotemporal scales (D, A). Top left: NRMSE CV, top right: the FF criterion.
The bottom panel shows the same maps for the case of SPAN20 over 40 resamplings.
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