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Abstract

The estimation of extreme floods using long continuous simulations is linked to uncertainties which are inherent in dif-
ferent components of the modeling chain. The main objective of this study was to investigate the role of precipitation
input data from a weather generator for extreme flood estimates. A hydrometeorological modeling chain consisting of a
multi-site weather generator (GWEX) at an hourly time scale, a rainfall-runoff model (HBV) and a hydrologic routing
model (RS Minerve), was implemented, using different parameterizations of GWEX. While the sensitivity to the altered
precipitation inputs was not uniform across the selected catchments due to their different physiographic characteristics,
we found that the uncertainty of flood estimates increased with increasing return period. In addition, the flood peaks were
strongly affected when a bootstrapping of precipitation was performed and to a lesser extent when weather types (WT)
were used to condition the parameters of GWEX. However, the latter seemed to reduce the spread of the uncertainty both
in generated precipitation and simulated floods. Therefore, results suggested that precipitation inputs strongly contribute
to the uncertainties of extreme floods. Accounting for uncertainty information enhances the usefulness of long continu-
ous simulations and is essential as a context for applications including hydraulic engineering, spatial planning and safety
assessments.

Keywords Uncertainty estimation - Continuous simulations - Extreme floods - Weather generator

1 Introduction

Floods are high-impact natural hazards that cause loss of
human lives, environmental deterioration, and damage
to infrastructure. To develop effective flood management
strategies and preparedness measures, reliable flood esti-
mates are necessary. Traditionally, floods and their impacts
have been studied through statistical techniques that rely
on historical observations of streamflow and, therefore, on
observed hydrographs. However, the relatively short length
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of the observations limits the robustness of flood estimates
from common extrapolation techniques, especially when
focusing on rare floods. In addition, missing data and
assumptions about the antecedent catchment conditions
lead to insufficient representations of the underlying flood
processes (Boughton and Droop 2003; Winter et al. 2019;
Viviroli et al. 2022; Staudinger et al. 2024). Therefore, esti-
mates of extreme floods are highly uncertain.

To overcome these limitations, a combination of stochas-
tic weather generators (WGs) with hydrological models is
often adopted (Grimaldi et al. 2013; Ullrich et al. 2021),
known as continuous simulation (CS) (Lamb et al. 2016).
Using CS has the advantage that assumptions related to the
antecedent catchment conditions like soil moisture state,
snowpack, as well as storage levels of lakes and reservoirs
can be omitted (Blazkova and Beven 2002; Camici et al.
2011; Viviroli et al. 2022). The reason behind this is that
very long synthetic precipitation time series serve as input
to rainfall-runoff models to generate long time series of
streamflow, pairing a wide range of antecedent conditions
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and precipitation event characteristics. From these time
series of streamflow, flood statistics are extracted. Other
advantages of CS include its applicability to ungauged
catchments (Staudinger et al. 2024) and the ability to link
the flood estimates to the underlying physical processes as
space-time interactions are well captured (Falter et al. 2015).

Although CS has been proven a valuable tool for flood
estimation (Blazkova and Beven 2002; Okoli et al. 2019;
Pathiraja et al. 2012) and has numerous advantages, it is
computationally expensive (Viviroli et al. 2022) and char-
acterized by high complexity, which often leads to limited
applicability in practical context (Grimaldi et al. 2022;
Lamb et al. 2016; Rogger et al. 2012; Winter et al. 2019).
According to Grimaldi et al. (2022) this is mainly attributed
to challenges related to the WGs. Specifically, the authors
highlight the difficulty first, of finding appropriate WGs
for CS approaches, despite the general availability of mod-
els, and second, of effectively implementing WGs due to
their complex conceptual basis and theoretical background.
To this end, the selection of appropriate WGs is subject to
many challenges and is influenced by the context in which
they are employed.

WGs were first introduced in the 1980s (Sohrabi and
Brissette 2021) for hydrological applications (Todorovic
and Woolhiser, 1975; Ailliot et al. 2015), to reproduce the
statistical characteristics of the observational records, usu-
ally precipitation and temperature. Details on different WG
models can be found in Langousis and Kaleris (2014), Ail-
liot et al. (2015) as well as Yin and Chen (2020). While WGs
have been adopted in various fields, a large body of work
pertains to their use for the estimation of floods and their
frequency (Blazkova and Beven 2004; Calver et al. 2009;
Falter et al. 2015; Leander, 2005; Okoli et al. 2019; Win-
ter et al. 2019; Viviroli et al. 2022; Staudinger et al. 2024).
Researchers have also used WGs in climate impact studies
(Khalili et al., 2011; Kilsby et al. 2007; Peleg et al. 2017,
Steinschneider et al. 2019; Ayele et al. 2024; Hawkins &
Sutton, 2011; Moraga et al. 2021, 2022; Najibi et al. 2024;
Sharafati et al. 2020.; Yuan et al. 2021) as well as for down-
scaling purposes (Fatichi et al. 2011; Keller et al. 2015,
2017) or long-term streamflow forecasting (Hwang et al.
2011; Sohrabi and Brissette 2021).

A systematic review of flood frequency analyses using
weather generators can be found in Boughton and Droop
(2003). For example, a combination of a multi-site weather
generator with a hydrological model has been used for flood
estimation by Winter et al. (2019). Specifically, the authors
compared the continuous simulation approach with flood
frequency analysis based on discharge records as well as
a design storm approach for 16 Austrian catchments. They
concluded that the fully continuous modeling approach
gives robust results compared to the design storm approach
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and captures a wide range of runoff volumes. Similarly,
Viviroli et al. (2022) combined a multi-site WG with the
HBYV hydrological model to estimate rare floods in the Aare
River basin. It is noteworthy that in their study, hydrologi-
cal routing is used to implement simplified representations
of main river channels, floodplains, lakes and reservoirs.
The results indicate that overall, CS performs well even for
the estimation of low-probability events, despite uncertain-
ties related to the extrapolation from observations and the
choice of the weather generator.

According to Chen et al. (2016) the effectiveness of a
WG should be assessed through catchment-scale hydro-
logical modeling. This is because precipitation inputs
play a critical role in hydrological modeling and forecast-
ing (Bardossy and Das 2008) and contribute to a certain
degree to the total uncertainty of the modeled results. In
many climate change impact studies, where regional cli-
mate models together with WG and hydrological models
are implemented, the sources of uncertainty are separated
into scenario uncertainty, model uncertainty and stochastic
uncertainty (Hawkins and Sutton 2009, 2011; Moraga et al.,
2022) Similarly, in CS approaches model uncertainty and
stochastic uncertainty are fundamental for understanding
the hydrological response and the reliability of flood esti-
mates. Therefore, many researchers focus on understanding
the role of WGs through different approaches. For example,
Li et al. (2013) thoroughly examined the ability of six dif-
ferent precipitation distribution models to simulate extreme
events in two Canadian catchments. Specifically, the models
performed differently on a daily scale, with three-parameter
precipitation models showing the best performance both
for simulating extreme precipitation and driving the hydro-
logical model. Similarly, Breinl (2016) tested three WGs
of different complexity coupled with a lumped hydrologi-
cal model for two Alpine catchments in Austria and France.
From the hydrological outputs, he concluded that statistical
approaches and long CS performed similarly at a daily scale.
Legrand et al. (2024) assessed the ability of a multisite WG
to produce hydrologically relevant weather scenarios for the
upper Rhoéne, an alpine river where the interplay between
weather variables in both space and time is determinant.
They found that the simulated discharges are in good agree-
ment with the reference ones, provided that the weather sce-
narios are bias-free for precipitation and temperature. These
studies show that WGs have successfully been integrated
in hydrological studies with CS and highlight the impor-
tance of understanding their impact on the overall robust-
ness of the approach.Generally, a large number of studies
have discussed the critical role of uncertainties in long CS
(Blazkova and Beven 2002, 2004; Arnaud et al. 2017; Win-
ter et al. 2019; Beneyto, Aranda, et al., 2023; Beneyto et al.
2023; Vesely et al. 2019; Viviroli et al. 2022; Legrand et al.
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2024) however, only a few of these studies have sufficiently
explored and dealt with the quantification of uncertainties
in different parts of the modeling chain. For instance, Arn-
aud et al. (2017) employed an experimental approach to
estimate the uncertainties of extreme flood quantiles using
an event-based method. Specifically, the authors used a
simulation-based flood frequency analysis approach called
SHYREG to estimate uncertainties from the rainfall gen-
erator and the hydrological model both independently and
combined. When the rainfall generator was taken as the
only source of (parameter) uncertainty, the authors found
that the 2-years, 10-years, 100-years and 1000-years con-
fidence interval amplitude of discharge was, in most of the
cases, two times higher than those of rainfall. Another find-
ing of this study was that the uncertainties of the method
were inversely related to the basin size and the length of the
observational records used for model calibration. A recent
study by Beneyto et al. (2023b) focused on the uncertainties
from the WG only and analyzed how different precipitation
regimes, climate extremality, or catchment characteristics
influence the uncertainty of the flood quantile estimates. The
study showed that the short length of observations is a major
source of uncertainty in estimating high quantiles. It also
highlighted the impact of the § parameter, which controls
the tail of the precipitation distribution, to the overall WG’s
performance and to the uncertainties of discharge quantiles.

Given the above, the literature pertaining to CS sug-
gested that a key source of uncertainty is the one related to
WG parameters estimation, which has shown to be higher
when the length of the observational records used is limited.
Equally important is the uncertainty due to the stochastic
generation process. Conducting multiple runs to gener-
ate precipitation provides different time series, resulting in
varying discharge characteristics. The stochastic nature of
the generation process is usually less evident when first-
order statistical characteristics (such as mean precipita-
tion or the probability of wet days) are examined, while it
becomes more critical when focusing on extreme events
where higher-order statistics are used (e.g., maximum
length of wet spells or the coefficient of variation).

However, none of these studies has focused on the esti-
mation of uncertainties from the WG for very rare events
(i.e., return periods> 1,000 years), as these applications are
computationally demanding and are often applied in a small
number of regions and at small timescales.

In this study we employ a framework of CS with a hydro-
meteorological modeling chain, recently applied by Vivir-
oli et al. (2022), to unravel the uncertainties of simulated
extremes due to the WG (GWEX). Although every part of this
modeling chain has been thoroughly assessed and compared
with other approaches (e.g., asecond independent WG, PMP-
PMF (probable maximum precipitation—probable maximum

flood) estimates, flood enveloping curves), a comprehensive
framework to fully quantify uncertainties was not applied
due to the considerable computational demand (Viviroli et
al. 2022). Following these footsteps, we attempt to expand
this approach towards evaluating the impact of GWEX to
the uncertainties of the extreme flood estimates for several
large Swiss catchments (>450 km?) with a wide range of
physiographic characteristics. We do so by conducting two
experiments: (a) we apply a bootstrapping of precipitation
observations from which we get an ensemble of 10 mem-
bers which are used to parameterized GWEX. The Extended
Generalized Pareto Distribution (EGPD) which is used in
GWEX has a heavy tail which includes inherent uncertain-
ties and can lead to highly variable simulated precipitation
intensities if modified. With the 10 ensemble members we
succeeded different GWEX parameterizations that have
different distribution tails. Accounting for the sensitivity
of the tail behavior is crucial when modeling floods with
large return periods (Papalexiou et al. 2013). Then, we (b)
condition specific parameters of GWEX to weather types.
Ultimately, we use the generated precipitation from (a) and
(b) to run hydrological simulations and compare with the
reference scenarios, when GWEX was parameterized based
on the observations. This wide range of precipitation inten-
sities allows us to assess the uncertainties of extreme flood
estimates due to the GWEX.

2 Study catchments and data

We considered nine Swiss catchments that cover a wide
range of physiographic characteristics. Switzerland is char-
acterized by a complex topography with two mountain
ranges (Alps and Jura) and the Central Plateau (Horton
et al., 2022). The Alps are influenced by different climate
contexts, often with a marked difference between northern
and southern part (Schmocker-Fackel and Naef 2010a).
The study catchments are located in different regions and
characterized by high variability of meteorological and geo-
morphological conditions, with small-scale climate patterns
(Schmocker-Fackel and Naef 2010a). There are consider-
able differences in precipitation and temperature, which
in the Alps, according to Schmocker-Fackel and Naef
(2010b), can be pronounced even in valleys that are close
to each other and between valleys and mountain ridges.
As a result, flood events of different magnitude and char-
acteristics are expected. A classification scheme by Diezig
and Weingartner (2007) and Sikorska et al. (2015) distin-
guishes six major flood types based on data from nine Swiss
catchments. Those are flash floods, short-rainfall floods,
long-rainfall floods, rain-on-snow floods, snowmelt floods
and glacier-melt floods. With our catchment selection, we
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Table 1 Properties of the study catchments sorted by decreasing area

River Gauging site Area Mean Gla-  Regime
(km?) elevation cieri- type®
(ma.s.l.) sation
(%)
Aare Bern, Schonau 2965 1584 7.65 ng
Aare Thun 2459 1739 922 ng
Thur Andelfingen 1702 773 0 ps
Maggia Locarno, 927 1534 047  npm
Solduno
Sarine Broc, Chateau 636 1501 0.49  ndt
d’en bas
Inn S-Chanf 616 2460 7.89  bgn
Thur Jonschwil, 493 1026 0 nppa
Miihlau
Kander Hondrich 493 1846 6.69 ng
Kleine Emmen 478 1058 0 nppa
Emme

#Runoff regime type according to Weingartner and Aschwanden
(1992), ng: nivo-glaciaire, ps: pluvial superieur, npm: nivo-pluvial
méridional, ndt: nival de transition, bgn: b-glacio-nival, nppa: nivo-
pluvial pre-alpin

covered most of these flood types. Besides this, we consid-
ered the catchment size as another key factor for hydrologi-
cal response times and flood generation mechanisms. The
area of the selected catchments varied from 478 km? to
almost 3,000 km?, with mean elevations from 773 m a.s.l. to
2,460 m a.s.l. (see Table 1 for details).

Furthermore, for 4 out of the 9 catchments there was a
need for hydrological routing because they are regulated,
namely for the Aare (at Bern and at Thun), Inn (at S-Chanf),
Thur (at Thur Adelfingen) and Maggia (at Locarno) river
basins (Fig. 1 with green color). It must be noted that many
catchments in Switzerland are subject to human-induced
changes that strongly influence the natural flow. In our case,
this especially concerns the Aare and Maggia river basins.
In the Aare river basin, there are two pre-alpine, artificially
managed, natural lakes (lakes Briez and Thun) (Viviroli
et al. 2022) and a relatively flat floodplain (Zischg et al.

Fig. 1 Map of Switzerland with the
four large river basins, from which
green color depicts the sub-catch-
ments used for routing and orange
color the selected large catchments
that are only modeled with HBV

2018). Besides this, several hydropower dams located in the
headwaters of the Aare River play a critical role in altering
streamflow (Wiiest et al. 2007.; Viviroli et al. 2022). In the
Maggia river basin, several operating rules related to res-
ervoirs strongly influence the natural flow conditions. Spe-
cifically, there are eight hydropower reservoirs (Sambuco,
Z6tt, Robiei, Peccia, Cavagnoli, Sfundau, Naret, Palagne-
dra) in the uppermost part of the Maggia catchment. Those
are considered in the hydrological routing model, which
allows us to include the corresponding regulation schemes
for our estimates. Overall, the Aare, Inn, Thur and Maggia
river basins are subdivided into 18, 8, 5 and 4 sub-catch-
ments, respectively, which have an area between 18.7 and
1085 km?. The remaining 4 catchments Kander, Kleine
Emme, Thur (Jonschwil), and Sarine were not divided into
sub-catchments. Rather, each was treated as one single unit
by the hydrological model.

For this application, precipitation and temperature data
were obtained from weather stations in Switzerland and
neighboring countries. The Swiss station network is operated
by MeteoSwiss, whereas stations in the neighboring coun-
tries are operated by several national and regional agencies.
The meteorological datasets for precipitation comprised
1176 stations, of which 500 are located within Switzer-
land. The remaining 673 stations operate in the neighboring
countries Austria, Italy, France and Germany. The obser-
vations were available in daily resolution for the period
1930-2019. The period 1930-1989 included only daily
continuous records, whereas for 1990-2019 hourly records
are available. The hourly records were used to disaggregate
precipitation from daily to hourly as in Viviroli et al. (2022).
Temperature observations were available in daily resolution
at 26 stations (1930-2019) and in hourly resolution at 65
stations (1990-2019). For the calibration and evaluation of
the hydrological model, hourly discharge observations were
available for the stations operating at the study catchments
from the Federal Office for the Environment. The record

2 hur Andelfinge
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length ranges between 6 and 96 years for the period 1923—
2019 and the median record length is 45 years.

3 Methods

The proposed framework relies on a hydrometeorologi-
cal modeling chain with long CS and has previously been
used in the EXAR (Extreme flood events on the River Aare)
project for hazard assessment (Andres et al., 2021; Viviroli
et al. 2022). The approach consists of three main steps: (1)
stochastic generation of weather scenarios (2) hydrological
modeling (3) hydrological routing (Fig. 2). Within this frame-
work, we want to understand how flood estimates depend on
the parametrization of the WG. To do so, we conduct (a) an
analysis of the precipitation scenarios at the stations (b) a
bootstrapping experiment of precipitation observations used
to generate mean areal precipitation, (c) a weather-typed
conditioning of specific GWEX parameters and finally (d)
a correlation analysis to unravel the importance of different
factors to the uncertainty of flood estimates. Thus, in the
following, we describe in detail the weather generator, the
hydrological model, the hydrologic routing and then the dif-
ferent experiments considered to assess the effect of the WG
parametrization on flood estimates.

3.1 Weather generator

GWEX is a stand-alone WG, first introduced by Evin et
al. in 2018 and further developed and adapted since then.
Here, it is considered a key component firstly because of
its suitability for extreme precipitation events and secondly
because it has been previously used as a basis for hydrologi-
cal modeling and hazard assessment in the Aare river basin
(Viviroli et al. 2022). It is a multi-site, two-part stochas-
tic weather generator, which provides long simulations of

precipitation and temperature preserving the statistical char-
acteristics of the observations. In this study, GWEX relies
on daily observed weather from 1930 to 2019 to produce
outputs for all study catchments. Following the structure
of Wilks (1998), precipitation occurrence at a single site is
simulated by a two-state Markov-chain. The spatial struc-
ture of occurrences is modeled by an unobserved Gaussian
process. To adequately simulate the wide range of positive
(non-zero) precipitation intensities, the marginal distribu-
tion is based on the extended Generalized Pareto (GP) Type
I distribution (E-GPD) (Naveau et al. 2016). Generally,
GP distributions have been widely used in hydrological
applications (for details see Langousis et al. 2016). EGPD
was first introduced by Papastathopoulos and Tawn (2013)
due to its suitability to describe the behavior of the upper
tail, linked with high rainfall intensities. Thus, the full spec-
trum of precipitation intensities is modeled without the need
for threshold selection (Evin et al. 2018; Haruna et al., 2021;
Naveau et al. 2016). The cumulative distribution (CDF) is
given by

F(z) = P(X< 2)=G {Hg (g)] (1)

where X is the random variable representing the positive
daily precipitation intensity according to the EGPD distri-
bution. The transformation function G is the CDF that pro-
vides a smooth transition between both upper and lower
tail of the distribution, which is compliant with the extreme
value theory and

-1
1 () = { e, [¢ iycro o

with o, =max(a,0). Here, the function G is defined as:

Conditioning the precipitation
parameters based on a
classification of 4 different

weather types (WT)
Observations GWEX HBV RS Minerve Statistical analysis
* g Weather Types
Precipitati . . . :
recipitation an ¢ Weather scenarios Hydrological Hydrological Uncertainty
Temperature p) Reference X . S
& 1930-2019 CI 30,000 years Modeling routing estimation

Bootstrapping

An ensemble of 10

precipitation members is
generated based on different
EGPD parametrizations

Fig. 2 Schematic illustration of the framework of long continuous simulations and the experiments conducted
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Gv)=v" 3)
Therefore, the model is given by:
xX K
Fo) = [ (2)]

The model has a three-parameter set {x, &, o}, estimated for
every station: k>0 controlling the lower tail, £>0 control-
ling the upper tail and 6>0 being the scale parameter. The
shape parameter & is estimated based on advanced region-
alization methods (Evin et al. 2016; Haruna et al., 2021).
The estimation of the remaining parameters of the marginal
distribution relies on the maximum likelihood method.
The spatial and temporal dependencies of the precipitation
intensities are modeled simultaneously by a first-order mul-
tivariate autoregressive model. To account for the seasonal-
ity of precipitation intensity parameters are estimated based
on a 3-month window. Thus, we have a set of parameters
for every month, leading to a total number of twelve sets
of parameters. Furthermore, the at-site tail dependence of
extremes, as well as the innovations in the generation pro-
cess, are described by a Student copula. The outputs of the
weather generator are finally disaggregated to hourly scale
based on hourly observations from 1990 to 2019 using the
method of analogs (or method of fragments). These analogs
are the days that are similar in terms of season and class
of intensity (Evin et al. 2018, 2019; Staudinger et al. 2024;
Viviroli et al. 2022). Thus, a selection of analog days is
made by comparing the daily precipitation field of each day
in the target simulation period with the daily precipitation
field in the period 1990-2019 (for which we have hourly
historical at-site records). A precipitation field consists of
several stations within a specific radius so that the spatial
and temporal structures are preserved. Using a distance cri-
terion for comparison root mean square error, the 100 best
analogs are retained for each day. Then, for every day in the
simulation period the hourly values of the best analog day
are used. Finally, the length of the modeled time series used
in this study is 30,000 years at an hourly resolution. Further
details about GWEX and the disaggregation can be found in
Evin et al. (2018, 2019).

3.2 Hydrological modeling

HBV is a semi-distributed precipitation-runoff model for
continuous runoff simulations (Bergstrom 1992; Seibert and
Bergstrom 2022). The main reasons why HBV was used in
this study were that (a) it has extensively been used in flood
studies and proven to be a suitable modeling tool in Swit-
zerland (Horton et al., 2021; Viviroli et al. 2022), (b) it well
represents the variability of hydrometeorological regimes
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found in the alpine environment (Horton et al., 2021) and
the complex snow processes, (c) it can efficiently be used
for long continuous simulations (Viviroli et al. 2022) and
(d) it does not require an excessive amount of inputs.

Here, the model was applied at an hourly time step, using
the HBV-96 parametrization, which introduces a non-linear
response function in the upper zone (Lindstrom et al. 1997).
The sub-catchments are separated into different elevation
zones (Seibert and Vis 2012). Long time series of mean areal
precipitation (MAP) and mean areal temperature (MAT)
from the WG serve as inputs to simulate catchment runoff.
To represent the underlying physical processes, the standard
version of the model consists of four major routines:

e The snow routine, where a degree-day method is used to
simulate snow accumulation and snowmelt.

e The soil moisture routine, where the split between actual
evaporation and groundwater recharge depends on the
continuously simulated water storage.

e The groundwater routine, where simulated runoff is a
function of groundwater storage.

e The routing routine where the streamflow routing in the
catchment is based on a triangular weighting function.

For glaciated catchments, a glacier routine has recently been
integrated (Seibert et al. 2018). In our study, the routine was
used for catchments with a glacier coverage of 1% or higher.
The four main routines entail 11 parameters that were cali-
brated while the glacier routine adds another 2 parameters.
We use a 10-year warm-up period to initialize the model’s
storages (Seibert and Vis 2012).

The model calibration was based on a genetic algo-
rithm (Seibert 2000) where the first step is to generate an
optimized parameter set by selecting and recombining ini-
tial, randomly selected parameter sets. We accounted for
parameter uncertainty by calibrating every sub-catchment
100 times. From this ensemble of 100 parameter sets, three
parameter sets were identified that represent a low, inter-
mediate and high range of simulated floods, respectively,
based on a percentile approach first introduced by Sikor-
ska-Senoner et al. (2020) and then applied by Viviroli et al.
(2022). The three representative parameter sets were used to
run the full modeling chain for the reference scenarios and
the two experiments, but due to the high computational cost
of the simulations, only the median parameter set was used
for further comparisons. To assess the performance of the
parameter sets, the Kling-Gupta efficiency with extra weight
on higher flows (50-80% percentiles) was used. Lastly, for
the regionalization of 25 ungauged sub-catchments, 33 cali-
brated sub-catchments were used as donors for parameter
transfer. Following Kauzlaric et al. (2021), the calibrated
sub-catchments were clustered using the runoff regime as a
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discriminant and two donor sub-catchments were selected
for every ungauged catchment minimizing the Euclidean
distance in the sub-catchments’ attribute space and transfer-
ring 50 randomly selected parameter sets from each donor.

3.3 Hydrological routing

RS Minerve is a semi-distributed model that simulates the
free surface run-off and its propagation (Garcia Hernandez
et al. 2020). Like HBV, RS Minerve has been widely used
in Switzerland because of its suitability to include not only
hydrological processes but also represent complex hydraulic
networks (Horton et al., 2022; Viviroli et al. 2022; Sharma
et al., 2021). For example, it has been implemented in the
Valais for real-time flood forecasting (Garcia Hernandez et
al. 2014) as well as for comparison with a long short-term
memory model (Frank et al. 2023). The main function per-
formed here was to route discharge according to the config-
uration of the river network and the flow time estimated by
the aid of hydraulic simulations, as well as monitor the flow
at relevant nodes of the main river reaches. In our study, RS
Minerve was further used to implement lake retention and
(where relevant) lake regulation, reservoir operation and
floodplain retention.

3.4 Experimental set-up

Our experimental set-up focuses on the weather generator
which is the first component of the modeling chain. In this
study, GWEX was used to generate precipitation time series
at hourly resolution and multiple sites. Specifically, it was
first parameterized based on the observational records avail-
able for the whole 1930-2019 period to generate 30 pre-
cipitation scenarios of 1,000 years. Those are the reference
scenarios. To explore the impact of GWEX on flood esti-
mates, it was subjected to different experiments (described
in detail in Sect. 3.4.1 and 3.4.2) while the other two com-
ponents (HBV and RS Minerve) remained unchanged. This
experimental framework allows us to identify only the
uncertainty from different parameterizations of the weather
generator and understand how precipitation uncertainty
translates in the discharge quantiles. The reference scenarios
serve as a basis for the comparison with both experiments.
To do so, we used criteria such as the standard deviation
(Eq. 5), coefficient of variation (Eq. 6), confidence interval
amplitude (Eq. 7) as well as the relative change of means
(Eq. 8) for both precipitation and discharge maxima values:

S O Gl w? (5)

where N is the size of the population, x; each value of the
population (here precipitation or discharge) and p the popu-
lation mean and.

cov =2
’ ©

CIA — 995% — 45% )

450%

where qgso,, Qs0, and s, the corresponding quantiles of
discharge and precipitation.

RC = Yexperiment — Yreference % 100

®)

Yreference

where y is the mean precipitation or discharge for a given
return period.

3.4.1 Experiment 1

The first experiment relied on a resampling of precipitation
observations with replacement (bootstrapping) to produce
the database used for the estimation of GWEX parameters.
The approach has been widely used in hydrological studies.
The bootstrapping was applied by splitting the precipitation
time series into blocks of 7 days which are then randomly
resampled. The reason behind the selection of a 7-day
period is the importance of preserving the spatial and tem-
poral correlation of the values while randomly resampling.
As a result, for every station, we have 1,000 resamples with
equal likelihood to occur. To keep the computational cost
manageable, an ensemble of 10 resamples was randomly
selected for each station. The dates assigned to every boot-
strapped sample were identical for each station. Then, long
time series of MAP were computed for each of the ensemble
members, as described in Sect. 3.1. While the methodology
for the generation of MAP remains the same, the parameters
of the EGPD distribution that models the marginal distribu-
tion of positive precipitation intensities at the gauges vary
from member to member. To this end, GWEX was fitted and
run with those 10 sets of new EGPD parameters. In this way,
we use equiprobable scenarios to assess the uncertainty of
the simulated flood peaks in response to the stochastic pre-
cipitation variability, which according to Paschalis et al.
(2014) is a strong advantage compared to studies where
only observations are used. Therefore, simulations were
performed for every ensemble member and areas with large
precipitation differences were found.
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Table 2 Description of the CAP9 WT as given in Weusthoff (2011),

grouped into four types as used in this study (CAP4)

WT1 [4] East indifferent [5] High Pressure over the
Alps [8] High Pressure over Central Europe

WT2 [1] NorthEast, indifferent [6] North, cyclonic

WT3 [2] West-SouthWest, cyclonic [3] Westerly
flow over Northern Europe

[7] West-SouthWest, cyclonic [9] Westerly
flow over Southern Europe, cyclonic

WT4

3.4.2 Experiment 2

Generally, WGs can be designed to be conditioned on WT,
meaning that the parameters are estimated separately for
specific weather patterns or types. WGs often model precip-
itation based on wet and dry days. Thus, every day belongs
to a given WT. Since precipitation is governed by various
atmospheric processes and can be highly spatially vari-
able, conditioning the parameters of GWEX to the WT can
enhance the physical interpretation by discerning recurrent
dynamical patterns for every region. In addition, it can shed
light on the different characteristics of observed precipita-
tion as well as the spatiotemporal correlations between sites
(Stucki et al. 2012).

For this second experiment, 4 WTs were considered. The
4 WTs were derived from the CAP9 weather-type classifi-
cation introduced by MeteoSwiss (Weusthoff 2011). CAP9
stems from a principal component analysis of ERA40
reanalysis (Uppala et al. 2005) based on mean sea level
pressure and includes the following WTs: (1) NorthEast,
indifferent (2) West-SouthWest, cyclonic, flat pressure (3)
Westerly flow over Northern Europe (4) East, indifferent (5)
High Pressure over the Alps (6) North, cyclonic, (7) West-
SouthWest, cyclonic (8) Pressure over Central Europe (9)
Westerly flow over Southern Europe, cyclonic. In the pres-
ent work, 4 WTs were considered instead of the 9 original
ones to reduce the computational demand and ensure robust
fitting. The 4 WTs have been defined by grouping these 9
WTs (as summarized in Table 1) thanks to hierarchical clus-
tering analysis.

In the present work, not all GWEX parameters were con-
ditional on WT. Conditional parameters are those control-
ling at-site occurrence processes and multisite occurrence as
well as intensity dependency. For their estimation all days
of the observational period are first assigned to a weather
type based on information about the atmospheric condi-
tions. GWEX parameters for a given WT are then estimated
from the observations (of both precipitation and tempera-
ture) of all days available to this WT. Parameters are also
estimated on a monthly basis. For every region, there are
thus in total 48 parameter sets estimated, corresponding to 4
weather types for every month (Table 2).
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Fig. 3 Coefficient of variation of the maximum simulated hourly pre-
cipitation for the 10 ensemble members with different parameteriza-
tions. The light red areas indicate the four large river basins (Aare-
Bern, Inn, Maggia, Thur) with routing using RS Minerve. Coordinates
are given in the Swiss projection system (CH1903/LV03)

4 Results
4.1 Station-based analysis

For the individual stations, we analyzed the maximum
hourly precipitation from the bootstrapped scenarios (10
ensemble members). The coefficient of variation of the 10
values obtained from the 10 ensemble members was calcu-
lated for the highest precipitation event observed. As shown
in Fig. 3, higher values occurred in the Maggia region and
lower values in the Aare, Inn and Thur. Specifically, in the
Maggia region, most of the coefficients of variation of pre-
cipitation were higher than 0.4, and two of them exceeded
the maximum calculated value which equals 1. While for
the remaining three regions the number of stations taken
into account for the interpolation to mean areal precipitation
is higher, only one station showed a coefficient of variation
between 0.4 and 0.6 (Thur region). This finding indicates
that higher uncertainties in the precipitation inputs occurred
in the Maggia region. This clear difference is due to a com-
bination of reasons. First, the highest precipitation amounts
were found in the observations in this region. High, as well
as extremely high precipitation values in Ticino could be
explained by the climatology of the region which is affected
by the warm air masses which flow from south to the north
and experience orographic uplift in the Alps. In combination
with the less dense station network, several challenges arise
in estimating heavy precipitation and therefore the estimates
are subject to considerable uncertainties (Frei and Fuku-
tome 2022). Thus, the robust estimation of the parameters
of GWEX becomes challenging as well and this translates
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to high coefficients of variation for the high precipitation
events.

4.2 Experiment 1: bootstrapping - EGPD
parameterization

In this paragraph, we analyze the results of the hydrome-
teorological modeling chain for our test catchments. As
has been found in previous studies with CS, varying the
parameters of different components can affect the flood
estimates in a very wide range. In our first experiment, we
used 10 different ensemble members of the mean areal pre-
cipitation aiming to assess their impact on the hydrological
outputs. The annual maximum flood (AMF) has been cal-
culated for every catchment and plotted as one exceedance
curve (of 30,000 years), in a Gumbel plot, with 11 colored
lines representing the 10 bootstrapped ensemble mem-
bers (Fig. 4) and the reference member. From Fig. 4 two
key findings emerged. First, a larger spread among the 10
ensemble members occurs for higher return periods for all
catchments, indicating increasing uncertainty. Second, the
impact of different GWEX parameterizations on the AMF is
highly variable among the test catchments due to the differ-
ent physiographic characteristics. For example, the Maggia

catchment stands out as particularly sensitive to changes
in precipitation scenarios as the spread of the exceedance
curves begins widening already in the range of 100 to 1,000
years return period. Specifically, beyond the 100-year return
period there is an exponential increase in the simulated
floods. These outcomes for the Maggia catchment are in line
with our prior station-based analysis, where extreme pre-
cipitation events were found in many stations of the region.

Unlike the Maggia, there are catchments like the Aare
(both at Bern and at Thun) that show less sensitivity to pre-
cipitation inputs. In this case, the 10 ensemble members
provide a relatively small range of uncertainty for estimates
corresponding to return periods of 10,000 years. This could
be attributed to the presence of two regulated lakes, Lake
Thun and Lake Brienz, that can to some extent act as a buf-
fer to high precipitation events, attenuating flood discharge.
Thus, the dispersion between the ensemble members is not
evident even for higher return periods, and the overall esti-
mates could be considered robust. Little sensitivity to varia-
tions has also been found for the Kander, which is a partly
glaciated catchment. Since it is a pre-alpine catchment,
characterized by a glacio-nival regime, rain-on-snow events
are also expected. Moreover, snow cover contributes to the
runoff generation mechanisms and might be the reason why
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Fig.4 Exceedance plots of AMF from 30’000 years of continuous simulation for the 9 large test catchments. The simulated flood peaks are based
on the ensemble of 10 bootstrapped estimates (E1-E10) and the reference scenarios of the GWEX (REF.), shown as 11 lines with different colors
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precipitation changes did not strongly affect the simulated
extreme floods and uncertainty remained relatively small
even for high return periods. The coefficients of variation
for different selected return periods in our test catchments
are displayed in Fig. 5. From the heatmap, higher return
periods show larger coefficients of variation, indicating that
the flood estimates are spread out over a wider range, thus
reflecting higher uncertainty.

In an extension of the presented exceedance plots, we
further split the 30,000 years of precipitation generated
into 30 scenarios of 1,000 years. Thus, we focused on flood
estimates of a maximum return period of 1,000 years using
the 30 estimates that correspond to a given return period
and aim to understand the statistical correlation between the
precipitation changes and the simulated peaks. Results of
this uncertainty analysis are shown for three example catch-
ments in Fig. 6. The violin plots illustrate the distribution of
the relative differences in mean precipitation (upper panels)
and discharge (lower panels) for three selected return peri-
ods: 100 years, 300 years, and 1,000 years. The plots show
that for the 100-year return period the relative differences
are generally lower. The values are concentrated around the
mean and the shape of the violin is approaching the nor-
mal distribution. The opposite behavior is depicted for the
1,000-year return period, where the differences are compa-
rably higher, and the spread is larger. In this case, the vio-
lins are pointier. Thus, the lower return periods were linked
to smaller differences in mean return level estimates and
smaller spreads. In addition, the violin plots show that 100-
year and 300-year estimates are more robust since there are
no big outliers compared to the 1,000-year estimates. The
fact that the same pattern occurs for both precipitation and
discharge provides evidence that the variations of precipita-
tion have a critical impact on the simulated flood estimates

Fig. 5 Heatmap of coefficients of

variation (a measure for the range 30000-
of flood estimates) for 9 large test
catchments for return periods of o
100, 300, 1,000, 10,000 and 30,000 & 10000-
years. The coefficients of variation 2
are derived from the ensemble of -
the 10 different bootstrapped mem- 2 1000-
bers (and including the reference g
scenarios) g
E 300-
100-
& &
2 @
Aol v@‘
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and suggests that precipitation is the dominant driver of dif-
ferences for selected catchments.

From the results we conclude that there is an amplifica-
tion of the relative changes from precipitation to discharge,
which are more profound for Thur and Maggia and smaller
for Kleine Emme. For instance, for the Thur catchment pos-
itive relative changes corresponding to the 300-years return
period can reach up to 20%. This is translated to relative
changes in discharge as high as 35% for the same return
period. The same pattern is shown for the Maggia. There
the relative changes for the 300-year return period range
between —30% and 20% for precipitation and are translated
to a range of -50-60% in simulated discharge. It is worth
mentioning that the relative changes of discharge are almost
2.5 times higher than those of precipitation. Specifically, for
precipitation relative changes are between —70% and 60%,
which is then amplified to between —120% and 150% in
simulated discharge. The results from Kleine Emme lead to
similar conclusions.

The findings are in line with further analyses conducted
for this experiment, where the relative changes between the
reference scenarios and the ensemble members were com-
puted. Figure 7 shows the variability of the ensemble mem-
bers for precipitation (upper panel) and discharge (lower
panel) for the corresponding return periods, for one example
catchment (Maggia). From the boxplots, the most obvious
finding that emerges is that the 1,000-year return period
estimates exhibit the highest number of outliers. The results
confirm that the higher the variations in precipitation input,
the more prominent the variations in simulated discharge.
Therefore, the less frequent events are associated with a
higher degree of uncertainty. Interestingly, there is a simi-
larity in the pattern of relative changes of annual maximum
precipitation (AMP) and annual maximum flood (AMF).
This means that when high relative changes occurred in
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Fig. 6 Violin plots of the changes in mean precipitation (upper pan-
els) and discharge (lower panels) between the reference scenarios and
the 10 ensemble members. The mean has been estimated from the 30

precipitation for a given ensemble member, the very mem-
ber demonstrated also high relative changes in AMF. This
general tendency is found in all our study catchments
(not shown), but the order of magnitude of the estimated
changes depends on the physiographic characteristics of
the catchments. Thus, for some catchments, the changes in
precipitation were found to be striking and associated with
notable impact on the simulated extremes, while for others
these variations were not strong enough or did not provide
substantial differences in simulated extremes as shown in
Fig. 4.

4.3 Experiment 2: weather-type conditioning (WTC)

In the second experiment we utilized a classification based
on different WT to parameterize the weather generator.
Again, a differentiated response of the individual catch-
ments was found in the results. Figure 8 presents Q-Q plots
for three example catchments based on the AMFs simulated
by the weather-typed conditioned GWEX (y-axis) and the
reference scenarios GWEX scenarios (x-axis). The quantiles
of the weather-type conditioned scenarios tend to diverge
markedly from the 1:1 line for the Maggia catchment,
whereas for the Thur and Kleine Emme catchments, the
deviation is less pronounced. Specifically, for the Thur only
small differences from the reference scenarios’ quantiles

scenarios of 1,000 years. The differences are shown for 100-year, 300-
year and 1,000-year return periods for the Thur (Andelfingen), Maggia
and Kleine Emme catchments

occur for values lower than 1,500 m%/s, which approxi-
mately corresponds to a return period of 100 years. Above
that point, the divergence is stronger, and the weather-type
conditioned AMF tends to be slightly lower. For the Kle-
ine Emme, the results indicate that the distribution of AMF
derived using the reference member is similar to the dis-
tribution derived from the weather-type conditioned ver-
sion of GWEX. Also, differences are limited for most of the
other study catchments. On the contrary, a notable impact
was found for the Maggia catchment. This could be attrib-
uted to a combination of factors that affect the estimation of
GWEX parameters. First, the density of the station network
is smaller compared to the other study regions and at the
same time precipitation observations show a large number
of extremes. Then, the classification of the data based on
weather patterns and atmospheric conditions means that the
number of days used for the estimation of GWEX param-
eters is reduced as a result of the grouping and that affects
the statistical characteristics of simulated precipitation.
Similarly, as presented in the previous section, we split
the simulated discharge into 30 scenarios of 1,000 years.
The same example catchments are used to illustrate the dif-
ference between confidence intervals associated with the
reference and the weather-type conditioned scenarios. Fig-
ure 9 shows the 99% confidence intervals (upper panels) of
AMF. Generally, an asymptotic behavior towards extreme
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Fig. 7 Boxplots of relative changes

Relative changes for the Maggia catchment
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frequencies can be seen. The simulated peaks are compared
with extrapolations from the Federal Office for the Environ-
ment FOEN (Baumgartner et al. 2013) and show relatively
good agreement for Thur and Maggia. However, for the
Kleine Emme, there is a systematic underestimation of flood
peaks both from the reference scenarios and the weather-
type version. This is most likely caused by the challenges
related to the generation of synthetic precipitation time
series with GWEX in the comparatively small catchment
of the Kleine Emme (478 km?). Small-scale weather pat-
terns like thunderstorms play a key role in this catchment
and are most likely not captured adequately by the current
weather generator which is designed for large catchments.
To quantify the information on confidence intervals and bet-
ter understand the impact of the weather type classification
on the simulated peaks, the ratio between a 90% confidence
interval and the median values is used as a criterion (con-
fidence interval amplitude). The confidence interval ampli-
tudes shown in the lower panels of Fig. 9 indicate a reduced
uncertainty of the simulated flood peaks for the Maggia for
all return periods when the weather types were used, com-
pared to the reference scenarios. For the Thur and Kleine
Emme there are no marked differences for the 100-year
and 300-year return periods while for the 1,000-year return
period, there is a small increase when the weather-type clas-
sification is applied, which might be attributed to a more
realistic representation of some extreme precipitation events
and corresponding floods.

Then, we compared AMP and AMF and calculated the
relative differences. There was a clear variation in the rela-
tive differences for all example catchments (Fig. 10). While
the relative changes in precipitation and discharge seem to

be of a similar order of magnitude, for higher return periods
they are increasing and characterized by more outliers. Most
of the boxplots for the different return periods indicate a neg-
ative median, suggesting that the weather-type condition-
ing overall constrains the upper bound of extremes for our
study catchments. However, positive relative changes up to
25% occur for precipitation values of Kleine Emme, prob-
ably attributed to the challenges related to the generation of
precipitation scenarios for this catchment as mentioned fur-
ther above. Nonetheless, weather-type conditioning seems
to have a beneficial effect, as the data are grouped based
on physical processes and therefore a wider range of events
may be well represented. Again, the results suggest that the
relative changes in AMF, although not very strong, follow
the changes observed in AMP for all return periods.

5 Discussion
5.1 Extreme peak flows

Uncertainties in simulated extreme floods displayed pro-
nounced heterogeneity among the test catchments. We found
that certain catchments showed distinctly higher uncertainty
than others. Most estimations from CS are in good agree-
ment with observations, occasionally showing slightly
higher or lower values, which was to be expected due to
the different physiographic characteristics and availabil-
ity of observational data. Estimates of extreme floods still
include considerable uncertainties, for which we unravel
the effect of precipitation variability. Notably, the tail of the
precipitation distribution has a key role in the frequency and
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Fig. 9 Exceedance plots of the 99% confidence interval of the AMF
from 30,000 years of CS for (a) Thur (Andelfingen) (b) Maggia and
(¢) Kleine Emme. Grey and pink colors correspond to results from the
reference and weather-type conditioned scenarios, respectively. Green
corresponds to simulation with disaggregated meteorology. Black
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points indicate the five highest observed peak flows (Baumgartner
et al. 2013). Blue points are the extrapolation of peak flow records
according to Federal Office of Environment (FOEN) with confidence
interval (Baumgartner et al. 2013). The lower panels (d, e, f) show the
comparison of the confidence interval amplitude (CIA) criterion
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Fig. 10 Boxplots of relative changes of AMP (left panel) and AMF (right panel) between the reference and weather-type conditioned scenarios for

100-year, 300-year, and 1,000-year return periods, for 3 study catchments

magnitude of extreme events (Papalexiou et al. 2013) and
has been suggested to govern the distribution of flood peaks.
In a recent study by MacDonald et al. (2024), a stochastic
weather generator was used to produce long time series of
precipitation further used as input to a hydrological model.
The authors used rainfall observations from a station in
Germany and varied the & parameter, which describes the
heaviness of the tail of the distribution, while keeping the
scale and lower shape parameters as fitted. In this way, the
authors studied the effect of different degrees of extremality
on the flood peak distribution. The main conclusion of their
study is that beyond a certain return period the tail of the
rainfall distribution is the dominant factor of the tail of the
flood peak distribution. In our approach, we account for the
effect of precipitation distribution with our first experiment,
where a bootstrapping approach is applied. Varying only the
& parameter might be interesting because of its critical role
on the tail behavior, but in this study all three EGPD param-
eters {K, &, o} have been varied together to achieve a robust
fitting at each station. To this end, sampling precipitation
with the bootstrapping approach helps us identify differ-
ent possible degrees of extremality and at the same time a
wide range of uncertainty in the synthetic precipitation time
series, which is then reflected in flood estimates.

In Ticino, we simulated exceptionally high peak dis-
charges, explained by the high generated precipitation inten-
sities. Studies by Frei et al. (2000) and Jasper et al. (2002)
have highlighted the challenges related to the remarkably
high precipitation amounts in the given region and that even
small errors in precipitation amounts can lead to impor-
tant errors in the simulated runoff. In addition, Haruna et
al. (2021) compared different regionalization methods to
improve at-site estimates of daily precipitation for all sta-
tions in Switzerland based on different criteria. The authors
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found the highest 100-year precipitation estimates at the
stations of Ticino, for all seasons. Since these exceptional
events are the basis for the parameterization of the weather
generator for the reference scenarios as well as for the dif-
ferent experiments applied, the uncertainties that are inher-
ent propagate to the flood estimates. The underestimation of
peak discharge found for the Kleine Emme is probably due
to the relatively small basin size which is related to small-
scale precipitation patterns that are hard to model using
the current set-up of GWEX. Our results are in agreement
with Paschalis et al. (2014), who used a weather genera-
tor in combination with a hydrological model to understand
the influence of small-scale space-time rainfall variability
on flood response. The authors found that Kleine Emme’s
flood response is considerably linked with small-scale rain-
fall variability. However, overall, it should be kept in mind
that a direct comparison of long CS estimates with observa-
tions is not feasible for events of very low probability due to
the limited length of the observation records.

5.2 Limitations

One limitation to be considered in our first experiment is
the number of ensemble members. Generally, bootstrap-
ping methods rely on random sampling with replacement
to reproduce many samples that help to compute confi-
dence intervals. A large sample of bootstrapped members
(for example 1,000) would lead to statistically robust results
and would probably give us a larger range of unexplored
events. However, we used an ensemble of 10 members of
synthetic precipitation only due to the high computational
demand that our methodology requires. Furthermore,
regarding the classification based on WT, one limitation
is that only the parameters controlling the temporal and
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inter-site correlations of precipitation occurrence and inten-
sity are conditioned. Conditioning the EGPD parameters to
the WT would improve our understanding of its effect, but
so far it has been challenging to implement. The reason is
that conditioning parameters to weather types means that
we group the values and thus reduce the amount of informa-
tion available to extract statistics. Therefore, some groups
may include large observed values to which the parameters
are very sensitive. Probably, longer time series would help
to obtain robust estimates. Lastly, long CS are computation-
ally expensive due to the combination of different models of
different complexity.

5.3 Uncertainties

CSs are subject to different sources of uncertainties since
they combine different methodological approaches and
models (Grimaldi et al. 2013; Winter et al. 2019). In this
study, we focused on selected uncertainties related to the
WG. A more comprehensive framework for computing the
uncertainties would be difficult due to computational con-
straints and the involvement of many parameters that would
exponentially increase the complexity. However, the sug-
gested framework focuses on elements that are considered
sensitive and were expected to lead to marked changes.
Regarding the WG, previous studies have shown that it
is a stand-alone application able to reproduce precipitation
extremes in large river basins (Evin et al. 2019; Haruna et
al., 2021; Viviroli et al. 2022). Here, we quantify itscontri-
bution to the total uncertainty of the flood estimates based
on two experiments dealing with parameter uncertainty.
In a recent study, Moraga et al. (2022)combined regional
climate model outputs with a weather generator and a dis-
tributed hydrological model to quantify the uncertainties
in streamflow projections. They found that for the Kleine
Emme and Thur catchments, extreme high flows are char-
acterized by very large uncertainty due to stochastic uncer-
tainty and which would be persistent even if perfect climate
models were used. These findings support our findings for
the Kleine Emme, where the GWEX realizations are not in
good agreement with the disaggregated observations due to
the small scale precipitation patterns that are likely not well
captured. This highlights the importance of stochasticity in
smaller scales (Addor et al. 2014; Fatichi et al. 2011; Mor-
aga et al., 2022; Peleg et al. 2017) It should be mentioned
here that the short length of the observational data as well
as the variability in length between the stations in a region
can affect the reliability of the simulated precipitation. In
addition, precipitation measurement errors are inherent and
cannot be avoided. Furthermore, realistic temporal disag-
gregation from daily to hourly values can be particularly
challenging in regions such as the Ticino due to the specific

characteristics of precipitation and measurement series
and therefore can also influence the results shifting these
towards higher or lower estimates (see Maloku et al. 2023).
Additionally, the selection of the length of the scenarios
is critical when estimating uncertainties. In this study, we
estimated the uncertainties first by using one time series of
30,000 years and then by using the same time series but split
into 30 scenarios of 1,000 years. This means that floods that
were initially assigned to high return levels were then dis-
tributed to smaller return levels and thus, the uncertainty
assigned to these return levels was increased. This is dis-
cussed in detail and visually depicted in Blazkova et al.
(2017), where 100,000 years long time series are plotted
on a Gumbel plot for different combinations of scenarios.
While the effect of this sampling uncertainty is inherent in
our results, this is also an assumption that comes with the
proposed methodology of long CS and cannot be avoided.
Other important uncertainties stem from hydrological mod-
eling. For example, the choice of the hydrological model
itself plays a key role as well as the structural uncertainty
and parameter uncertainty (Viviroli et al. 2009; Arnaud et
al. 2017; Sikorska and Renard 2017; Winter et al. 2019;
Sikorska-Senoner et al. 2020; Horton et al., 2022; Viviroli et
al. 2022). Here, we have accounted for hydrological param-
eter uncertainty with the three representative parameter sets
(see Sect. 3.2) that present a prediction interval (Sikorska-
Senoner et al. 2020; Staudinger et al. 2024; Viviroli et al.
2022) and that are used to run the routing model. The differ-
ences in these sets was mostly evident for high return levels.
Here, we present the results of the median parameter set,
as this seems sufficient for focusing on the uncertainty due
to the WG inputs. However, we acknowledge that param-
eter uncertainty can be constrained due to the equifinality
(Beven 20006). In addition, uncertainty in the hydrological
model may come from structural uncertainties. A previous
study by Addor et al. (2014) implemented a modeling chain
to quantify uncertainties in future hydrological regimes in
Swiss catchments and showed that the uncertainty in hydro-
logical models can be the dominant source of uncertainty for
Alpine catchments, where snow and ice melt processes are
crucial. In contrast, uncertainties for lower elevation catch-
ments were mainly driven by climate model uncertainty and
natural climate variability. Thus, this is to be expected in our
study as the test catchments have different physiographic
characteristics and have shown different responses to the
changes in precipitation inputs.

5.4 Explanatory factors
Various factors influence the uncertainties that were previ-

ously discussed and thus, the confidence interval amplitude
(CIA) of the extreme flood estimates (Fig. 11). For the sake
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Fig. 11 Correlation scatter plots for six selected explanatory factors that contribute to the confidence interval amplitude (CIA) of the reference

scenarios, calculated for the 1,000-year return period

of simplicity, we examined the CIA calculated based on
the reference scenarios, for a return period of 1,000 years
for all test catchments. As expected, the higher the number
of stations available, the higher the amount of information
related to precipitation, and thus more robust estimates were
given. Similarly, we calculated the mean length of all station
records per catchment and found a negative correlation with
the uncertainty of the flood estimates. This was in line with
our findings and explains a well-documented challenge in
hydrology (Winter et al. 2019; Viviroli et al. 2022; Beneyto
et al. 2023b; MacDonald et al. 2024), which links the limi-
tations in the reliability of extreme flood estimates with
the length of observational records. Furthermore, we con-
sidered the catchment size as another critical explanatory
factor of flood variability, as it has been widely suggested
in the literature (see e.g. Perdios and Langousis 2020), but
also for the uncertainty of the flood estimates. The results
demonstrated a clear negative correlation between CIA and
catchment size. This finding is explained by the fact that
the WG has been developed with a focus on large catch-
ments, where small-scale precipitation patterns are not as
important in the flood generation mechanism compared
to smaller catchments (Arnaud et al. 2017). In addition,
in larger catchments a bigger number of precipitation sta-
tions are considered in the generation process which leads
to more robust precipitation estimates. Notably, the ratio of
discharge corresponding to 1,000 years return period to 100
years respectively is significantly positively correlated with
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the CIA. This result shows that uncertainties are higher for
catchments that show a strong increase of flood peaks with
increasing return period. Moreover, we found no apprecia-
ble correlation between CIA and the mean catchment eleva-
tion. While mean annual precipitation is positively related
to CIA, the p-value does not indicate a statistically signifi-
cant correlation. Altogether, these results suggest that there
is an association between CIA and most of the correspond-
ing factors shown in Fig. 11, which highlights the variety of
different sources that contribute to the uncertainties of our
hydrometeorological modeling chain.

6 Conclusions

In this study we proposed a framework for extreme flood
estimation based on long CSs. We focused on the uncertain-
ties in meteorological input data since it is one of the most
important sources of uncertainties in flood estimation. We
used synthetic precipitation scenarios from a WG param-
eterized on the observations as a benchmark scenario. We
first investigated the uncertainties induced by the variability
of precipitation (bootstrapping experiment) and then com-
pared the reference scenarios with the weather-typed con-
ditioned scenarios. In this way, we explored a plethora of
unobserved but plausible floods that are critical for flood
risk management. One of the main conclusions of our study
is that uncertainties in precipitation and flood estimates tend
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to rise with increasing return period. While this is not sur-
prising as a fact, we were able to gain quantitative insight
into the uncertainties and their causes. Regarding the boot-
strapping experiment, results demonstrated that most of our
test catchments proved to be sensitive when different WG
parameterizations were implemented. Thus, uncertainties in
AMF were following the patterns of uncertainties of AMP.
Often, the uncertainties due to precipitation were amplified
after applying the hydrological model and hydrologic rout-
ing. This highlights the importance of reliable precipitation
input data when focusing on extreme floods, since highly
uncertain precipitation can lead to even more uncertain
flood estimates. In addition, the uncertainties were lower
for a higher number of stations available in the generation
process and for larger catchment sizes. Despite not using a
specific sensitivity or uncertainty framework, the compari-
son of the results itself helps identify uncertainties from the
WG and unravel the sensitivity to selected elements. These
insights are very valuable for interpretation of the results.
Future work will target the impact of the hydrological model
structure on the extreme flood estimates. The proposed
methodology could be applied to other regions as well,
however with due care regarding the scale of catchments
considered and the factors examined here that contribute to
the robustness and reliability of the results. The results of
this analysis add important context to studies related to haz-
ard assessment, safety analyses, and hydraulic engineering
projects.
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