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Abstract. Many observed time series of precipitation and streamflow show heavy tail behaviour. For heavy-tailed distributions,
the occurrence of extreme events has a higher probability than for distributions with an exponentially receding tail. If we neglect
heavy tail behaviour we might underestimat > - -ely observed, high-impact events. Robust estimation of upper tail behaviour is
often hindered by the limited length of observational records. Using long time series and a better understanding of the relevant
process controls can help with achieving more robust tail estimations. Here, a simulation-based approach is used to analyse
the effect of precipitation and runoff generation characteristics on the upper tail of flood peak distributions. Long, synthetic
precipitation time series with different tail behaviour are produced by a stochastic weather generator. These are used to force a
conceptual rainfall-runoff model. In addition, catchment characteristics linked to a threshold process in the runoff generation
are varied between model runs. We characterize the upper tail behaviour of the simulated precipitation and discharge time series
with the shape parameter of the Generalized Extreme Value distribution (GEV). Our analysis shows that runoff generation can
strongly modulate the tail behaviour of flood peak distributions. In particular, threshold processes in the runoff generation
lead to heavier tails. Beyond a certain return period, the influence of catchment processes decreases and the tail of the rainfall
distribution asymptotically governs the tail of the flood peak distribution. Beyond which return period this is the case depends
on the catchment storage in relation to the mean annual rainfall amount. We conclude that, for return periods that are mostly of

interest to flood risk management, runoff generation is often a more pronounced con ! of flood heavy tails than precipitation.

1 Introduction

Many observed streamflow and precipitation time series exhibit heavy-tailed distributions (Bernardara et al., 2008; Farquharson
et al., 1992; Smith et al., 2018; Villarini et al., 2011). For these distributions, the upper tail decreases slower than exponen-
tially, leading to a higher occurrence probability of extremes (El Adlouni et al., 2008; Papalexiou and Koutsoyiannis, 2013).
If we underestimate the tail heaviness of a distribution, we might get caught by surprise when an extreme event happens.
Surprising floods can result in malign and devastating consequences (Merz et al., 2015). The flood in the Ahr Valley in the
West of Germany in 2021 is a recent example of a surprising flood with severe consequences. The distribution based on sys-

tematically recorded flows which was used to derive flood hazard maps was nearly light-tailed, whereas considering historical


Note
the occurrence of

Note
Can such an important conclusion be drawn based on simulation results only? I doubt. Be reasonable.
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floods suggests the distribution to be extremely heavy-tailed (Vorogushyn et al., 2022). Understanding the processes related to
precipitation and catchment response which result in heavy-tailed flood peak distributions is required for better estimating the
tail behaviour in view of limited flood records.

Different indices exist for quantifying tail behaviour (Wietzke et al., 2020). In hydro-meteorological studies, the most fre-
quently used indices are the shape parameter of the Generalized Extreme Value (GEV) distribution (e.g. Morrison and Smith,
2002) and the shape parameter of the Generalized Pareto (GP) distribution (e.g. Coles, 2001). The GEV distribution is the
asymptotic distribution of independent block maxima according to the Fisher-Tippett-theorem (Fisher and Tippett, 1928). It is
therefore widely accepted as the suitable distribution for annual maximum series. On the contrary, the GP distribution is used
for peaks-over-threshold approaches. GEV and GP distributions with shape parameters larger than zero are heavy-tailed (El
Adlouni et al., 2008). Other indices which are used for characterizing tail heaviness are e.g. skewness (McCuen and Smith,
2008) and upper tail ratio (Lu et al., 2017). In contrast to the shape parameters, these are not linked to the formal definition of
tail heaviness in relation to an exponentially receding tail (Wietzke et al., 2020).

Estimating the upper tail behaviour of observed time series can be associated with high uncertainties and is highly sensitive
to the largest few events (Merz and Bloschl, 2009). Often, we only have observed time series of limited length available. While
tail behaviour is an asymptotic property from a statistical perspective, in hydrological practice it is usually inferred from pre-
asymptotic properties and for finite return periods (Merz et al., 2022). More robust estimations of upper tail behaviour can be
achieved through longer time series, such as can be generated using simulatior irthermore, understanding controls of heavy
tail behaviour can improve the estimation of extreme floods and their exceedance probabilities, even for limited time series
lengths.

Several studies on the potential controls of heavy tail behaviour and related characteristics of flood peak distributions exist
(Merz et al., 2022). While some studies used data-based approaches (e.g. Macdonald et al., 2022; Thorarinsdottir et al., 2018;
Villarini and Smith, 2010), others used model-based approaches (e.g. Struthers and Sivapalan, 2007; Rogger et al., 2013).
Many of the previous studies focused on the effect of single processes on the tail behaviour of flood peak distributions and
only few studies took a broader, multivariate approach (e.g. Macdonald et al., 2022; Thorarinsdottir et al., 2018). Furthermore,
many studies did not specifically analyse flood tail indicators, but considered for example the entire flood frequency curve (e.g.
Struthers and Sivapalan, 2007; Rogger et al., 2013) or flood skewness (McCuen and Smith, 2008; Merz and Bloschl, 2009).

Given the high relevance of rainfall characteristics for flood peak distributions, it seems likely that the heavy tail of a flood
peak distribution is inherited from a heavy-tailed rainfall distribution. However, data-based analyses (McCuen and Smith, 2008)
and derived flood frequency analyses (Gottschalk and Weingartner, 1998) found that (almost) identical rainfall distributions
can result in very different upper tail behaviour of flood peak distributions. While we cannot directly transfer the GEV shape
parameter from rainfall to flood peak distributions, rainfall still has an important role: in his analytical analysis, Gaume (2006)
states that “the shape of the flood peak distribution is asymptotically controlled by the rainfall statistical properties, given
limited and reasonable assumptions concerning the rainfall-runoff process”. A similar assumption is the basis of the GRADEX
method which is used in practice, e.g. in France (Naghettini et al., 2012). The method assumes that beyond a certain return

period, the upper tail of a flood peak distribution is the same as the upper tail of the rainfall distribution (Naghettini et al.,


Note
Should attempts based on historical or paleofloods or regional flood frequency analyses not be mentioned here ? See for instance the attempts by Gaume et al (2010, http://dx.doi.org/10.1016/j.jhydrol.2010.01.008) for instance or the subsequent papers (https://doi.org/10.1016/j.jhydrol.2016.01.017, https://doi.org/10.1016/j.jhydrol.2013.09.058), not suffiicently considered in my opinion  :=)

Note
Figure 7 of the paper Gaume et al. (2010) shows a clear evidence of heavy observed tails, based on a regional set of ungauged extreme in the Cevennes-Vivarais region in the South of France, a region frequently affected by severe flash floods. This illustration could be mentioned here.


60

65

70

75

80

85

90

https://doi.org/10.5194/hess-2023-186 Hydrology and
Preprint. Discussion started: 31 July 2023 Earth System
(© Author(s) 2023. CC BY 4.0 License. Sciences

Discussions
By

2012). While in the GRADEX method, this return period is usually assumed to be between 10 and 50 years (Naghettini et al.,
2012), Gaume (2006) estimates it to be beyond 500 years. Merz et al. (2022) state in their review study on heavy tails that
runoff generation processes strongly modulate tail behaviour of streamflow — but only up to a certain return period — and that
for very high return periods the flood tail tends to be dominated by the rainfall tail. They conclude that the relevant question is
where this “threshold return period” lies and how it varies between catchments.

The stronger variation in flood peak tail behaviour compared to rainfall tail behaviour has been linked to varying distribu-
tions of runoff coefficients (Gottschalk and Weingartner, 1998) or more general to catchment and runoff generation processes
(McCuen and Smith, 2008; Merz et al., 2022). Similarly, Macdonald et al. (2022) found in a data-based approach for 480
German and Austrian catchments that variables describing the catchment response dominate flood peak tail behaviour. Heavy-
tailed flood peak distributions emerge especially when there are distinct differences in the catchment response between small
and large flood events (Macdonald et al., 2022). Basso et al. (2015) linked heavy-tailed streamflow distributions to enhanced
nonlinearities in the catchment response. Such nonlinearities can originate from the switching between runoff mechanisms or
the activation of additional flow paths (Viglione et al., 2009), or from temporal or spatial variability in hydraulic properties and
in the river network morphology (Basso et al., 2015). Along this line, Basso et al. (2023) suggest that the recession behaviour
related to the flow network organization on the one side and daily flow variability related to the interplay of precipitation vol-
ume and storage capacity of the catchment on the other side control the occurrence of an inflection point in the flood frequency
curve (FFC). Such inflection points or step changes in FFCs have been linked in several studies to threshold processes and
the switching between dominant runoff mechanisms (Kusumastuti et al., 2007; Rogger et al., 2012; Struthers and Sivapalan,
2007). The return period of step changes has been found to be similar to the average recurrence interval of years when storage
thresholds are exceeded and saturation excess is triggered (Rogger et al., 2013; Struthers and Sivapalan, 2007). While those
studies linked threshold processes in the runoff generation to step changes in FFCs, the effect of such threshold processes on
the tail behaviour of flood peak distributions has not yet been studied.

Based on the previous studies it appears that both precipitation and runoff generation properties are of relevance for the
tail behaviour of flood peak distributions. The data-based studies which found a dominant effect of the catchment response on
flood-peak tail behaviour are based on time series of up to 70 years (Macdonald et al., 2022; Basso et al., 2015). Merz et al.
(2022) and Gaume (2006) suggest that the rainfall tail starts to dominate the flood peak tail for very high return periods. Even
in studies where a dominant effect of the runoff generation was found, the rainfall might take over the dominant role eventually
— if longer time series were available, which is seldom the case for observed time series.

The highly uncertain estimation of the upper tail behaviour given the typical length of observations can be improved by
using longer time series and by better understanding the processes that control the tail behaviour. For both aspects using a
modelling approach is beneficin! With a hydrological model, longer time series of discharge can be derived which can then
be used for statistical analyses. ... addition, we can define and extract information about all relevant flood processes that lead
to a certain tail behaviour. Modelling approaches have been used e.g. for analysing the effects of seasonality (Sivapalan et al.,

2005), threshold processes (Rogger et al., 2012; Struthers and Sivapalan, 2007), and drainage density (Pallard et al., 2009) on


Note
Yes and no : modelling approaches are flexible and help testing hypotheses, but models are not the reality. It can hardly been argued that models may realsitically represent extreme events on which they could not be calibrated or even tested...
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flood frequency curves. However, none of these studies analysed the interplay of rainfall properties and threshold processes
governing runoff generation.

Previous studies suggest that runoff generatior . rcesses strongly modulate tail behaviour of streamflow — but only up to a
certain return period (e.g. Merz et al., 2022). Beyond this threshold return period the flood peak distribution is assumed to be
governed entirely by the rainfall distribution. Here, we aim to analyse where such a threshold return period lies and how it varies
with catchment characteristics. As we expect the threshold return period to be potentially beyond 500 years (Gaume, 2006), but
often we do not have such long time series available, we are also interested in processes that govern flood peak tail behaviour
for smaller return periods. In this regard, we analyse whether nonlinear runoff generation that is caused by threshold processes
leads to heavy-tailed flood peak distributions. To address these questions, we use a simulation-based approach deploying a
weather generator and a rainfall-runoff model. With these, long time series of precipitation and streamflow can be generated

and their tail behaviour subsequently assessed.

2 Methods

Using a stochastic weather generator and a conceptual, spatially-lumped rainfall-runoff model, we generate discharge times
series (Fig. 1). This is followed by frequency analyses of the simulated precipitation and discharge time series, and an analysis
of the respective upper tail behaviour. Different model set-ups are designed to address the research questions. To this end, the
model is run on a synthetic catchment so that all model parameters can be varied freely within plausible ranges and as is found

to be most valuable for the analyses.
2.1 Simulation model chain

The first part of the simulation model chain is a stochastic multi-site, multi-variate weather generator which is set up based on
observational data from stations in Germany (Hundecha et al., 2009; Nguyen et al., 2021). It is used to generate time series
of precipitation P, temperature 7" and potential evapotranspiration PET as input for the rainfall-runoff model. The generated
time series are based on observational data from the weather station in Bamberg (DWD, 2022). It is one of the stations with
the longest available records of both daily and hourly data in Germany. For each configuration of the weather generator, 100
realisations of 60 years are generated with a daily resolution. Ten different configurations of the weather generator are produced
to generate P time series with different tail behaviours. An extended Pareto distribution is fitted to the observed P data. While
the scale and the lower shape parameter remain as fitted, the upper shape parameter of the distribution is varied systematically
by multiplying it with a factor between 0.2 and 2.0. The time series of T and PET are not changed.

As the rainfall-runoff model is run on a small catchment, the temporal resolution of the input data needs to be higher than
daily. A non-parametric Method-of-Fragments (MOF) based method is applied to disaggregate the daily weather variables into
hourly scale (Sharma and Srikanthan, 2006). The MOF algorithm redistributes the daily value by borrowing hourly fragments
from historical at-site records based on the k-nearest neighbour method. The seasonality-conditioned MOF, as described by

Guan et al. (2023), is used to disaggregate P and T. As hourly PET records are not available, the fragments for PET daily-to-


Note
Already said before. Reorganise slightly the introduction to avoid repetitions...
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Figure 1. Sketch of the simulation model chain. Using a weather generator, time series of precipitation, temperature and potential evapotran-
spiration are generated, which then feed into a conceptual rainfall-runoff model. From the simulated precipitation and discharge time series,

annual maximum series are derived and their tail behaviour quantified.

hourly disaggregation are assigned as 0.9 for day times (12 hours, from 6 AM to 17 PM) and 0.1 for night time (from 18 PM
to 5 AM).

The second part of the simulation model chain is a lumped conceptual rainfall-runoff model following the structure of the
HBYV model (R-package TUWmodel; Parajka et al., 2007). It consists of a snow, a soil moisture, a response and a routing
routine with a total of 15 model parameters (Fig. 2). The model is run in a lumped way on a single synthetic catchment. Given
the size of the catchment of 50 km?, we assume homogeneous conditions throughout the catchment and a catchment response
time at an hourly scale. This way, sub-catchment and routing processes should not affect the results.

The rainfall-runoff model is forced by the disaggregated output of the weather generator. The time series of T and PET are
averaged to one year of data with diurnal and seasonal patterns which is then repeated 6000 (1111 :s (mean annual T = 9°C, annual
PET sum = 817.8 mm). This minimizes confounding effects of T and PET on the discharge generation between different years
and model runs. The P time series are shifted to three different levels to represent dry, medium and wet conditions that are
typical in Germany. For this, the time series are multiplied with a factor of 0.9, 1.25 and 1.6 to have a mean annual P of 565
mm, 784 mm and 1004 mm, respectively. To characterize tail heaviness, we fit GEV distributions to the resulting P series. All
P series of 60 years with GEV shape parameters greater than 0.37 === excluded. These are shape parameters well outside the

observed range in Germany, where a maximum of 0.33 was estima.cu for time series of at least 75 years of daily precipitation


Note
I do not understand why T and PET had to be averaged. This limits the possible variability of antecedent soil moisture conditions.

Note
This procedure, with exclusion of too large shape parameter values is unclear... GEV is fitted to 3 series ? Why is that necessary since the multiplication does only affect the position and sclae parameter of the GEV ? Why are the P series of 60 years with large estimated shape parameters excluded ? The shape parameter is also generated and known. Too large values can be exclude prior to the generation of the random 60 years series... Clarify and simplify this methodological part.
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Figure 2. Schematic structure of the rainfall-runoff model TUWmodel (Parajka et al., 2007), which is a spatially lumped conceptual model

following the structure of HBV.

(Vorogushyn et al., submitted). This way, 300 time series are excluded and the remaining 700 series of 60 years are grouped
based on their shape parameters and combined to seven 6000-year long time 's. The first year of each time series is used
as a warm-up period for the model, i.e. it is doubled and later removed a

For addressing the effect of nonlinearity in the runoff generation, we focus on the exceedance of the storage capacity of
an upper subsurface storage Ly as a threshold process. Its exceedance triggers an additional and faster runoff component
qo (see Fig. 2). The model parameters most relevant for the exceedance of this storage capacity are found through a hybrid
local-global sensitivity analysis which evaluates local sensitivity at several places throughout the parameter space (Melsen and
Guse, 2021; Rakovec et al., 2014). Three parameters which physically cannot affect the storage exceedance are excluded from
the sensitivity analysis (ky, Bmax, Croute; see Fig. 2). The remaining twelve parameters are varied between a low and a high

value each, and with these parameter combinations the model is run for three years with the same P series as input for all

runs. The parameters which are found to be least relevant as they each explain less than 3 % of the variation in the storage


Note
Why are the shape parameters varied and the resulting series finally combined ? This is not logical. The simplest method would have consisted in generating 6000 years series with 3 contrasted shape parameter values. 

Note
This last detail is not necessary...
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exceedance are subsequently fixed. In a second iteration, the remaining six parameters are varied between five values each.
The aim of the second iteration is to evaluate which parameters are most relevant when the majority of parameters is already
fixed to their final values. The parameters which combined explain at least 80 % of the variation in the exceedance of the
storage capacity are taken as the relevant ones. These are then varied across their respective reasonable ranges for different
model runs. Reasonable ranges are based on Parajka et al. (2007) with an adaption from the daily to the hourly timescale for
all time-dependent parameters (i.e. DDF, kg, ki, k2, Cpgrc, Bmax and Croute). The remaining parameters are kept fixed in
all model runs. They are set based on values from Merz et al. (2011) who reported average parameter values based on model
calibrations for 273 Austrian catchments. Again, time-dependent paran -.C s have to be adapted from the daily to the hourly
scale. All parameter values and ranges are listed in Table Al.

For each model run, the output consists of the simulated discharge time series Q along with the time series of the very fast

runoff component gy, and the respective model parameters and precipitation time series which were used in the model run.
2.2 Analysis of the simulated time series

For all time series of P and Q the annual maxima are derived. For P this is done for different durations, namely 1h, 2h, 3h, 6h,
and 12h. For each annual maximum of Q, it is derived whether the very fast runoff component qq contributed to the peak, i.e.
whether or not the storage capacity Lyz was exceeded (see Fig. 2). GEV distributions are fitted to the annual maximum series
(AMS) of P and Q using L-moments. Different time series lengths (60 to 6000 years) are used for fitting GEV ributions to
see how this affects the tail behaviour and its controls.

To examine threshold return periods beyond which the flood peak distribution is governed entirely by the rainfall distribution,
the two distributions are evaluated on log-log-plots. On such a plot, it is assumed that beyond the threshold return period the
slope of the distribution of Q is the same as the slope of the distribution of P over the duration of the concentration time of
the catchment (Gaume, 200( - 7o evaluate the identity of slopes on a log-log-plot, local slopes of the logarithmic values of
the annual maxima of Q and P against their return periods are estimated. For this, locally estimated scatterplot smoothing
(LOESS) is first applied to the annual maxima (see an example in Fig. 3), as otherwise even small irregularities in the curves
could strongly affect the threshold return period. Based on the smoothed curves, slopes are estimated for neighbouring pairs of
points.

To check which duration of P is best in line with the concentration time of the catchment, the differences between slopes
of P and Q are estimated for model runs for “impervious” catchments and for different durations of P, namely 1h, 2h, 3h, 6h
and 12h. The catchment in a model run is considered to be impervious when both the maximum soil moisture storage FC and
the limit of the upper subsurface storage Ly are set to 1 mm. The duration of P for which the sum of differences between the
slopes of P an is lowest best represents the concentration time of the catchment and is used for the subsequent analyses
(denoted Py;).

In theory, the difference between the slopes of curves which run in parallel is zero. However, the differences between the
slopes of P and Q are hardly ever exactly zero, even though they are based on smoothed curves. Therefore, a buffer around zero

is defined based on the differences between the slopes of P, and Q estimated for model runs on impervious catchments (i.e. FC


Note
Was it really necessary to add complexity running the model at hourly time scale to conduct this sensitivity analysis based on rainfall-runoff simulation. I am not convinced...

Note
The length of the series used for the fitting have an influence on the estimation uncertainties, but not on the tail behavior. I do not understand the usefulness of working with short simulated series. The authors try to adress two very different questions namely : 1) the resulting shape of the annual peak discharge distribution and 2) the evaluation of this shape based on a sample of limited size and the role of sampling variability. Be more accurate about the objectives of the poroposed approach. Moreover, the generated peak discharge series are not necessarily distributed according to a GEV law. Computing a corresponding GEV shape parameter reduces drastically the information content of the simulation results....

Note
This is not what I said in the 2006 paper. The equivalence of slope is the hypotehsis on which the gradex is based. I did demonstrate that this hypothesis was unfounded and that the distribution of Q converges asymptotically towards the distribution of P (i.e. when both are expressed in the same units) because generally the runoff coefficient tends towards 1 for extreme events.

Note
For an impervious watershed the distribution of Q is the same as the distribution of P over the time of concentration of the watershed (cite the rational formula). Of course again this holds is both are expressed in the same unit (mm/h for instance).
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Figure 3. (a) Frequency curves of flood peaks (Q) and 6-hour precipitation maxima (Pey) on a log-log plot for one exemplary simulation run.
Locally estimated scatterplot smoothing (LOESS) is applied and the slope between each pair of points is estimated. (b) Difference between
the slopes b of Pg, and Q. When the curves run in parallel, the difference between the slopes tends to zero. The black dashed lines indicate a
buffer around zero within which the difference between slopes needs to lie to assume that the flood peak distribution is governed entirely by

the rainfall distribution. The return period beyond which this is the case is referred to as threshold return period.

= Lyz = 1 mm). For impervious catchments, the curves of P, and Q are assumed to run in parallel for all return ods. The
99th percentile of the differences estimated for return periods of 2 years and greater is taken as the buffer within which slope
differences need to lie for the curves to be considered as parallel. To evaluate the sensitivity of the threshold return period to
the definition of the buffer, also the 95th percentile and the maximum are briefly considered.

Finally, the return period from which onward the difference between the slopes of P, and Q is within the buffer is considered
as the threshold return period beyond which the flood peak distribution is governed entirely by the rainfall distribution (Fig.
3). The estimated threshold return periods are compared to catchment characteristics, i.e. to the model parameters which are
varied between model runs and to mean annual precipitation levels.

To analyse whether nonlinear runoff generation leads to heavy-tailed flood peak distributions, the AMS of Q are classified
into two groups based on whether or not there is a process shift in the AMS. A process shift means here that for some but not
all of the flood peak events the storage capacity Ly, was exceeded and the very fast runoff component qy was active. This is
analysed for AMS of Q of different lengths, namely 60, 200, 1000 ai i 000 years. This way we can compare results for very
long time series and time series of typically observed lengths. Finally, the relation of the tail behaviour of P and Q is assessed

for the two groups and the four different time series lengths.

3 Results

Using a hybrid local-global sensitivity analysis, the model parameters most relevant for the exceedance of the storage capacity
Lyz (see Fig. 2) were identified. The three most relevant parameters are: the upper subsurface storage capacity itself (Lyz), the
maximum soil moisture storage (FC), and the percolation rate from the upper to the lower subsurface storage (Cpgrc) (Fig. 4).
It is not surprising that the value of the storage capacity itself is most relevant for how frequently it is exceeded. FC affects

how much water enters the subsurface storage, while Cpggrc is one of the parameters affecting the outflow from the subsurface


Note
No, the curves should be superimposed and not only parallel. Please illustrate such curves in the manuscript.

Note
Again, I do not understand why the length of the time series is considered as important and what it should reveal...
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Figure 4. Relevance of six model parameters for the exceedance of the storage capacity Lyz as derived through a hybrid local-global
sensitivity analysis. The sensitivity index describes which share of the total variation in the exceedance of Lyz observed in all model runs of

the sensitivity analysis can be attributed to changes of one specific model parameter.

storage (Fig. 2). In this way, they both have an influence on the amount of water stored in the upper subsurface storage in each
time step, and with that also on whether or not the storage capacity is exceeded.

It is commonly assumed, e.g. in the rational i <:»d, that rainfall over the duration of the time of concentration of a catchment
results in the largest flood peaks (Michailidi et ai., 2018). To analyse whether the rainfall distribution dominates the flood peak
distribution beyond a threshold return period, the precipitation should be examined over this specific duration. To find the
appropriate duration, the differences between slopes of P and Q were estimated for model runs on “impervious” catchments
(FC = Lyz = 1 mm) for durations of P of 1h, 2h, 3h, 6h and 12h. The lowest sum of differences between the slopes — and
with that the closest link between rainfall and flood peaks — was found for a duration ¢ U | (Fig. B1). A time of concentration
of 6h is considered realistic for a catchment of 50 km?. Different formulas for estimating the time of concentration based on
various catchment characteristics result in values of e.g. 2h (Haktanir and Sezen, 1990) or 12h (Ganguli and Merz, 2019). All
subsequent analyses are based on P over this duration (Pgp).

The threshold return period (RP) beyond which the frequency curves of Pg, and Q run in parallel varies between model runs,
i.e. between catchments with different characteristics (Fig. 5). The characteristics considered here are both precipitation char-
acteristics and runoff generation characteristics. In some catchments, the threshold RP is around 2 years — in these catchments,
the maximum soil moisture FC and the threshold of the upper subsurface storage Lz were set to 1 mm each. These catchments
are basically impervious and even small floods are governed entirely by precipitation. For the highest number of catchments,
the threshold RP is between 100 and 500 years. In these catchments, the rainfall distribution governs the flood peak distribution
beyond a RP of 100 to 500 years.


Note
Rational method is not an asumption but a fact if the runoff coeffcient is supposed to be constant : case of impervious watersheds.

Note
The time of concentration clearly depends on the parameters of the RR model. It does not make sense to look for a constant value, independent of the model parameters. Likewise, the time of concentration depends on the dominant processes or flow path in the RR model : i.e. wether fast or slow runoff components dominate. 6 hours of TC for major floods on a 50 km2 watershed seems very high to me. I would rather guess realistic values - again for large floods - between 2 and 3 hours.
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Figure 5. Density plot of the threshold return periods derived in 875 model runs per mean annual precipitation (MAP) level. The number
in brackets indicates for how many model runs a threshold RP was found within 6000 years. The threshold return period describes beyond
which return period the frequency curves of discharge and precipitation run in parallel on a log-log-plot, i.e. beyond which return period the
flood peak distribution is governed by the rainfall distribution. For some catchments no threshold RP was found within 6000 years of annual

maxima.

When grouping the results based on the mean annual precipitation (MAP) level of the P time series used as model input, we
see a shift to lower threshold return periods with increasing MAI g. 5). For the two highest MAP levels, the largest share
of catchments exhibits a threshold RP around 150 years. For the highest MAP of 1004 mm there is also a substantial share of
catchments with threshold RPs below this, while for the medium high MAP of 784 mm many catchments exhibit threshold
RPs beyond 200 years. For the lowest level of MAP, the highest density of threshold RPs is found around 450 years.

For some catchments, no threshold RP was found within 6000 years of annual maxima. In these cases, either no threshold
RP exists or the threshold RP is beyond 6000 years. The first alternative would mean that the rainfall distribution never governs
the flood peak distribution entirely, which is deemed unlil ¢!y based on the literature presented in Sect. 1 and also from physical
considerations. The number of catchments with no threshold RP within 6000 years varies between the different levels of MAP.
While no threshold RP within the considered time series was found in 22 % of the model runs with a MAP of 565 mm, this
was only the case for 2 % of models runs with a MAP of 1004 mm.

To see if the threshold return period is related to catchment characteristics, it was analysed against the three model parameters
that were varied between model runs. The percolation rate to the lower groundwater storage (Cpggre es not show an influence
on the threshold RP (Fig. B2). The other two characteristics, i.e. the maximum soil moisture storage (FC) and the limit of the
upper subsurface storage (Lyz), both quantify water storages in the catchment. The ratio of the combined storages to the MAP

is related to the threshold RP: larger ratios of storage to MAP tend to lead to larger threshold RPs (Fig. 6). Threshold RPs below
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Note
In fact the increasing MAP results in an increasing rainfall event mean precipitation in the proposed Rainfall stochastic model...

Note
I do not agree with that statement. Why should this be unlikely ?

Note
I suspect that the distance between the two curves may be explained by Cperc. Could you verify this ? It would be an important information for an in-depth interpretation of the results.
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Figure 6. The relation of threshold return periods and the ratios of catchment storages to the mean annual precipitation (MAP). Catchment
storages are characterized by the sum of the maximum soil moisture storage FC and the limit of the upper subsurface storage Lyz. Results are
based on 2310 model runs in which a threshold return period within 6000 years was estimated. The threshold return period describes beyond
which return period the frequency curves of discharge and precipitation run in parallel on a log-log-plot, i.e. beyond which return period the

flood peak distribution is governed by the rainfall distribution. Different shades of green arise through different densities of points.

30 years are only estimated for catchments where the combined volume of the storages is less than 7.1 % of the MAP, with one
single exception. In contrast, high threshold RPs beyond 1500 years are only estimated for catchments with storage-MAF -2 ios
greater than 30 %.

The estimation of the threshold RP is based on the somewhat arbitrary definition of the buffer around zero within which
slope differences need to lie to classify curves as parallel. To evaluate different buffer choices and their effect on the resulting
threshold RPs, we considered the 95th, 99th and 100th percentile of the slope differences estimated for impervious model runs
as buffer values. As expected, a wider buffer around zero results in overall smaller threshold RPs. Similarly, the number of
catchments without threshold RP within 6000 years increases as the buffer around zero gets narrower. Plots as the ones in Fig.
5 and Fig. 6 were considered for all three buffer levels along with visual inspections of selected model runs (not shown). When
using the 95th percentile, many model runs with impervious conditions showed threshold RPs beyond 5 or even 10 years. This
is not in line with the assumption that for impervious catchments the frequency curves of Pg, and Q should run in parallel for
all return period . 1 the other hand, using the 100th percentile led to many very low threshold RPs for curves of Pg, and Q

which would not be considered parallel in a visual inspection. Therefore, the 99th percentile is considered the most appropriate.

11


Note
I am convinced that it is not directly the MAP that is controling the response of the RR model, but rather the average event rainfall amount which is proportional to the MAP. Please reformulate the analysis that could be misleading. It is not the storage/MAP ratio which is the explanatory factor but the rainfall event amount / storage ratio...

Note
It is surprising to see that the parameters FC and Luz have almost the same impact on the computed threshold RP... Considering this fact, the analysis could certainly have been further simplified...

Note
Yes, but this is due to the complexity of the model used. Fc and Luz are close to zero, but still Cperc exists and the model combines a fast response and a slow flow component that remain non-negligeable for moderate rainfall events. To evaluate totally impervious situation, it would be necessary to set also Cperc to zero. This will solve two problems : the distributions of P and Q will be parallel but furthermore will be superimposed....
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Figure 7. Shape parameters of Generalized Extreme Value (GEV) distributions fitted to discharge series (£q) against GEV shape parameters
of the precipitation series ({p) that were used to simulate the discharge. Q is considered on an hourly scale, while P is considered on a
6-hourly scale. GEV distributions were fitted to annual maximum series (AMS) of 60 years, 200 years, 1000 years, and 6000 years. Results
are based on 875 model runs of 6000 years — 7 P series with different tail behaviour but same MAP and 5° different parameter sets in the
rainfall-runoff model. An AMS of Q was classified as containing a process shift when for some but not all of the flood peak events a storage

threshold was exceeded and an additional and faster runoff component was triggered.

GEYV distributions are fitted to AMS of different lengths of Q and Pgj,, and their shape parameters compared. In the following,
only the results based on model runs with the medium level of MAP, i.e. 784 mm, are presented. The results for low and high
MAP are qualitatively similar and can be found in Fig. B3. For the entire time series length, i.e. 6000 years, the GEV shape
parameters of Pg, vary between 0.18 and 0.38. For 60-year long subsets they vary between -0.31 ¢ nd ).56 (Fig. 7). As described
in Sect. 2.1, P series with a shape parameter greater than 0.37 were originally excluded. However, this was done for the hourly
P data, while the results presented here are based on 6-hourly P. The <" 'V shape parameters of flood peak distributions vary
between 0.11 and 0.85 for 6000-year long series and between -0.33 and 0.92 for 60-year long subsets. Hence, one rainfall
distribution can result in very different flood peak distributions — even for time series of 6000 years. The range of shape
parameters of Q per shape parameter of P gets even higher for shorte i1 1e series.

The annual maxima of Q for different time series lengths are classified into two groups based on whether or not there is a
process shift in the AMS. An AMS is considered to have a process shift when for some but not all of the flood peak events
the capacity of the upper subsurface storage was exceeded and the very fast runoff component of the model was active. When
comparing shape parameters of Q against those of Pg,, the shape parameters of model runs where no process shift occurred
in the runoff generation scatter closer around the 1:1 line than the ones with process shift. That means that without a process
shift, a higher shape parameter of Pg, tends to lead to a higher shape parameter of Q (Fig. 7). In contrast, the range of shape

parameters of Q in model runs with a process shift is much larger. Overall much higher values are found in these cases, which

12


Note
It is worth noting that Xsi calibrated on the discharge series appear most generally larger than the Xsi value of the rainfall distribution.

Note
The GEV shape parameter is still comprised between 0.18 and 0.38. It is the estimated value, based on a limited size series that varies between -0.31 and 0.56. 

Note
the estimated GEV

Note
As said before, what is evaluated for short tme series are the estimation uncertainties related to sampling variability. It is not directly related to the topic of the manuscript. The focus should be set on the results obtained for the 6000 year series.
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means that flood peak series with a process shift in the runoff generation tend to have ier tails than those without a process
shift.

4 Discussion

Threshold return periods beyond which the rainfall distribution dominates the flood peak distribution were found to vary
depending on catchment characteristics. In many cases the threshold RP is years or larger. This estimate lies between the
GRADEX method and findings from Gaume (2006). Gaume (2006) suggested to consider the “distribution of the maximum
mean rainfall intensity over a duration of the order of the time of concentration of a watershed” for estimating floods with
return periods beyond 500 years. In contrast, in the GRADEX approach, the rainfall distribution is assumed to govern the flood
peak distribution beyond return periods of 10-20 years for impermeable and beyond 50 years for more permeable catchments
(Naghettini et al., 2012). While for a few cases with small water storages we did find threshold RPs below 20 years, we
estimated larger threshold RPs for the majority of cases. A similar range of threshold RPs was found by Brunner et al. (2021)
in relating future changes in precipitation magnitudes with future changes of flood magnitudes for 78 catchments. They found
that above a certain threshold RP, future increases in rainfall translate to increased flood magnitudes while for smaller events
this is not the case. The threshold RPs that they estimated range between 10 and 200 years.

The density curves of the estimated threshold RPs (Fig. 5) show some distinct peaks at e.g. 150 years and 450 years. This is
most likely due to small peculiarities in the rainfall distributions which might lead to the cumulation of a spe threshold RP.
If one rainfall distribution has a slight bump in the slope at a RP of 150 years, we might estimate a threshold RP of 150 years —
rather than a little below or above that — for many model runs with this rainfall as input. We addressed this issue by first using
locally estimated scatterplot smoothing before calculating slopes, but could not elimirate it completely. We expect these peaks
to be smoothed out if more than 7 different rainfall time series are used as modelli..; .nput.

In some catchments, the rainfall distribution and flood peak distribution do not run in parallel at all within 6000 years. This
means that either the threshold RP is beyond 6000 years or it does not exist. The latter is deemed unl kel based on the reviewed
literature (e.g. Gaume, 2006; Merz et al., 2022) and hydrological process understanding. Every catchment should be saturated
eventually if the precipitation is extreme enough, and the corresponding part of the flood peak distribution should then be
governed entirely by the rainfall distri »u:t1on. In addition, the share of catchments where no threshold RP was detected within
6000 years decreases with incre¢<in ; MAP. This suggests that for very high MAP, all catchments would have a threshold RP
within 6000 years. It also clearly supports the assumption that not detecting a threshold RP within 6000 years simply means
that it occurs at an even larger RP.

Larger ratios of catchment storage to MAP are found to lead to higher threshold RPs. This is explained as follows: the smaller
the storage, the more frequent it fills up and saturation excess runoff is triggered. This means that already for small rainfall
events, i.e. with a low RP, saturation can be reached and therefore rainfall also starts to dominate the flood peak distribution
for lower RPs. Similarly, Rogger et al. (2013) found that the RP of a step change in the flood frequency curve increases with

increasing storage deficit in a catchment. The relation depicted in Fig. 6 allows to estimate threshold RPs without the use of
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Note
Be careful in the interpretations. As is said earlier in the manuscript, the tail of the Q distribution is constrained by the distribution of P. The high estimated shape parameters are not characterizing the tails of the Q distribution but a transition phase beteween frequent floods controled by infiltration and rare floods dominated by fast runoff components... Be more accurate in your comments. 

Note
This threshold return period is related to the RR model used an its parameters. Do not try to extrapolate the conclusions to real life...

Note
I do not understand this eliptic sentence. Please explain what you mean with peculiarities in the rainfall...

Note
Really unclear and not convincing. Illustrate the conducted tests and the "bump" or remove this explanation.

Note
Why unlikely. On the contrary, Gaume et al (2006) concludes that the range of possibilities for the shape of the Q distribution is large.

Note
Yes, but the return period of the saturating rainfall event may be extremely large...

Note
Yes of course, this is trivial.
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streamflow observations, simply by estimating the ratio of catchment storages to MAP. This assumes that the found relation
between storage-MAP-ratio and threshold RP can be transferred to the real worl |- |0 test this, comparisons with real-world
observations and further studies using e.g. other hydrological models would be required.

The percolation rate to the lower subsurface storage does not show an effect on the threshold R P Vhile it does affect the
water level in the upper subsurface storage, it seems to do so on a longer timescale then is relevant for the generation of very
fast runoff during heavy rainfall events. In their study on future changes, Brunner et al. (2021) found that the threshold RP
beyond which increases in precipitation translate to increases in flood magnitude is modulated by elevation, season and event
type. While we did not analyse those characteristics here, similar influences can be expected for the link between rainfall and
flood peak distributions studied here as for the link between future changes. For example, Brunner et al. (2021) found a much
lower threshold RP in high-elevation catchments compared to low-elevation catchments. This aligns with our finding of lower
threshold RPs for lower catchment storages, assuming that high-elevation catchments u: ual'y exert lower subsurface storage
capacities.

We found that the same rainfall distribution can result in flood peak distributions with very different tail behaviour, indepen-
dent of the time series length. This is in line with the findings from McCuen and Smith (2008) and Gottschalk and Weingartner
(1998). It might seem counterintuitive that even for 6000-year long time series the GEV shape parameter of the flood peak
distribution can vary strongly from the shape parameter of the rainfall distribution, even though we found that the frequency
curves of P and Q run in parallel within 6000 years for most catchments. However, even when the tail of the rainfall distribution
controls the tail of the flood peak distribution, both distributions do n~*~ecessarily have the same shape parameter. The shape
parameter quantifies the tail behaviour of a distribution, but fitting the wistribution takes all annual maxima into account. This
means that also the smaller annual maxima — where frequencies of P and Q usually still vary — have an effect on the GEV shape
parameter.

Higher shape parameters of rainfall distributions tend to lead to higher shape parameters of flood peak distributions, but
the variability is large. However, for time series longer than 200 years and shape parameters of P greater than 0.2, the shape
parameter of P seems to be a kind of lower bound for the shape parameter of Q (Fig. 7). A heavy-tailed rainfall distribution does
not lead to a light-tailed flood peak distribution. This is different for time series of 60 yea rainfall distribution with a shape
parameter of around 0.2 can also result in a flood peak distribution with a shape parameter well below zero. This might be an
artefac the short time series as we do not see this for the longer series. For long series of P with a heavy-tailed distribution
it is more likely that some extreme discharge events are generated which can make the tail of the flood peak distribution heavy.
For shorter time series, such events are not always included in the series. When fitting a GEV distribution to observed flood
peaks it could therefore be useful to use the shape parameter of the rainfall distribution as a lower bound for the shape parameter
of the flood peak distribution — especially when the observed record of precipitation is longer than that of streamflow.

Some of the estimated shape parameters of flood peak distributions are higher than what has been previously estimated for
observed data in Germany. At 480 gauges in Germany and Austria, the maximum shape parameter estimated for observed
streamflow records of at least 60-years length is 0.471 (Macdonald et al., 2022). There are several reasons why we find even

heavier tails in the simulated streamflow series. Firstly, not all model runs necessarily represent realistic catchment conditions
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Note
Again, even if compex the RR model used remains simplistic if compared to reality. Be prudent when extrapolating to real-world !!!

Note
Yes but it has a major influence on the final result : distribution of Q parallel to the distribution of P rather than superimposed. It is really unfortunate that you missed this aspect.

Note
Some publications came to the opposite conclusions : high-elevation catchments have larger subsurface storage capacities due to the deep fracturation and weathering of the bedrock and to the importance of moraines (I am not able to find the paper I am thinking of...).  

Note
Confused ! Again do not say that the Shape parameter characterizes the tail of the distribution. Q and P tails are obviously identical - at least their shape parameters). Here Xsi is calibrated on the entire series which is also obviously not corresponding to a GEV distribution. The computed value reveal the existence of a transition phase in the simulated distributions and do not characterize the tail of the distribution. 

Note
The results obtained for short time series introduces confusion rather than information and this is mainly because the authors confuse the value of the parameter of the underlying distribution and its estimated values based on limited size samples.

Note
It is not an artefact, it is the result of sampling variability and its effect on estimation of parameters.
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that could be found in Germany and Austria. While each model parameter individually was varied over a plausible range, we
considered all combinations of the parameter values without checking if the combinations are reasonable as well. The high
shape parameters of flood peak distributions are not linked to specific values of one parameter, but combinations of parameter
values lead to this behaviour. For example. some combinations result in flood frequency curves with very sharp and large step
changes, similar to the one depicted in Fi_ 7 Lastly, we use some P time series as input for which the distribution shows heavier
tails than for observed P time series. As mentioned before, the maximum shape parameter for observed rainfall distributions
in Germany is 0.33 (Vorogushyn et al., submitted) and we use values up to 0.37. Papalexiou and Koutsoyiannis (2013) argue
based on 15,000 precipitation records world-wide that when correcting for the record length the “true” shape parameter is even
expected to be in the range between 0 and 0.23 with 99 % confidence. Since we want to see the whole spectrum of what could
potentially be possible, we decided against further narrowing the range of shape parameters of rainfall distributions used as
input, against limiting the parameter combinations and against filtering out frequency curves that look different to what has
been observed so far.

When there is no process shift in the runoff generation, the shape parameter of Q is more closely related to the shape
parameter of P compared to cases with a process shift. In the cases with a process shift in the runoff generation, the shape
parameter of Q can be lower than the shape parameter of P — especially for short time series length — but for the majority of
model runs it is much higher. In general, much higher shape parameters of Q are found when a threshold process is present in the
runoff generation, i.e. this nonlinear behaviour of the runoff generation leads to he == r tails of flood peak distributions. Several
studies have linked threshold processes in the runoff generation to step changes in flood frequency curves (e.g. Kusumastuti
et al., 2007; Struthers and Sivapalan, 2007; Rogger et al., 2012), but now we showed that they also lead savier tails of flood
peak distributions.

In this study, we fit one GEV distribution to the data even when we know that there is a process shift in the runoff generation,
which actually violates the assumption of independent and identically distributed v 111 :s for distribution fitting. Having values
from two different sub-distributiciis. i.e. below and above the threshold, would require a mixture distribution (e.g. Fischer,
2018). However, in practice and for observed values we usually do not know if the values are from different sub-distributions
and therefore simply fit one GEV distribution to the entire observed data. We did the same here to make the results more
relatable and applicable to observed time series. A detailed discussion about such differences between the statistical and
hydrological perspective on GEV distributions and their tail behaviour can be found in Merz et al. (2022).

For return periods mainly relevant to flood risk management, i.e. 30-200 years, runoff generation is a more pronounced
control of flood peak tail behaviour than precipitation. Assuming that the rainfall distribution can be used to extrapolate the
flood peak distribution from a return period of 20 or 50 years onwards, as for example in the GRADEX method (Naghettini
et al., 2012), should only be done with care — threshold processes in the runoff generation can strongly affect frequency curves.
Approaches like the GRADEX method should only be used for high RPs or if it can be ruled out that process shifts in the
catchment response might occur for larger events. If within a short, observed time series there are any hints that different
processes act for the largest events than for the smaller ones, it makes sense to assume a heavy tailed distribution even if the fit

to the data is not heavy tailed. Such hints could be for example when distinctively higher runoff coefficients or shorter event
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Note
Too long comment to mention that the RR simulations may not be realistic, even for extreme events. An explanation that has been overseen by the authors is that the generated sample is much larger than the available measured sample and hence, the probability to observe large estimated shape values is higher in the simulated sample. If a comparison between simulated and observed values had to be conducted the distribution of both estimates had to be compared and not only the maximum values.

Note
Again, the tail of Qdistributios is not heavier !!!! Be accurate please !

Note
NO, no and no ! You do not show that Q tails are heavier ! Never !

Note
Why does the shift violate the assumption of IID ? Here you make a confusion between physical processes and statistical properties... Measurement errors have various possible sources, but series of measurement errors are considered and studied as iid Gaussian variables in statistics. Please remove this sentence. 

Note
I am not sure that this clumsy part of the discussion is really useful. PLease remove or reformulate. Mixture distribution is not a solution, but one conclusion can be that the distribution of Q may not ressemble any simple shape statistical distribution and that the common practice consisting in fitting such a distribution to short measured AM series is risky. 
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time scales are estimated for the largest observed events compared to smaller ones (Macdonald et al., 2022; Rogger et al.,
2012).

The findings from this study are limited in the way that they do not include effects of spatial variability or different catchment
sizes. Increasing spatial variability leads to a decrease in step changes in flood frequency curves as not all areas generate
overland flow at the same time (Rogger et al., 2013). It is not clear if this would also affect the value of the threshold RP
beyond which the rainfall distribution dominates the flood peak distribution. To address this, the simulations would have to be
repeated with spatial variability of rainfall and runoff characteristics instead of using a spatially lumped model. Along with this,
the catchment size could be increased and results evaluated for sub-basins of different spatial extent. However, in such a set-up,
tail heaviness could be affected by a combination of catchment size, sub-basin response, spatial organization and river routing
characteristics, making it difficult to isolate the effects of precipitation and runoff generation. Furthermore, our findings are
based on synthetic catchments and simulation runs. While such an approach has major advantages like the generation of long
time series, results are not always directly transferable to the real world. However, Brunner et al. (2021) concluded that there
is a “growing body of real-world evidence” suggesting that a precipitation-flood response threshold exists across a wide range
of hydrologic and hydroclimatic regimes (e.g. Do et al., 2020; Wasko and Nathan, 2019; Bertola et al., 2020). This strongly

supports the transferability and relevance of our findings for real-world catchments.

5 Conclusions

Both runoff generation processes and rainfall characteristics are assumed to affect the tail behaviour of flood peak distributions.
Rainfall distributions have been suggested to govern flood peak distributions beyond a certain return period. Here, we analysed
where such a threshold return period lies and if this is linked to catchment characteristics. In addition, we were interested in
processes that govern flood peak tail behaviour for return periods below this threshold return period. In particular, we analysed
whether nonlinear runoff generation that is caused by threshold processes leads to heavy-tailed flood peak distributions. To
address these questions, we used a simulation-based approach consisting of a weather generator and a rainfall-runoff model.
Long time series of precipitation and streamflow were generated and their tail behaviour subsequently assessed.

We found that the threshold return period (RP) beyond which the rainfall tail dominates the flood peak distribution varies
strongly between catchments. For the majority of the analysed synthetic catchments, the threshold RP lies between 100 and
500 years. Overall, threshold RPs from below 2 years to beyond 6000 years were estimated. We found that the threshold RP
increases with an increasing ratio of catchment storage to mean annual precipitation ( V!~ P). The larger the storage-MAP-ratio
in a catchment, the higher is the threshold RP beyond which the rainfall tail dominates the tail of the flood peak distribution.

When comparing the shape parameters of Generalized Extreme Value (GEV) distributions fitted to precipitation and dis-
charge, we found a much larger variability for the latter than for the fir .. 'ndependent of the time series length, the same
rainfall distribution can result in flood peak distributions that differ strongly in their tail behaviour. For time series of 200 years
and more, the shape parameter of the rainfall distribution appeared like a lower bound for the shape parameters of the resulting

flood peak distributions. When fitting a GEV distribution to observed flood peaks it could therefore be useful to assume the
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Note
In fact, the mean annual precipitation controls here the mean event rainfall depth in the generator. Recall this to avoid missinterpretation of the sentence.

Note
This is of course a trivial result since sources of variabilities have been introduced in the RR model to generate the distributions of Q.
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shape parameter of the rainfall distribution as the lowest possible value for the shape parameter of the flood peak distribution.
This can be especially useful when the observed record of precipitation is longer than that of streamflow, so that for the rainfall
tail more robust estimations can be achieved than for the flood peak tail.

Threshold processes in the runoff generation were found to lead to hez tails of flood peak distributions. Catchments where
a process shift in the runoff generation occurred had generally flood peak distributions with higher GEV shape parameters than
the ones without process shift. The process shift considered here is caused by a threshold in the upper subsurface storage. When
this threshold is exceeded, an additional and faster runoff component is triggered. This finding suggests that if within a short,
observed time series there are any hints that different processes act for the largest events than for the smaller ones, it might be
useful to assume a heavy tailed distribution even if the distribution originally fitted to the data is not heavy-tailed.

Overall, both rainfall and runoff generation were found to be important controls of the tail behaviour of flood peak distri-
butions. The runoff generation can strongly modulate tail behaviour, especially through threshold processes. Beyond a certain
return period, the influence of catchment processes decreases and the tail of the rainfall distribution starts to dominate the tail
of the flood peak distribution. Beyond which return period this is the case depends on catchment characteristics, in particular
on catchment storage in relation to mean annual rainfall amount. In many catchments, the runoff generation is found to be a
more pronounced control of flood heavy tails than precipitation for return periods which are mainly of interest to flood risk
management. However, these findings are based on small, spatially homogeneous catchments. Future studies should address
the effect that spatial variability and catchment size have on flood peak tail behaviour and its relation to runoff generation and

rainfall characteristics.
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Appendix A: Model parameters

Table A1l. Parameter values and ranges of the TUWmodel as they are used in the sensitivity analysis (SA) and in the final model runs (MR).
Ranges are based on Parajka et al. (2007), fixed values are based on Merz et al. (2011). A schematic of the model structure with the model

parameters can be found in Fig. 2.

Model parameter Range in SA  Fixed valuein MR  Range in MR
Tr — Threshold temperature for rainfall [°C] 1.0-3.0 2.0

Ts — Threshold temperature for snowfall [°C] -3.0-1.0 0

SCF - Snow correction factor [-] 0.9-1.5 1.12

Ty — Threshold temperature for snowmelt [°C] -2.0-2.0 0

DDF - Degree day factor [mm/°C/h] 0.0042-0.21 0.075

FC — Maximum soil moisture storage [mm] 1-300 1-200
LP — Limit for PET [-] 0.75-1 0.9

BETA - Nonlinearity parameter [-] 1-10 3.2

Luyz — Threshold storage state [mm] 1-100 1-80
Cperc — Constant percolation rate [mm/h] 0.00042-0.25 0.00042 - 0.25
ko — storage coeff. for very fast response [h] 2.4-36 10.56

ki — storage coefficient for fast response [h] 48-720 240

k» — storage coefficient for slow response [h] 720-6000 2760

Bmax — Maximum base at low flows [h] 2.4-720 120

Croute — Free scaling parameter [h*/mm)] 0.1-24%-50-24 25.24%
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Appendix B: Additional figures
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Figure B1. Sums of absolute differences between the slopes of discharge (Q) and precipitation (P) frequency curves for different durations
of P. Local slopes of log(Qawms) and log(Pawms) against their return period were estimated for 105 model runs on impervious catchments for

each duration of P. The smaller the sum of absolute differences, the closer a duration of P is linked to Q.
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Figure B2. The relation of threshold return periods and the percolation rate from the upper to the lower subsurface storage (Cperc). Results
are based on 2310 model runs in which a threshold return period within 6000 years was estimated. The threshold return period describes
beyond which return period the frequency curves of discharge and precipitation run in parallel on a log-log-plot, i.e. beyond which return

period the flood peak distribution is governed by the rainfall distribution.
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Figure B3. Shape parameters of Generalized Extreme Value (GEV) distributions fitted to discharge series (£q) against GEV shape parameters
of the precipitation series (£p) that were used to simulate the discharge. Q is considered on an hourly scale, while P is considered on a 6-
hourly scale. GEV distributions were fitted to annual maximum series (AMS) of 60 years, 200 years, 1000 years, and 6000 years. For each
level of mean annual precipitation (565 mm and 1004 mm), results are based on 875 model runs of 6000 year — 7 P series with different tail
behaviour but same MAP and 5° different parameter sets in the rainfall-runoff model. An AMS of Q was classified as containing a process
shift when for some but not all of the flood peak events a storage threshold was exceeded and an additional and faster runoff component was

triggered.
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